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Supplementary Tables 

Table S1 

      

Characteristics of included primary studies 
Study 

First author 
Publication year 

N age  
M (SD) 

Female 
(%) 

Questionnaire  
M (SD) 

Stimulus 
Type 

Task 
Ratings 

Benzait et al. (2023)76  17 31.4 
(9.1) 

35% ERQ: 4.5 (0.9) pictures  

Berboth et al. (2021)55 25 22.8 
(3.0) 

84% ERQ: 2.6 (0.7) pictures x 

Brehl et al. (2021; 
partially unpublished) a 

242 22.9 
(5.1) 

73% FEEL-E: 22.7 
(4.0) 

pictures x 

Burghart et al. 
(unpublished) 

31 23.4 
(4.1) 

100% ERQ: 5.0 (0.8) pictures x 

Diers, Gärtner et al. 
(2023)*77 

39 24.6 
(4.2) 

66% ERQ: 4.7 (0.8) pictures  

Dörfel et al. (2014; 
distancing)78 

16 23.7 
(6.7) 

100% ERQ: 4.6 (1.1) pictures  

Dörfel et al. (2014; 
reinterpretation)78 

19 22.4 
(2.7) 

100% ERQ: 4.4 (1.1) pictures  

Gaebler et al. (2014)79  23 30.0 
(8.0) 

78% ERQ: 4.8 (1.2) pictures  

Diers et al. (2021)80 
Gärtner et al. (2019)81  

37 25.2 
(4.4) 

53% ERQ: 4.6 (0.9) pictures  

Gianaros et al. (2020; 
AHAB-II)82  

163 42.7 
(7.1) 

48% ERQ: 5.0 (0.9) pictures x 

Gianaros et al. (2020; 
PIP)82 

176 40.1 
(6.3) 

51% ERQ: 5.0 (0.9) pictures x 

Glosemeyer et al. 
(2020)83 

15 24.0 
(3.1) 

53% ERQ: 4.1 (0.9) cyberball x 

Hofhansel et al. 
(2023)84 

16 34.7 
(10.2) 

0% NA game  

Jentsch et al. (2019)85  30 23.7 
(3.4) 

47% ERQ: 4.5 (1.3) pictures x 

Powers et al. (2022)86  40 25.5 
(4.7) 

70% ERQ: 4.8 (0.9) pictures x 

Wessa et al. 
(unpublished) 

89 30.0 
(14.0) 

55% ERQ: 27.0 
(6.0) 

pictures x 

Kim et al. 
(unpublished) 

33 23.0 
(2.1) 

52% ERQ: 4.8 
(1.1) 

pictures x 

LaBar et al. 
(unpublished)b 

53 55.0 
(12.2) 

62% ERQ: 4.6 (1.0) Autobio-
graphical  
memory 

cues 

x 

Marín-Morales et al. 
(2022)87  

29 38.3 
(8.2) 

0% CERQ: 11.9 
(11.9) 

pictures x 

Min et al. (2022)88 105 22.8 
(2.7) 

49% ERQ: 29.5 
(6.0) 

pictures x 

Morawetz et al. 
(2016)89  

23 22.9 
(3.6) 

65% ERQ: 2.9 (1.1) videos x 

Morawetz et al. (2016; 
pictures)c,56  

59 32.4 
(11.2) 

33% ERQ: 3.0 (1.0) pictures x 

Morawetz et al. (2016; 
videos) c,56 

59 32.4 
(11.2) 

33% ERQ: 3.0 (1.0) videos x 
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Morawetz et al. 
(2019)90  

29 24.5 
(5.2) 

81% ERQ: 2.9 (1.1) pictures x 

Morawetz et al. 
(2020)91  

35 23.0 
(3.4) 

82% ERQ: 3.1 (1.0) pictures x 

Morawetz et al. 
(2021)92  

37 22.0 
(3.7) 

87% ERQ: 2.8 (1.1) pictures x 

Mulej Bratec et al. 
(2015)93  

20 24.8 
(2.3) 

100% ERQ: 5.1 (0.5) pictures x 

Müller-Pinzler et al. 
(unpublished) 

15 24.0 
(3.1) 

53% ERQ: 4.0 (0.9) pictures x 

Huneke et al. 
(unpublished)d 

18 25.6 
(5.6) 

67% ERQ: 5.4 (0.7) pictures x 

Pierce et al. (2022)94 110 43.6 
(18.1) 

57% ERQ: 5.4 (1.2) pictures x 

Paschke et al. (2016)95  115 26.1 
(3.8) 

51% ERQ: 3.5 (1.1) pictures x 

Rehbein et al.  
(2021; sample 1)96  

15 23.9 
(4.6) 

100% ERQ: 30.8 
(3.8) 

pictures x 

Rehbein et al.  
(2021; sample 2)96 

16 23.1 
(3.2) 

100% ERQ: 29.1 
(5.3) 

pictures x 

Sandner et al. (2021)97  38 25.0 
(4.0) 

50% CERQ: 15.3 
(3.6) 

pictures x 

Doren et al. 
(unpublished) 

139 39.5 
(11.9) 

6% ERQ: 27.0 
(5.5) 

pictures x 

Guendelman et al. 
(2022)98  

55 38.5 
(10.0) 

83% CERQ: 13.9 
(3.7) 

pictures x 

Sokołowski et al. 
(2022)99  

83 21.7 
(1.8) 

49% CERQ: 14.6 
(3.4) 

pictures x 

Steward et al. 
(2021)100  

92 20.0 
(2.8) 

54% ERQ: 30.5 
(6.4) 

pictures x 

Lloyd et al. (2021)101  59 69.5 
(7.7) 

50% CERQ-SF: 6.1 
(2.0) 

pictures x 

Tupitsa et al. (2023)102  19 27.0 
(5.0) 

55% CERQ-SF: 8.2 
(1.4) 

pictures x 

Note. The task ratings column indicates whether task-based affective ratings were present. Only 
ratings given during the task were considered (e.g., not after the task). Sample size varied slightly 
depending on the outcome in some studies. Therefore, the sample sizes for questionnaires are 
reported in this table for simplicity, as these were the lower bound of sample sizes for the three 
outcomes. For questionnaires authors provided the subscales most indicative of cognitive 
reappraisal. These were for the reappraisal scale for the ERQ (Emotion Regulation Questionnaire), 
the positive reappraisal scale for the CERQ (Cognitive Emotion Regulation Questionnaire), and the 
re-evaluation scale for the FEEL-E (Fragebogen zur Erhebung der Emotionsregulation bei 
Erwachsenen). Sample sizes may differ between table entries and referenced studies due to 
multiple factors (e.g., different inclusion/exclusion criteria, missing data, continued data collection). 
*first author used for study identifiers in case the sample was linked to multiple equivalent 
publications 
afMRI-specific results currently unpublished 
bPublished after submission as Graner et al. (2026)103  
cBoth studies tested the same participants. Their effect estimates were therefore averaged for all 
analyses to avoid double-counting participants and inflating statistical precision. 
dPublished after submission as Huneke et al. (2026)104.  
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Supplementary Figures 

 

 

 

 

Figure S1. Statistical power for correlations between reappraisal capacity indices 

Statistical power for random-effects meta-analyses as a function of hypothetical effect sizes 
for the correlations between the three outcomes at τ = .07 based on an analytic approach105. 
Sample sizes corresponded to the three pairwise meta-analyses: task-based affective ratings 
and amygdala down-regulation (k = 26, N = 1,377), trait questionnaires and task-based 
affective ratings (k = 28, N = 1,397), and trait questionnaires and amygdala down-regulation 
(k = 33, N = 1,833). 
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Figure S2. Flowchart of literature search and screening procedure  

Flow diagram adapted from the PRISMA 2020 flow diagram template106. 
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Figure S3. Effect-size prior for Bayesian meta-analysis 

Prior distribution of effect sizes for Bayesian meta-analysis based on a normal moment 
prior107 approximating the effect size distribution in individual difference research108.   
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Figure S4. Heterogeneity prior for Bayesian meta-analysis 

Prior distribution of between-study heterogeneity (τ) for Bayesian meta-analysis based on the 
empirical distribution of over 700 meta-analyses109. 
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Supplementary Methods 

Testing the custom meta-analytic functions 

All steps for code quality checks can be found and reproduced using the MATLAB file 

“testMetaAnalysisFunction.m” on the GitHub repository. The meta-analytic code was tested 

in three steps. First, we tested the convergence of the core function with the results from the 

established R package meta and an in-built dataset110, indicating perfect agreement. Second, 

we assigned this dataset to an fmri_data object and tested whether our image-based function 

leads to identical results. Here, a deviation after seven decimal places was observed, which was 

due to the conversion from double to single precision arrays when using CanlabCore fmri_data 

objects. This is not an issue when using fMRI-based image data, which are loaded with single 

precision by default. Third, we searched for openly accessible study-wise group-level t-maps 

on NeuroVault for the contrast [painful stimulus - non-painful stimulus] to perform a small ad-

hoc meta-analysis. We chose pain, as its neurobiology is relatively well understood and core 

regions replicate relatively well across different designs, making it a viable ground truth model. 

Here, we found seven matching images. One was removed due to insufficient coverage, leading 

to a sample size of k = 6 and N = 279. A list of permanent NeuroVault identifiers to retrieve 

the images can be found in the file “studyInfo_neurovault.xlsx” in the GitHub repository. The 

results of the final code for image-based random effects meta-analysis led to converging results 

with a recently published image-based meta-analysis on pain111 (Figure S5) and were decoded 

as pain using Neurosynth at an image-topic correlation of r = .44, which is a relatively large 

correlation in our experience with this procedure. The previous meta-analytic results were 

slightly above this decoding precision (r = .54), which should be expected based on their larger 

sample size. 
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Figure S5. Validation of the custom image-based meta-analytic procedure 

Comparison of a small ad-hoc meta-analysis with our custom code and previous meta-analytic 

results111. Yellow voxels reflect activations, blue voxels reflect deactivations during pain processing 

(FDR-corrected at q = .05, two-sided). Note that the latter had a much larger sample size and was 

based on a systematic literature review, explaining the larger number of significant effects.  
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Power Analysis 

We performed simulation-based sensitivity analyses to assess the statistical power of 

our voxel-wise analyses to detect a small population correlation of 𝑟 = .10. We simulated 

scenarios with an increasing number of true clusters (1–4). Between-study heterogeneity was 

set to τ = .06, corresponding to the third quartile in our empirical data, and supplemented by an 

additional simulation at τ = .08 as a more conservative scenario. 

Four anatomically distinct, non-contiguous clusters were defined within the 

preregistered network of interest. Cluster sizes were 800, 500, 300, and 200 voxels. To avoid 

artificially inflated power estimates that would arise from assuming independence across 

clusters, study-level cluster effects were simulated jointly according to the empirical 

correlation matrix of these four regions. 

Power analyses were conducted for four nested scenarios: first, only the largest cluster 

was assigned a true effect; second, the two largest clusters; third, the three largest clusters; and 

fourth, all four clusters. Each scenario was simulated across 1,000 iterations. Power was 

quantified as the proportion of iterations in which at least one true cluster was detected after 

false discovery rate correction, either within the preregistered network of interest or across the 

whole brain. The results are shown below in Figure S6. 

While the reliable ground truth of typical between-person effects in fMRI is unclear112, 

our cluster sizes were guided by those reported in previous meta-analyses on clinical group 

differences in emotion regulation113,114. 

The necessary sample size for a single hypothetical study aiming to detect the reported 

correlation between amygdala down-regulation and task-based affective ratings (r = .08416) at 

80% power was calculated using the WebPower package (v0.9.4)115. 
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Figure S6. Statistical power for voxel-wise meta-analyses 

Statistical power to detect at least one true cluster as a function of the number of simulated true 

clusters and their corresponding total voxel extent. Power was estimated across 1,000 

simulation iterations for each scenario. Simulations were based on the empirical consortium 

design and assumed a population correlation of r = .10, with between-study heterogeneity of τ 

= .06 or τ = .08. Four non-contiguous clusters within the preregistered network of interest were 

considered, with sizes of 800, 500, 300 and 200 voxels. Results are shown separately for FDR 

correction within the preregistered network of interest and across the whole brain. Power 

reflects the proportion of simulation iterations in which at least one true cluster was detected 

after FDR correction (q < .05, two-sided). 

Meta- vs mega-analytic approaches 

We performed custom simulations to demonstrate that the relative equivalence of 

random effects mega- and meta-analysis holds for our targeted analyses. Datasets were 

simulated with a population correlation of r = .20 and between-study heterogeneity of τ = .10. 

The number of simulated studies and their respective sample sizes were fixed to those for the 

voxel-wise correlations with trait questionnaires (k = 37, N = 2091). In total, 2000 iterations 

were simulated. 
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Mega-analysis was performed using lme4116. Study-wise data were z-transformed 

using their individual mean and standard deviation. This brings mega-analytic estimates to 

the same standardized correlation scale as the meta-analytic estimates to allow clear 

comparisons. Moreover, this is a reasonable preprocessing step in fMRI mega-analysis due to 

arbitrary scale differences between studies given different fMRI measurement protocols. It 

further removes the necessity for fixed and random study-wise intercepts, as they are set to 0 

for individual studies by z-transformation, removing the disadvantage that mega-analysis 

would otherwise have to estimate a larger number of parameters than meta-analysis. The 

correlation-metric slopes were allowed to vary across studies (i.e., random slopes), which 

mirrors the assumption of between-study heterogeneity in effect sizes of random effects 

meta-analysis, which is a crucial step for both approaches117,118. 

The main results are shown below (Figure S7). The left panel shows the mean 

correlation estimate and its standard deviation across simulations. The discrepancy between 

mega- and meta-analytic estimates was minimal at Δr = .006. Both approximated the 

population effect size well. The right panel shows the precision of the estimates, 

operationalized as the width of 95% confidence intervals. The difference was again minimal 

at Δ95% CI = 0.003. 

Figure S8 further shows how statistical power would have differed if a lower number 

of studies was included due to data sharing barriers, exemplary for a population correlation of 

r = .10 across 1000 true positive voxels with Bonferroni correction over 10,000 voxels to 

allow analytical solutions. For simplicity, each included study had a study-wise sample size 

of n = 57, corresponding to the average sample size in our empirical consortium sample. A 

lower number of studies would have substantially reduced statistical power, especially with 

increasing between-study heterogeneity. 
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Figure S7. Comparison of meta- and mega-analytic estimates 

Comparison of random-effects meta-analysis and random-effects mega-analysis 

across 2,000 simulated datasets. Each simulated dataset comprised k = 37 studies and N = 

2,091 participants, matching the empirical consortium sample used for voxel-wise 

correlations with trait questionnaires. Data were simulated with a population correlation of r 

= .20 and between-study heterogeneity of τ = .10. The left panel shows the distribution of 

estimated correlations across simulations; points indicate mean estimates and the dashed 

horizontal line indicates the true population correlation (r = .20). The right panel shows the 

distribution of 95% confidence-interval widths across simulations; points indicate mean 

interval width. Violin plots show the distribution across simulated datasets. 
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Figure S8. Statistical power as a function of the number of included studies 

Statistical power to detect at least one true effect as a function of the number of included 
studies, with corresponding total sample sizes shown on the upper x-axis assuming n = 57 
participants per study. Power was calculated for a population correlation of r = .10 and three 
levels of between-study heterogeneity (τ = 0, .15, and .30). The calculation assumed 1,000 
true-positive voxels, corresponding to 45 effective independent tests after accounting for the 
spatial covariance structure. Statistical significance was assessed using a two-sided 
Bonferroni-corrected threshold of α = .05/10,000. The dashed horizontal line indicates the 
conventional 80% power threshold. 
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