
The significance gap: statistical significance rates decrease from
primary literature to effects used in ecological meta-analyses

Danijela Žanko1, Antica Culina1,*

1Laboratory for Informatics and Environmental Modelling, Division for Marine and

Environmental Research, Ruđer Bošković Institute, Bijenička Cesta 54, 10000 Zagreb, Croatia

*Corresponding author: Antica Culina (aculina@irb.hr)

ORCID: Danijela Žanko 0009-0005-0436-0796; Antica Culina 0000-0003-2910-8085

1

mailto:aculina@irb.hr
https://orcid.org/0009-0005-0436-0796
https://orcid.org/0000-0003-2910-8085


The significance gap: statistical significance rates1

decrease from primary literature to effects used in2

ecological meta-analyses3

4

Abstract5

Publication bias is widely considered a major threat to ecological synthesis, yet whether6

significance rates observed in the general literature are reflected in studies used in meta-7

analyses remains unknown. Using two large, independent datasets—26,547 results from 3598

primary studies and 104,418 effects from 17,879 studies included in 464 ecological meta-9

analyses—we quantify a “significance gap” across the research-to-synthesis pipeline. In10

primary studies from the general literature, 49.7% of individual results were statistically11

significant. However, 98.9% of these studies contained at least one significant result. Among12

individual effects extracted for meta-analyses, 41.1% were significant, but only 63.6% of the13

contributing studies contained at least one significant effect. Rarefaction analysis showed14

that much of the disparity in study-level significance rates between the two datasets dimin-15

ishes, yet persists, when equalised to the same number of effects per study. These patterns16

suggest that publication bias operates mainly at the study level: studies apparently need17

at least one significant finding to be published, but once published, they freely report null18

results alongside the significant ones. By extracting effects beyond the headline findings,19

meta-analyses may partly counteract rather than reinforce publication bias.20

Keywords: evidence synthesis, meta-research, scientific publishing, effect size, statistical21

significance22

Synthesis23

Nearly all published ecological studies contain at least one statistically significant result, yet24

only half of the individual results reported in these studies are significant. Meta-analyses show a25

sharp drop in the study-level significance rate, while the overall prevalence of significant effects26

is only moderately lower. This “significance gap” suggests publication bias acts as a study-level27
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filter, and that meta-analyses may partly dilute bias by extracting results beyond the headline28

findings.29

1 Introduction30

In ecology, meta-analyses increasingly guide conservation policy, management decisions, and31

theoretical development. Yet, the validity of their conclusions depends on whether the included32

published literature represents an unbiased sample of completed research. Thus, when statisti-33

cally significant results are preferentially published [Sterling, 1959], meta-analyses aggregate a34

distorted evidence base, potentially overestimating the effect sizes [Ioannidis, 2005, Gurevitch35

et al., 2018, van Zwet and Cator, 2021, Nakagawa et al., 2022]. Indeed, Yang et al. [2023] found36

that meta-analytic means in ecology are overestimated by at least 0.12 standard deviations,37

with 66% of initially significant results becoming non-significant after correction for publication38

bias. What remains a critical gap is an understanding of how publication bias manifests at39

different stages of the research-to-synthesis pipeline—and at which level it primarily acts.40

Meta-analyses in ecology are commonly based on published results reported in journal arti-41

cles. Thus, to be included in a meta-analysis, results must undergo a hierarchical process. First,42

researchers commonly conduct a number of analyses, but often submit only selected results to43

a journal, preferably those that are ’significant’—a form of selective reporting termed outcome44

reporting bias [Fanelli, 2012, John et al., 2012, Head et al., 2015, Fraser et al., 2018, Gopalakr-45

ishna et al., 2022, van Aert and Wicherts, 2024]. Some of the submitted results end up being46

published, and consequently, published manuscripts tend to contain at least some significant47

results [Sterling, 1959, Fanelli, 2012]. Meta-analysts then subsequently search for published48

studies and extract effects from them. In this process, they might predominantly extract sig-49

nificant effects—because significant effects are more likely to be reported in full [Cassey et al.,50

2004], or because of extraction bias, given that meta-analysts typically extract only a fraction of51

effects from included studies [Pollo et al., 2025]. Alternatively, meta-analyses might capture null52

results that exist within published studies but receive less prominence (e.g. in supplements),53

potentially resulting in lower overall significance rates.54

Here, we use two independent datasets—359 primary studies from the general ecological liter-55

ature [Kimmel and Ferraro, 2023] and 17,879 primary studies from 464 ecological meta-analyses56

[Fox and Costello, 2022]—to quantify significance rates at different stages of the research-to-57
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synthesis pipeline. Although the two datasets do not share the same studies, comparing their58

significance rates indicates a “significance gap” and provides insight into how publication bias59

manifests across hierarchical levels of the evidence base.60

Table 1: Key terms and definitions used in this study.

Term Definition

General literature
dataset

Dataset of 359 primary studies published in five ecological journals (2018–2020);
data from Kimmel et al. [2023]

Meta-analytic dataset Dataset of 17,879 primary studies included in 464 ecological meta-analyses
(1991–2020); data from Costello and Fox [2022]

Overall significance rate Proportion of individual effects with p < 0.05 among all effects in each dataset

Study-level significance
rate

Proportion of studies containing ≥1 significant effect in each dataset

Within-study signifi-
cance rate

Proportion of significant effects within a study; reported as a mean (and me-
dian) across studies

2 Methods and results61

For the general literature dataset (Table 1), we used data from studies published in five high-62

impact journals (Ecology, Ecology Letters, Journal of Ecology, Science, Nature) between Jan-63

uary 2018 and May 2020, originally collected by Kimmel et al. [2023], who extracted all es-64

timated parameters and their associated standard errors from main-text and supplementary65

tables. From the archived dataset of Kimmel and Ferraro [2023], we retained 26,547 estimates66

with valid coefficients and standard errors from 359 studies (358 with calculable p-values), prior67

to the trimming steps applied in their original analysis (Kimmel et al. report 354 after addi-68

tional data cleaning). For the meta-analytic dataset (Table 1), we used a database of ecological69

meta-analyses published between 1991 and 2020 and compiled by Costello and Fox [2022]. From70

the archived dataset of Fox and Costello [2022], we obtained 104,418 effect sizes from 17,87971

studies used in 464 meta-analyses, after removing extreme values (absolute effect sizes >5 and72

variances >2) from the original set of 111,385 effect sizes from 467 meta-analyses.73

Because neither dataset reported p-values, we derived two-tailed p-values by dividing each74

reported value of the effect by its standard error and applying a normal distribution. Recom-75

puting p-values with t-distributions (degrees of freedom 10–100) yielded similar estimates. For76

each dataset, we then quantified significance rates at three levels (Table 1): the overall sig-77

nificance rate, the study-level significance rate, and the within-study significance rate. For the78

meta-analytic dataset, all three rates reflect only the effects that meta-analysts extracted, which79

are typically a subset of all results reported in the original primary study.80
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We compared the rates of statistical significance between the two datasets for ’raw’ data and81

using rarefaction analyses, where, for each dataset, we randomly drew the same number of effects82

per study (k ∈ {1, 2, 3, 5, 10, 20}), classified each study as containing at least one significant effect83

or not, and repeated this 1,000 times to obtain stable estimates. We stopped at k = 20 because84

higher values would exclude most studies in the meta-analytic dataset, where the median number85

of extracted effects per study is 2. To test whether studies reporting fewer effects have a higher86

proportion of significant results, we calculated Spearman rank correlations between the number87

of effects and the within-study significance rate. All analyses were conducted in R version 4.4.288

[R Core Team, 2024], using dplyr (v1.1.4) [Wickham et al., 2023], ggplot2 (v4.0.1) [Wickham,89

2016], and patchwork (v1.2.0) [Pedersen, 2024].90

In the general literature dataset, the overall significance rate was 49.7% (13,187 of 26,54791

individual estimates were significant at p < 0.05). However, the study-level significance rate was92

98.9% (354 of 358 studies contained at least one significant result). If individual estimates within93

a study are independent, an assumption that is likely violated in the dataset, the probability94

that a study contains at least one significant result is 1− (1−0.497)n, where n is the number of95

estimates in that study. Averaging across all studies gives an expected rate of 99.0%, indicating96

that this high study-level rate is expected given the number of estimates per study, though97

both quantities may reflect publication pressure. The within-study significance rate averaged98

60.2% (median = 61.7%), and studies reporting fewer estimates had higher significance rates99

(Spearman ρ = −0.253, p < 0.001; Fig. 1A).100

Figure 1: Within-study significance rate by number of reported results. (A) Primary studies
from the general literature (n = 358 studies; median 30 estimates per study). (B) Primary
studies from meta-analyses (n = 17,879 studies). Error bars show standard errors. Studies
reporting fewer results have higher within-study significance rates, consistent with selective
prominence of significant findings.
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In the meta-analytic dataset, the overall significance rate was 41.1% (42,888 of 104,418101

individual effects were significant)—of comparable magnitude to that we detected in the general102

literature. This rate was broadly consistent across effect size measures (log response ratios:103

47.8%, Hedges’ d: 35.6%, Fisher’s z: 43.4%), suggesting that the result is not driven by any104

single effect size type. However, the study-level significance rate was only 63.6% (11,374 of105

17,879), substantially lower than the 98.9% we detected in the general literature. Using the same106

calculation as above (1−(1−0.411)n, averaged across studies), the expected rate would be 67.2%,107

suggesting that meta-analytic studies are, if anything, slightly less likely to contain a significant108

effect than chance alone would predict. The within-study significance rate averaged 45.7%109

(median = 42.9%), and its distribution was bimodal with peaks near 0% and 100% (Fig. 2B),110

contrasting with the right-skewed distribution among primary studies from the general literature111

(Fig. 2A). As in the general literature, studies with fewer extracted effects had slightly higher112

significance rates, but this relationship was much weaker (Spearman ρ = −0.047, p < 0.001;113

Fig. 1B), consistent with meta-analysts extracting effects more uniformly regardless of their114

significance.115

Figure 2: The distribution of the proportion of the effects that were significant (p < 0.05)
for: (A) Primary studies from the general literature (n = 358 studies; median 30 estimates
per study). Most studies have 40–80% of their results significant, producing a right-skewed
distribution. (B) Primary studies from meta-analyses (n = 17,879 studies; median 2 effects
per study). The distribution is bimodal, with peaks near 0% and 100%, because most studies
contribute only one or two extracted effects—a study with one non-significant effect scores 0%,
and a study with one significant effect scores 100%. Dashed lines indicate unweighted means.

Rarefaction analysis, in which k effects were randomly subsampled per study, revealed that116

much of the difference in the study-level significance rate between the two datasets reflects117

differences in the number of effects per study (Figure 3). At k = 1, where each study contributes118
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Figure 3: Rarefaction analysis: the proportion of studies with at least one significant effect
(p < 0.05) when subsampling k effects per study. Shaded bands show 95% confidence intervals
from 1,000 iterations. The gap persists at all k values but is substantially smaller than the raw
study-level comparison (98.9% vs. 63.6%).

a single randomly drawn effect, 60% of studies in the general literature dataset and 46% of119

studies in the meta-analytic dataset contained a significant result—a gap of approximately 14%,120

substantially smaller than the unadjusted study-level comparison (98.9% vs. 63.6%). The gap121

persisted across all k values: at k = 20, the maximum number of effects subsampled per study122

in our analysis, study-level significance reached approximately 99% (n = 229 studies retained)123

in the general literature dataset, and approximately 89% (n = 1,031 studies retained) in the124

meta-analytic dataset. Thus, the gap narrows but persists when studies from both datasets are125

compared at the same number of effects, indicating that the unadjusted study-level comparison126

overstates the difference, but that a real difference in the overall significance rate between the127

two datasets still remains.128

3 Discussion129

Our results reveal several gaps in the overall statistical significance rate between the general130

literature dataset and the meta-analytic dataset. These gaps indicate the presence of several131

processes that determine the flow of results from those that get published to those that are132

included in the meta-analyses.133
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First, our results indicate that a study needs to report at least one significant effect to be134

published. Although the near-universal study-level significance rate we detected in the general135

literature dataset (98.9%) is expected given the number of estimates per study, the number of136

estimates per study is likely itself partly shaped by publication pressure. Researchers might137

conduct additional analyses, test alternative model specifications, or explore secondary outcomes138

precisely because of the need for at least one significant finding for publication [Head et al.,139

2015, Fraser et al., 2018]. Our result that studies with a lower number of effects show higher140

significance rates within the study supports this assumption. Similar study-level significance141

rates have been observed in biomedical research [Turner et al., 2008, Chavalarias et al., 2016,142

Cristea and Ioannidis, 2018], suggesting that this pattern may extend beyond ecology. Small143

sample sizes, which are typical in ecology [Fox, 2025], compound the problem by increasing the144

proportion of significant results that are exaggerated in magnitude [Gelman and Carlin, 2014].145

Simulations confirm that outcome reporting bias can severely inflate meta-analytic estimates146

[Friese and Frankenbach, 2020, van Aert and Wicherts, 2024].147

Second, our findings suggest that by extracting multiple effects per study, meta-analysis148

may partly counteract publication bias. While the study-level significance rate is near 100% in149

the general literature, it is much lower in the meta-analytic dataset (63.6%). Our rarefaction150

analysis confirms that the gap between the two datasets is not solely driven by differences in151

the number of effects per study. Finally, at the effect level, the general literature studies con-152

tain more significant effects than the meta-analytic dataset (49.7% vs. 41.1%). Since main-text153

results have higher significance rates than supplementary results (60.1% vs. 48.5%, calculated154

from the general literature dataset), and meta-analyses miss on average 16% of relevant effect155

sizes from included studies [Pollo et al., 2025], meta-analysts appear to extract beyond the head-156

line findings. The study-level significance rate in the meta-analytic dataset (63.6%) fell slightly157

below the expected rate under independence (67.2%), consistent with, though not uniquely158

explained by, the recovery of non-significant effects. The bimodal distribution of within-study159

significance rates in the meta-analytic dataset largely reflects low extraction density (57.8% of160

studies contributed only one or two effects), as also noted in Fig. 2.161

Our study has three limitations. First, both datasets consist exclusively of published work,162

so the rates we report should not be interpreted as unbiased baselines. Second, the two datasets163

contain different statistical quantities—statistically estimated parameters reported in tables164

(e.g., regression coefficients, means, treatment effects) among primary studies from the general165
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literature versus standardised effect sizes (Hedges’ d, log response ratios, Fisher’s z) in the166

meta-analytic dataset. Thus, the difference in the overall significance rates might partly reflect167

this compositional difference. Third, our sample of primary studies from the general literature168

covers five high-impact journals over three years, which may not represent the full breadth of169

ecological research.170

Overall, based on our results, we conclude that the number of results reported in primary171

studies and the number of effects meta-analysts extract from a single study can amplify or172

dampen the bias inherited from the primary literature [van Aert andWicherts, 2024]. Extraction173

protocols that deliberately target supplementary and secondary results could function as a174

partial corrective, complementing statistical corrections for outcome reporting bias [van Aert175

and Wicherts, 2024] without requiring access to unpublished data.176
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