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Abstract

While the benefits of open data are often discussed, they are rarely
quantified. Here, we provide the first simulation-based quantification
of what raw data from all conducted primary studies, including unpub-
lished ones, can add to meta-analysis under publication bias, and we
introduce a tool that helps researchers determine when this approach
is most beneficial. Classical meta-analysis (CMA) relies on published
results and is thus vulnerable to publication bias and p-hacking. We
developed a Monte Carlo simulation framework that compares CMA
with raw data meta-analysis (RDMA) across varying values of true
effect sizes, heterogeneity, and bias levels. In our simulation we start
from a population of conducted primary studies. Some of them get
published, subject to p-hacking and publication selection. CMA then
samples from these, while RDMA samples raw data from the full pop-
ulation of primary studies, irrespective of whether they are published
or not, drawing the same number of studies as CMA. Thus, the two
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differ only in which studies they sample, not how many. Using ecol-
ogy as a case study, we demonstrate that RDMA outperforms CMA
in most scenarios. When true effects are small and bias is severe,
RDMA reduces relative mean absolute error in effect size estimate by
54-76%. Under moderate bias, reductions reach 32-61%. For medium
true effects, reductions are 48-71% and 2-35%, respectively. RDMA
maintained reliable confidence interval coverage (93-95%) across all
scenarios; CMA fell as low as 21%. Crucially, RDMA’s errors reflect
natural sampling variation by construction, while CMA’s reflect sys-
tematic bias that persists regardless of the sample size; in practice,
selective availability of raw data would attenuate this contrast. The
benefits of RDMA reflect its access to an unbiased, non-p-hacked set
of primary studies, and not the recomputation of effect sizes from the
raw data of the published literature alone. We provide a decision tool
for meta-analysts across disciplines to calculate RDMA’s benefits. Our
results provide quantitative evidence that access to raw data from all
conducted studies, including those that remain unpublished, improves
meta-analytic accuracy in the presence of publication bias, strength-
ening the case not merely for open data but for complete open data,
that is, the archiving of raw data irrespective of statistical significance.

1 Introduction

Meta-analysis is the main method for quantitatively synthesising exist-
ing evidence and is often used to inform future research, interventions,
and policies [1-3]. Importantly, the statistical power of individual pri-
mary studies is often inadequate to detect true effects and can thus lead
to imprecise effect estimates that limit the detection of meaningful ef-
fects [4-8]. Meta-analysis aggregates results from independent studies,
increasing statistical power and precision [5]. Critically, this approach
assumes that the included studies represent an unbiased sample of all
research conducted on a given research question and that the included
effects capture the true effects well. However, this assumption is often
violated because selective publication and p-hacking can lead to overes-
timated effects and thus misguided decisions when meta-analysis relies
on published results alone. Such selective publication and p-hacking
are common across scientific disciplines, for example in economics [9],
in observational research [10], and across the sciences more broadly
[11-13].

Publication bias [14], the preferential publication of statistically
significant results, systematically distorts the published literature [9,
15-18|. Because significant results are more likely to be published,
researchers might manipulate their analyses to achieve statistical sig-
nificance, which is called p-hacking [19]. Data across disciplines demon-
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strate that these issues could be very widespread. For example, 94% of
p-values reported in display items from the top multidisciplinary jour-
nals are significant [20], 96% of biomedical abstracts and full-text arti-
cles reporting p-values contain at least one significant result [21], while
in ecology 98.9% of published articles report at least one significant
result (computed from [22, 23]). Surveys show that researchers com-
monly apply p-hacking and other questionable research practices: in
psychology, self-admission rates for practices such as selective reporting
and optional stopping range from 16-63% [24], with comparable rates
confirmed across countries [25, 26] and in ecology and evolution [27],
engineering [28|, and across Dutch academia more broadly [29]. These
findings convincingly indicate that researchers might selectively find
and report significant effects, while null findings and non-significant
results remain inaccessible, leading to a substantial loss of scientific
knowledge [30].

Classical meta-analysis (CMA) commonly synthesises effect sizes
calculated from the results reported in published studies, where each
study contributes one or more effect sizes. Thus, the biases discussed
above can lead to overstated meta-analytical means. For example, [31]
simulations showed that p-hacking and publication bias interact to
severely distort meta-analytic effect size estimates, particularly when
true effects are small. Empirically, [15] found that correcting for publi-
cation bias across 87 ecological and evolutionary meta-analyses reduced
effect sizes by at least 0.12 standard deviations on average, with 33 out
of 50 initially significant meta-analytic means becoming non-significant
after correction. These biases can also lead to confidence intervals with
sub-nominal coverage (i.e., intervals labelled as 95% may contain the
true effect less than 95% of the time) [15]. Statistical corrections for
publication bias exist, but often perform poorly in the presence of effect
size heterogeneity [16], which is widespread in different research fields
[32-34]. Consequently, even well-designed CMAs may systematically
overestimate true effect sizes when relying solely on published results.

Raw data meta-analysis (RDMA) provides an alternative approach
where effect sizes are calculated directly from the original datasets of
individual studies rather than from summary statistics reported in pub-
lished articles. This approach is becoming increasingly viable across
the range of disciplines, as open data becomes the norm [35]. Open
data is often publicly available in repositories, allowing researchers
to recompute the effect size for each study using raw observations.
These recalculated study-level effects are then synthesised using stan-
dard meta-analytic models. This differs from the individual partici-
pant data (IPD) meta-analysis often used in clinical research, where
participant-level data from multiple studies are combined into a single
dataset and analysed jointly. In RDMA, raw data are used only to
recompute the effect sizes within each study, and the meta-analysis
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still combines study-level estimates rather than pooling observations
across studies [36]. In principle, a raw-data meta-analysis may draw
on raw data from published studies only, from unpublished studies
only, or from a mixture of both, and these scenarios have very dif-
ferent statistical properties. In this study, we simulate the third and
most complete case, RDMA across all conducted studies, published
and unpublished alike, corresponding to a field in which raw data are
archived irrespective of a study’s statistical outcome.

Such raw data syntheses are not merely hypothetically possible.
Good examples of accessible raw data are coordinated distributed ex-
periments such as the Nutrient Network, in which a common protocol
is applied across many sites and every site contributes to a shared
dataset irrespective of its individual result [37]. Mandatory data-
archiving policies at journals and funders, together with changes in
research culture [38—40], are steadily enlarging the pool of primary
studies for which raw data are accessible, making RDMA increasingly
feasible. However, open data are still often time-consuming to find [41,
42], interpret, and use [43, 44]. Thus, researchers might want to know
when to aim to conduct RDMA (or incorporate raw data in their meta-
analysis) rather than CMA. Yet it is still not quantified under what
conditions, and by how much, RDMA outperforms CMA. Here, we
addressed this gap using a simulation-based approach, where the main
conditions under which meta-analysis operates can be set to levels that
reflect those present in a given research area. These conditions include
the magnitude of the true effect size, heterogeneity between studies,
typical sample size, and severity of publication bias. In our simulation,
CMA is represented by a conventional random-effects meta-analysis of
published effect sizes, and not adjusted for publication bias, since this
remains the dominant practice in ecology [15]. We aim to quantify
the value of access to an unbiased set of conducted studies and their
non-p-hacked results, rather than to benchmark RDMA against bias-
correction methods. To parameterise the simulation and understand
the potential benefits of RDMA, we used ecology as a case example.
However, the framework is designed so that researchers can evaluate
the performance of RDMA versus CMA in their own domain by modi-
fying the input parameters (effect size magnitude, heterogeneity level,
sample size, and bias severity). We provide worked examples using pa-
rameters from ecology, complete documentation, and annotated scripts
accessible in the online repository [45].

2 Methodology

The simulation design, the simulation parameter values, the metrics to
measure the benefits of RDMA, and the planned comparisons between
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RDMA and CMA performance were preregistered on the Open Science
Framework [46]. Deviations are explained in Supplementary Material
S1. All code and data are openly available [45].

2.1 The overarching approach

Our framework uses Monte Carlo simulation to compare RDMA and
CMA across different scenarios of true effect size magnitude and het-
erogeneity levels, and under different levels of presence of significant
results in the published literature. FEach scenario is evaluated over
many independent stochastic replicates (10,000 in the main analysis),
and performance is assessed from the distribution of estimates across
these replicates, which is what makes the procedure a Monte Carlo
experiment. For each scenario, the algorithm generates a population
of N conducted studies, representing all research on a given research
question before any selection for publication occurs. Each study is
represented by an effect size (Hedges’ ¢g) drawn from a distribution
with mean 6 (the true effect size) and variance 72 (the heterogeneity
between studies). We chose Hedges’ ¢ as the effect size measure be-
cause the standardised mean difference is one of the two most common
effect size measures in meta-analysis across disciplines [2, 3, 47, 48].
Under a selective publication process, only a subset of these studies
(i.e., of effect sizes) becomes available as the published literature, and
we design this process so that it generates target rates of statistical
significance among the published studies. This published subset is
what CMA samples from. Under a complete data-archiving scenario,
by contrast, the raw data (and thus the effect sizes) of all conducted
studies are potentially available, and RDMA samples from this full,
unselected population. The two methods therefore sample the same
number of studies but from different pools: CMA from the published
subset, RDMA from the whole population of conducted studies.

To model realistic conditions, the framework incorporates a simu-
lated publication selection process that combines two mechanisms: (1)
selective publication that favours significant results and (2) p-hacking
that enables achieving the significance rates observed in the published
literature (Figure 1). The relative contribution of each mechanism
to the final rates of significant results in the published literature is
recorded across simulation scenarios (see Section 3.2). Some primary
studies achieve statistical significance naturally (i.e., when the true
effect size and the sample size allow for this). When the number of
such naturally significant studies is insufficient to meet the target sig-
nificance rates in the published literature, p-hacking is applied. Here,
the smallest needed number of non-significant studies, whose natural
significance is 0.05 < p < 0.30, is manipulated to reach significance.
This approach ensures that p-hacking is applied conservatively, only
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when needed to reach empirically observed proportions of published
significant results. We impose a target proportion of significant results
in the published literature rather than modelling publication selection
as a probabilistic function of the p-value. Our main reason for this
is that the target proportion is directly observable: the proportion
of published studies that are statistically significant can be estimated
from the literature [22, 23, 47, 48|, whereas the probability that a
study with a given p-value is published is largely unknown. In addi-
tion, fixing the target rate explicitly determines how much p-hacking
each scenario requires, whereas a probabilistic selection model would
add variance across iterations while leaving the expected composition
of the published literature (which is what drives the distortion of CMA)
unchanged.

The publication selection process yields k& = N/2 published stud-
ies, and CMA synthesises all of them. We have chosen to sample 50%
of conducted studies, as this reflects the publication rates observed
across disciplines [18, 30, 49]. RDMA randomly samples k& = N/2
studies from the population of all conducted studies (before the publi-
cation selection process). The performance of CMA and RDMA is then
compared based on the accuracy of the effect size estimate, confidence
interval coverage, and heterogeneity estimation (see Performance Met-
rics below for details). Compared to the logic of IPD meta-analysis in
clinical research, our process is more relevant to other research areas
(i.e., ecology, social sciences, environmental sciences) where effect sizes
have to be calculated per study, rather than for pooled data across
studies. In these fields, raw data cannot be pooled together because,
compared to data from highly standardised clinical trials used in IPD
meta-analyses, the pool of studies is heterogeneous. For example, stud-
ies use different methods, or are conducted on different species. We
synthesise the raw-data arm with the same two-stage random-effects
model as the conventional arm. Because both arms use the identical
two-stage model, the only difference between them is the population
of studies from which data are drawn, not the statistical machinery
applied to synthesise them. Any advantage of RDMA we detect is
therefore attributable to the data rather than to a more powerful syn-
thesis method: in clinical IPD meta-analysis, a one-stage model, which
fits a single model to the pooled participant-level data rather than com-
bining study-level summaries, can be statistically more efficient, and
such a model would be expected to do at least as well, though we do
not test this directly; because both arms use the same two-stage model,
our choice does not inflate RDMA’s advantage.

For the ecological case study, the process is replicated 10,000 times
for each combination of effect size, heterogeneity level, and bias sce-
nario (3 x 3 x 2 = 18 combinations, of which 15 were valid; see
Section 2.2.3). The broader parameter sweep across publication and
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significance rates is described in Section 3.7.

2.2 Empirical parameter estimation

To understand how different conditions affect the performance of CMA
and RDMA, we use ecology as a case study. However, many of the
parameters we use are realistic across scientific disciplines (see Discus-
sion). To obtain realistic simulation parameters, we used two ecology
literature datasets: (1) Costello and Fox [47, 48], which compiled 467
ecological meta-analyses with over 111,000 effect sizes, and (2) Kim-
mel et al. [22, 23], which contains 26,747 statistical estimates from 350
ecology papers published in Ecology, Ecology Letters, Journal of Ecol-
ogy, Science and Nature between January 2018 and May 2020. Based
on the Costello and Fox [47, 48] dataset, we calculated the typical ef-
fect size magnitude, between-study heterogeneity, and the number of
studies used in meta-analysis. Based on both datasets [22, 23, 47, 48],
we calculated the prevalence of statistically significant results in pub-
lished studies. Sample sizes of primary studies were derived from Fox
[50] and Kimmel et al. [22, 23] (see Section 2.2.2 for details).

2.2.1 Effect sizes and heterogeneity

Based on Costello and Fox [47, 48], ecological meta-analyses included
absolute Hedges’ g values distributed with quartiles of 0.22 (Q;), 0.55
(median), and 1.1 (Q3). These empirical values align closely with Co-
hen’s conventions [51] for small (¢ = 0.2), medium (¢ = 0.5), and
large (g = 0.8) effect sizes. We therefore adopted Cohen’s standard-
ised thresholds for our simulations, both because they fall close to the
empirical ecological quartiles and because they allow researchers from
other fields to orientate on the same axis, consistent with our aim of a
discipline-agnostic framework. For ecology, small- and medium-effect
scenarios are the most representative, as ecological effect sizes are typ-
ically small to medium (median |g| = 0.55) computed from [47, 48].
We computed between-study heterogeneity (72) from the ecological
meta-analyses compiled by Costello and Fox [47, 48], finding a distri-
bution with Q; = 0.26, median = 0.53, and Q3 = 0.88. Critically, 72
showed a modest positive correlation with the mean magnitude of the
meta-analytic effect size (r = 0.41, p = 0.005). To capture this empiri-
cal pattern, rather than using fixed 72 values across all effect sizes, we
scaled heterogeneity proportionally to the effect size magnitude:

o Low heterogeneity: 72 = 0.40x effect size
e Medium heterogeneity: 72 = 1.00x effect size

e High heterogeneity: 72 = 1.50x effect size
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Not published Published

Figure 1: Flowchart illustrating the Classical meta-analysis (CMA) simula-
tion process. The process begins with setting parameters: true effect size
magnitude (#), between-study heterogeneity (72), sample sizes of primary
studies (n;), and population size of conducted studies (N). We then generate
a population of N studies with known effect sizes and calculate natural p-
values. Studies are then subjected to publication selection process with the
aim to reach a target rate x% of k = N/2 published studies being significant.
This process acts through selective publication and p-hacking.
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This parametrisation produced 72 values that span from below the
empirical @ (0.08 for small effects with low heterogeneity) to above
Q3 (1.20 for large effects with high heterogeneity), covering the full em-
pirical range while maintaining consistent relative heterogeneity across
effect size magnitudes.

2.2.2 Meta-analysis and primary studies sample size

The median ecological meta-analysis comprises 64 effect sizes from 23
studies [47, 48]. Given that our simulation assumes one effect size
per study, each meta-analysis in our simulation included 23 published
studies (and thus effect sizes). This simplification means we do not
capture within-study selective reporting or the statistical dependence
among multiple effect sizes from the same study. This approach is
conservative, since within-study selective reporting is a further source
of distortion that affects published literature, but not raw-data syn-
thesis with access to all measured outcomes. We further discuss the
implications of this choice in the Discussion.

We determined the realistic sample size of the primary studies in-
cluded in the meta-analysis using two existing large datasets, both of
which have some limitations. The Fox [50] dataset provides sample
sizes of studies included in ecological meta-analyses, but only for those
that report correlation coeflicients (median n = 30), and not for stan-
dardised mean differences (Hedges’ ¢), which we use in our simulation.
The [22, 23] dataset reports sample size for various effect sizes, includ-
ing group comparisons suitable for Hedges’ g (median n = 79). How-
ever, their studies come from the general primary literature rather than
from studies included in meta-analyses. To reconcile these sources, we
used a sampling approach that reflects the variation in the sample sizes
of ecological studies: 25% of studies with n = 20 — 30 (small samples),
50% with n = 30 — 70 (moderate samples), and 25% with n = 70 — 100
(larger samples). This stratified sampling approach was applied to all
N = 46 conducted primary studies in each simulation iteration, with
sample sizes randomly drawn from the specified ranges. This yielded
a median of around n = 49, a value that is intermediate between the
median sample sizes of the primary studies included in the ecological
meta-analysis (n = 30, [50]) and the median of the primary literature
(n =179, [22, 23]). The total sample size was split equally between the
treatment and control groups.

Our approach captures low statistical power typical of many re-
search fields. For example, [4] found only 13-16% power to detect small
effects and 40-47% for medium effects in behavioural ecology, reflecting
the prevalent small sample sizes. Similarly, [6] reported mean power
of just 48% for medium effects in psychology, [7] estimated a median
power of 21% across neuroscience, and [8] found a median power of
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18% or less across 159 areas of economics research.

2.2.3 Publication selection process rates

For the purpose of this study, we define bias as the percentage of pub-
lished studies that contain a significant result achieved through both
selective publication and p-hacking. Because each study contributes
one effect size in our simulation, the percentage of significant studies
equals the percentage of significant effects. Based on Kimmel et al.
[22, 23] data, we calculated that 98.9% of published ecological studies
contain at least one p-value below 0.05. From Costello and Fox [47,
48], we calculated that 64% of studies included in meta-analyses con-
tain at least one significant result (amongst the results included in the
meta-analysis). We use these two empirical proportions as the param-
eter values for our ecological case study: a ’severe bias’ scenario with
95% significant effects (near primary literature conditions, representing
severe distortion) and a 'moderate bias’ scenario with 65% (matching
typical meta-analytic data, representing moderate distortion). One
distinction matters for interpreting these values: the empirical propor-
tions we take from the literature are study-level significance rates, that
is, the proportion of studies reporting at least one significant result,
whereas the effect-level significance rate that a meta-analyst actually
samples is likely to be lower, because ecological studies typically report
several effect sizes. For this reason we do not treat the two ecological
values as fixed points but also explore the significance rate continu-
ously between 30% and 95% (Figure 5), so that the framework covers
scenarios from other fields, with the two ecological values retained as
a case study within this range. For large effect sizes (¢ = 0.8), the
natural significance rate exceeded 65% due to high statistical power
(studies naturally achieved significance without bias), making the 65%
scenario inapplicable. This resulted in 15 valid simulation scenarios for
the ecological case study.

2.3 Data generation process

Step 1: Generate population of all conducted studies. We
generated 46 studies representing all conducted research (i.e., before
the publication selection process). We have chosen this number as it
is twice the number of studies used in meta-analysis in ecology (k=23,
i.e., published studies in our case), and it reflects empirical data on how
much of the conducted research is published. This is approximately
55% in ecology [30], 50% in clinical trials research [49], and 25-29% of
doctoral dissertations in psychology [52]. Selective non-publication of
null results is pervasive across the social sciences too (only 10 out of
48 null results were published, compared to 56 out of 91 strong results;

10
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[18]). This 2-to-1 ratio of conducted vs published studies determines
how much p-hacking a given target significance rate implies.

For each study, we simultaneously: (1) drew one true effect size
from 0; = g + 0; where §; ~ N(0,72), using pg € {0.2,0.5,0.8} and
scaling 72 proportionally as described above; and (2) assigned a total
sample size using stratified sampling (25% small: 20-30, 50% medium:
30-70, 25% large: 70-100), which were then split equally between the
treatment and control groups.

Step 2: Simulate data and calculate effect sizes. For each
study, we simulated raw data for treatment and control groups to gen-
erate the observed effect size (Hedges’ ¢) and its sampling variance,
following standard simulation approaches for meta-analysis [53, 54].
Each study’s natural statistical significance was assessed with a two-
sample Student ¢ test on the simulated raw observations, as a primary
study would report it, rather than derived from the standardised ef-
fect size; this distinction and its negligible numerical consequences are
detailed in Supplementary Material S5.

Step 3: Create published literature through selective pub-
lication process. We constructed a pool of 23 published studies (the
meta-analysis sample size) in which a target percentage of studies con-
tained significant results. For the ecological case study this target was
95% or 65% (severe and moderate bias); in the parameter sweep (Sec-
tion 3.7) it ranged continuously from 30% to 95%. Some studies from
the population of 46 conducted studies achieved statistical significance
(p < 0.05) naturally in Step 2, based on their true effects and sam-
ple sizes. When the number of such naturally significant studies was
insufficient to meet the target significance rate, we applied p-hacking
to the minimum number of non-significant studies necessary to reach
the target. We used only those studies with the original significance
0.05 < p < 0.30, and ordered them by increasing p-value. This window
encodes the assumption that only results already close to the conven-
tional threshold can plausibly be moved across it through analytical
flexibility; moving a result with p = 0.6 to significance would require
manipulation closer to fabrication than to p-hacking. We report a sen-
sitivity analysis widening this window to 0.40 and 0.50 in Supplemen-
tary Material S4. The studies selected for p-hacking are those closest
to significance, drawn from the eligible pool with 0.05 < p < 0.30
and ordered by increasing p-value. Of these selected studies, the half
closest to significance (those with the lowest p-values) underwent mild
manipulation: the p-value was replaced with a random value drawn
from a uniform distribution U(0.01,0.049) while retaining the original
effect size. The remaining half of the selected studies (those with the
higher p-values within this pool) underwent aggressive manipulation: a
new p-value was drawn from U(0.01,0.049), a corresponding t-statistic
was back-calculated from the new p-value and the study’s degrees of

11
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freedom, and the effect size was recalculated as g; = t;,/v;, where v; is
the original sampling variance. Starting from those originally closest
to statistical significance, only the minimum number of studies needed
to reach the target significance rate were manipulated; all remaining
studies retained their original p-values and effect sizes. This approach
is intended to span the range of outcomes that questionable research
practices produce, from a result nudged across the threshold to an in-
flated estimate [27]. Recent evidence suggests that more than half of
statistically significant findings in environmental sciences may result
from such practices [55].

Two features of this approach warrant justification. First, we model
the net effect of p-hacking on the reported effect size and its p-value,
rather than any specific analytical mechanism such as outlier removal,
optional stopping, or switching between one- and two-tailed tests. We
do so because no empirical study quantifies the relative prevalence of
individual mechanisms or their quantitative effect on reported esti-
mates, and because what a meta-analyst observes is only the reported
effect size, its variance, and its p-value. Our two procedures are there-
fore intended to capture the possible outcomes of such practices rather
than the practices themselves: moving a result across the significance
threshold without changing the effect size (our mild manipulation), and
inflating the estimate itself (our aggressive manipulation). We assign
the two procedures by proximity to the threshold, on the assumption
that a result already close to significance can be moved across it with
minimal analytical intervention, leaving the estimate approximately
intact, whereas a result further away requires practices that shift the
estimate along with the p-value. We also conducted sensitivity anal-
yses, reported in Supplementary Material S4. In particular, we vary
the split between the two practices across its full range, from all ma-
nipulation only shifting the p-value across the threshold while leaving
the effect size unchanged, to all manipulation inflating the effect size.
The first extreme is the least favourable to RDMA, because leaving
the effect size unchanged distorts CMA the least. Even there, RDMA
remains more accurate than CMA, so the direction of our conclusion
does not depend on the split assumed (see Supplementary Material S4,
Figure 6). Second, the reported p-value and the reported effect size
play different roles in our simulation. The p-value is used only when
the published literature is assembled, to decide whether a study counts
towards the target proportion of significant results; the meta-analytic
estimate itself is then computed only from the effect sizes and their
variances, and never uses the p-value. As a result, when mild manip-
ulation changes a study’s p-value without changing its effect size, the
two become mutually inconsistent, but this inconsistency affects only
the assembly of the published set and never enters the meta-analytic
estimate. This mirrors reality, where publication selection acts on re-
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ported significance while the synthesis is based on effect sizes. Holding
the within-study variance fixed under p-hacking is a conservative sim-
plification, because manipulation that also shrank the reported vari-
ance would give a study greater weight in the meta-analysis and would
amplify, rather than reduce, the distortion of CMA. Our design there-
fore understates the advantage of RDMA rather than inflating it.

The resulting published literature of 23 studies that enters CMA
combines naturally significant studies (randomly sampled from the
available naturally significant studies), p-hacked studies, and a minor-
ity of non-significant studies (randomly sampled from the remaining
non-significant studies) retained to reach the target proportion of sig-
nificant results.

Step 4: Sample for meta-analysis. CMA uses all 23 studies
from the published (biased) literature created in Step 3. RDMA ran-
domly samples 23 studies from the original unbiased population of 46
conducted studies (Step 1, before p-hacking and publication selection).
This choice makes two simplified assumptions: that CMA includes all
available published studies (which is likely not true) and that raw data
meta-analysis has access to the same number of studies. However, de-
pending on the research question, RDMA might have access to more
studies (i.e. where data are published, though the study was not) or to
fewer studies (i.e. where datasets are not available). Our choice reflects
a state between the ideal one (all raw data are available) and the worst
one (no data available), while maintaining a balanced comparison by
keeping the number of studies equal between the two methods, so that
any detected differences are not attributable to a difference in sample
size between CMA and RDMA.

Step 5: Meta-analytical estimates. Both CMA and RDMA use
random-effects meta-analysis with REML estimation to obtain effect
size estimates (6), heterogencity estimates (72), and 95% confidence
intervals. A complete mathematical formalisation of the simulation
algorithm—including the exact conditioning structure, the construc-
tion of the published sample, and the expectation and bias of the CMA
estimator—is provided in Supplementary Material S2.

2.4 Performance metrics

We evaluated the performance of CMA and RDMA using:

Mean absolute error (MAE): 13" | 0; — po| is the average
magnitude of the estimation error across all iterations, where n =
10,000 is the number of simulation iterations.

Relative mean absolute error (RelMAE): 13" | ‘9;7;‘9‘ is
the estimation error expressed as the proportion of the true effect size,
enabling comparison across effect size magnitudes. Throughout this

manuscript, when reporting percentage improvements or reductions
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between CMA and RDMA, we use this metric to enable fair comparison
across different effect size magnitudes.

Confidence interval coverage: is the proportion of 95% CIs that
contain the true effect size. Well-calibrated methods should achieve
95% or higher coverage.

Heterogeneity estimation accuracy: the mean absolute devia-
tion E[|7 —7|] and relative deviation E[(7 — 7)/7|, measuring how well
the between-study standard deviation (7 = v/72) is estimated.

2.5 Software

All analyses were conducted in R version 4.4.2 [56], using metafor (v4.6-
0) [57], dplyr (v1.1.4) [58], tidyr (v1.3.1) [59], ggplot2 (v4.0.1) [60], and
patchwork (v1.2.0) [61].

3 Results

3.1 Overview

Table 1 presents performance metrics across simulation scenarios. Over-
all, under severe bias (95%), RDMA substantially outperformed CMA
across the performance metrics. RDMA’s advantages were most pro-
nounced under low to medium heterogeneity. Under moderate bias
(65%), RDMA maintained advantages primarily for small to medium
effects with low heterogeneity. Conceptually, these gains reflect the
benefit of bypassing the publication filter, an advantage also relevant
to IPD meta-analysis in clinical research.

3.2 P-hacking patterns

The simulation revealed that the contribution of p-hacking to bias
considerably varied with the effect size magnitude (mean p-hacking
percentages are reported in Table 1). For small effects (ES=0.2) under
severe bias (95%), p-hacking rates also varied substantially across het-
erogeneity levels: 50.6% under low heterogeneity, 32.4% under medium
heterogeneity, and 21.4% under high heterogeneity. For medium effects
(ES=0.5), p-hacking was considerably lower (8.4%, 2.3%, and 0.7%
for low, medium, and high heterogeneity, respectively), and for large
effects (ES=0.8), essentially no p-hacking was needed (0.1%, 0.0%,
and 0.0%), suggesting that selective non-publication dominated over
questionable research practices in these scenarios. Under moderate
bias (65%), p-hacking was substantially reduced: small effects required
23.0%, 6.9%, and 2.1% p-hacking (low, medium, and high heterogene-
ity), while medium effects required minimal manipulation (0.2%, 0.0%,
and 0.0%).
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3.3 Effect size estimation across the scenarios

As expected from the simulation design, RDMA’s estimates of the
mean effect size are consistently centred on the true effect size (dashed
lines), with distribution widths reflecting the inherent sampling vari-
ability from k = 23 studies and heterogeneity (Figure 2); the informa-
tive quantity is therefore not this property in itself but the magnitude
of the deviation exhibited by CMA, and how it scales with the degree
of publication selection. In contrast, CMA’s estimates are systemati-
cally shifted upward under severe bias (Figure 2, Panel B), with the
degree of the shift varying by effect size magnitude and heterogeneity
level. ReIMAE values (Figure 2, Panels C and D) demonstrate how
these patterns translate to proportional estimation error.

The magnitude of CMA’s overestimation directionally varied with
the p-hacking rates (Section 3.2, Table 1). For small effects with low
heterogeneity, and under severe bias, where p-hacking was the high-
est (50.6%), CMA deviated the most from the true effect, and RDMA
achieved a 76% reduction in mean absolute error (MAE). This mecha-
nistic link explained a counter-intuitive pattern visible in Table 1: for
small effects, CMA’s MAE decreases as heterogeneity increases (0.28
— 0.24 — 0.23). This occurred because increased heterogeneity re-
duced the amount of p-hacking implied by the target rate (50.6% —
32.4% — 21.4%), thus reducing CMA’s systematic bias, more than it
increased the random error. For large effects with minimal p-hacking
(0.1%), CMA’s MAE followed the expected pattern, increasing with
heterogeneity (0.27 — 0.31). In contrast, RDMA’s MAE increased
monotonically with heterogeneity, confirming that errors reflect natural
sampling variance rather than bias. For medium and large effects with
minimal p-hacking (0.7-8.4% and 0.0-0.1%), CMA’s overestimation
remained substantial, demonstrating that selective publication alone
distorts estimates.

Under moderate bias (Figure 2, Panel A), CMA’s estimates are
closer to true values than under severe bias, yet systematic overesti-
mation persisted, particularly for small effects with low heterogeneity,
where p-hacking remained at 23.0%. For medium to large effects with
high heterogeneity, where p-hacking was minimal (<0.2%), CMA and
RDMA distributions substantially overlap, indicating that CMA per-
forms reasonably well in these specific conditions.

3.4 Confidence interval coverage

RDMA maintained near-nominal CI coverage (93-95%) across all sim-
ulation scenarios, closely approaching the 95% target expected of a
well-calibrated method. CMA’s CI coverage, in contrast, was severely
degraded under severe bias, with the extent of coverage depending crit-
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Figure 2: Effect size estimates and RelMAE comparing CMA and RDMA
across scenarios. CMA is shown in red, RDMA in blue. The intensity of
each colour represents the level of heterogeneity among the true effect sizes
(darker colours represent higher heterogeneity). Panels A and B: Boxplots
of estimated effect sizes under moderate (65%) and severe (95%) bias, sum-
marising 10,000 iterations with dashed horizontal lines indicating true effect
sizes. Panels C and D: RelMAE under moderate and severe bias. Note:
RDMA distributions are near-identical in panels A and B (and C and D)
as this method samples from the pre-selection population; residual differ-
ences reflect Monte Carlo variation and the acceptance condition described
in Supplementary Material S2. RDMA is displayed in both bias scenarios to
facilitate direct visual comparison with CMA
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Figure 3: Performance heatmaps for CMA across simulation conditions.
Panel A: Mean absolute error (MAE) in effect size estimates (lower val-
ues indicate greater accuracy). Panel B: 95% confidence interval coverage
(target = 0.95). Rows represent true effect sizes (¢ = 0.2,0.5,0.8), columns
represent heterogeneity levels (low, medium, high 7), and facets show bias
scenarios (65% and 95% significant results amongst published results)
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ically on the effect size magnitude and heterogeneity (Figure 3, Panel
B).
Under severe bias (95%), CMA’s coverage was worst under low het-
erogeneity: only 21% coverage for small and medium effects (i.e. 79%
of CIs failed to capture the true effect), and 34% for large effects. CMA
performed slightly better under medium heterogeneity (57% coverage
for small to medium effects, 64% for large effects), while high het-
erogeneity brought coverage closer to the acceptable levels (71-77%),
though still substantially below RDMA’s consistent >92%. This pat-
tern is largely mechanical: higher heterogeneity inflates the estimated
between-study variance, widening the confidence intervals and increas-
ing the probability of capturing the true effect despite systematic bias
in point estimates.

Under moderate bias (65%), CMA approached acceptable perfor-
mance for medium effects with medium-to-high heterogeneity (92-95%
coverage), but still showed substantial undercoverage for small effects
with low heterogeneity (58%).

3.5 Relative mean absolute error

RDMA exhibited minimal systematic bias (the mean estimates within
5% of true values across all scenarios). RDMA’s ReIMAE ranged from
13-52% depending on effect size and heterogeneity, primarily reflecting
natural sampling variation from k = 23 studies rather than systematic
over- or underestimation. In some scenarios, RDMA showed slight un-
derestimation (e.g., mean estimate of 0.2 for true £S = 0.2 under high
heterogeneity), but ReIMAE remained driven by the heterogeneity-
induced variance. As heterogeneity increased within each magnitude
of the effect size, RDMA’s RelMAE increased proportionally (e.g.,
ES = 0.2: 34% — 44% — 51% across low, medium, and high het-
erogeneity), confirming that errors likely stem from sampling variance
in heterogeneous populations rather than from bias.

In contrast, CMA showed both systematic overestimation and high
ReIMAE. For small effects with low heterogeneity under severe bias,
CMA’s mean estimate represented 141% overestimation with 141%
RelMAE; nearly identical values indicating systematic bias rather than
random variation. Standardising absolute error by effect size revealed
different relative impacts: a similar MAE represents 141% error for
ES = 0.2 but only 33% error for ES = 0.8, demonstrating why Rel-
MAE is essential for comparing accuracy across effect sizes.

Under moderate bias (65%), CMA’s RelMAE improved substan-
tially (27-85% across scenarios), approaching RDMA’s performance
for medium effects with high heterogeneity where p-hacking was min-
imal (Table 1, Figure 2).
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3.6 Heterogeneity estimation

Both methods estimated heterogeneity reasonably well, with RDMA
performing slightly better than CMA (Figure 4). RDMA’s MAE for
heterogeneity estimation (7) was consistently lower than CMA’s across
scenarios, with the largest advantage under severe bias (95%): RDMA
MAE 0.089 vs. CMA MAE 0.185, a difference of 0.096 units (ES = 0.2,
high heterogeneity), and near-zero differences in the least biased sce-
narios. Complete heterogeneity estimation results for all the iterations
are available in the accompanying data files.

Under moderate bias (65%), the performance gap nearly disap-
peared for medium and large effects with medium-to-high heterogene-
ity, although RDMA maintained its advantage for small effects and low
heterogeneity scenarios (Table 1, Figure 4).
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Figure 4: Heterogeneity estimates (7, between-study standard deviation)

from CMA (red) and RDMA (blue).

Box-plots show distributions from

10,000 iterations. Dashed lines indicate true 7 values under three scenar-
ios of the true effect size values.
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3.7 Robustness across publication rates and signif-
icance rates

RDMA advantage across the parameter space
Dashed lines: significance rates calibrated from ecology (65%, 95%).
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Figure 5: RDMA advantage (mean absolute error of CMA minus that of
RDMA) across the publication rate and the significance rate in the published
literature, for each effect size (columns) and heterogeneity level (rows). Blue
indicates that RDMA is more accurate, red that CMA is. Dashed vertical
lines mark the significance rates obtained from ecology (65% and 95%).

The results above use a 50% publication rate and the two significance
rates obtained from ecology (65% and 95%). However, in other fields
(or specific subareas of ecology) these rates might be different. Thus,
we created additional scenarios with the publication rate set to 20%,
50% or 70%, and the significance rate in the published literature rang-
ing from 30% to 95% in steps of 5%. As above, each combination was
crossed with the three effect size magnitudes and three heterogeneity
levels. We retained only the combinations that describe an achiev-
able published literature, that is, those whose target significance rate
is no more than five percentage points below the natural significance
rate for that effect size (a substantially lower target would describe
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a published literature less significant than the studies actually con-
ducted, which is not a publication-bias scenario, and would eventually
exhaust the supply of non-significant studies available to fill the re-
maining publication slots). This yielded 297 combinations, each run
for 2,000 iterations. RDMA’s advantage over CMA, measured as the
difference in the mean absolute error (MAE of CMA minus MAE of
RDMA), increased overall with the significance rate, from near zero at
30% to 0.043 at 65% and 0.156 at 95% on average, and grew as the
publication rate fell, from 0.047 at a 70% publication rate to 0.066 at
20% .

Below a significance rate of roughly 50% the two methods were close
on average, with the mean difference in mean absolute error staying
below 0.015, because little selection or p-hacking is needed to assemble
such a published literature. Two qualifications apply. In the small,
homogeneous corner RDMA already holds an advantage at a 50% sig-
nificance rate (0.081 at a 20% publication rate). Conversely, 64 of the
297 cells marginally favour CMA, by at most 0.024; these cluster where
the target significance rate sits at or just below the natural rate, so
the published literature is barely selected and the residual difference
between the two arms is of the same order as the small downward bias
(around 2%) that both show under our data-generating model. As the
required significance rate rose, RDMA’s advantage grew, and it was
the largest for small, homogeneous effects when selection was most se-
vere, that is, when a high significance rate had to be reached from a
small published fraction. It peaked at a mean absolute error difference
of 0.270 (CMA minus RDMA) for g = 0.2 under low heterogeneity, at
a 95% significance rate and a 20% publication rate (Figure 5); the low
publication rate leaves a large unpublished pool, so the published lit-
erature is a heavily selected slice of the conducted studies and CMA is
correspondingly distorted. A separate corner of the parameter space is
where the published literature is hardest to assemble: a high publica-
tion rate combined with a high significance rate. Here the unpublished
pool is small, so almost every eligible study must be p-hacked to reach
the target, and the required fraction of p-hacked studies rises steeply.
Even so, every parameter combination could be assembled: only the
single most extreme one (g = 0.2, low heterogeneity, 95% significance
rate, 70% publication rate) ran out of eligible studies often enough to
fall short of the full 2,000 iterations. The two ecological values (65%
and 95%) sit within this landscape and are marked on the figure.

4 Discussion and Conclusions

We provide the first simulation-based quantification of the benefits
that raw (open) data can bring to meta-analysis by mitigating the ef-
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fects of publication bias and p-hacking, for the case in which raw data
are available for the full population of conducted studies. Our results
reveal that raw data meta-analysis yields widespread advantages over
classical meta-analysis (when the sample number of included primary
studies and their sample size is the same between the two). These ad-
vantages depend on the extent of publication bias, with the magnitude
of the true effect size and the heterogeneity level both playing impor-
tant moderating roles. Further, our simulations also revealed under
what conditions the observed significance rate of the published litera-
ture can only be reached through p-hacking. We discuss our findings
and their implications below.

4.1 Conditions requiring p-hacking to reach the ob-
served significance rate

Our simulation revealed that, at the ecological publication rate of
roughly 50%, the contribution of p-hacking to overall bias (which we
define as the percentage of significant results in the published litera-
ture) largely depends on three factors: the magnitude of the true effect
size, the heterogeneity between the studies, and the severity of bias;
the publication rate itself is a fourth factor, explored in the parameter
sweep (Section 3.7) . The p-hacking implied by the observed signifi-
cance rate is substantial when the true effects are small (E'S = 0.2) and
when bias is large (95% of published results are significant), peaking
at 50.6% under low heterogeneity. When the heterogeneity of small ef-
fects is low, true effect sizes cluster tightly around a small mean value.
Given that sample sizes typical for ecology (median n ~ 49) rarely
achieve sufficient power to reach significance for such effects, the ob-
served rate of significant published results could only have been reached
through p-hacking. As heterogeneity of small effects increases, the dis-
tribution of true effect sizes widens, so some studies have larger true ef-
fects that achieve natural significance (statistical significance under the
data-generating model), reducing the amount of p-hacking implied by
the target rate. This explains why, paradoxically, CMA’s mean abso-
lute error decreases with increasing heterogeneity for £S' = 0.2: higher
heterogeneity reduces the proportion of studies requiring p-hacking,
thereby reducing the severity of bias.

In contrast, under severe bias, minimal p-hacking was needed for
medium effects (mean 3.8%) and essentially none for large effects (0.04%),
where natural significance rates approach or exceed target levels due to
adequate statistical power. Here, selective publication dominated over
p-hacking. Under moderate bias (65%), the implied p-hacking was sub-
stantially reduced but not eliminated: small effects still implied consid-
erable manipulation (23.0% under low heterogeneity), while medium
effects implied very little (<0.2%). These patterns reflect our mod-
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elling choice of an approximate 50% publication rate, which is likely
realistic, and consistent with empirical evidence across fields [18, 30,
49, 52]. This ratio makes our estimates conservative: lower publication
rates would imply a larger fraction of p-hacked studies. Further, effects
in ecology are typically small to medium (median |g| = 0.55; [47, 48]),
and low statistical power is prevalent across many research fields [4,
7, 8]. Thus, our results demonstrate that the current incentives and
publishing models, where significant results are favoured, are likely the
key to pushing scientists to p-hack.

4.2 When to use raw data meta-analysis

Overall, the benefits of RDMA for accurately estimating the mean ef-
fect increase as true effect size and heterogeneity decrease, yet remain
substantial in most scenarios. The benefits are also larger under severe
bias (95% of published effects are statistically significant) compared to
moderate bias (65% of published effects are statistically significant).
These findings suggest that RDMA might provide the greatest value
for research questions with relatively homogeneous effects, such as con-
trolled experiments with standardised protocols, well-defined interven-
tions, or phenomena governed by consistent mechanisms. It provides
somewhat less value when studying highly context-dependent phenom-
ena with inherently large heterogeneity, although it still yields mean-
ingful improvements over CMA in these contexts.

RDMA’s advantages are most pronounced for small effects with
low heterogeneity (a 76% reduction in relative mean absolute error,
ReIMAE) because RDMA circumvents both selective publication and
severe p-hacking in these scenarios. For larger effects, RDMA primar-
ily circumvents selective publication alone (as p-hacking rates in this
scenario are small), yielding a smaller but still substantial advantage (a
40-60% reduction in ReIMAE). Higher heterogeneity reduces RDMA’s
relative advantage across all effect sizes, measured as ReIMAE, because
true variation among studies becomes large relative to the distortion
introduced by bias. Critically, the type of error differs between the two
methods. RDMA'’s errors stem from natural sampling variation: in-
dividual meta-analyses vary around the true effect, as expected when
randomly sampling & = 23 studies from a larger population. This
produces unbiased estimates with moderate precision. CMA’s errors,
in contrast, reflect systematic bias, with estimates consistently shifted
away from true values in a predictable direction. This distinction is fun-
damental: random error decreases with more studies, while systematic
bias persists regardless of sample size. RDMA therefore provides not
just more accurate estimates, but estimates that improve predictably
as data accumulate.

Our simulation suggests that RDMA’s primary advantage lies in
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accessing the unbiased population of conducted studies, bypassing the
publication selection filter that distorts CMA estimates. In our frame-
work, both RDMA and CMA apply the same analytical method (random-
effects meta-analysis of study-level effect sizes). The difference in per-
formance therefore comes entirely from which studies each method
draws on: RDMA uses the effect sizes of all conducted studies, com-
puted from raw data and unaffected by selective publication or p-
hacking, whereas CMA uses the effect sizes reported in the published
literature, which may be distorted by both. Our results therefore quan-
tify the access channel through which raw data benefits meta-analysis.
This advantage may be shared by other approaches that bypass the
publication filter and use original datasets, such as IPD meta-analysis
in clinical research, though the mechanisms differ. For simple treat-
ment—control comparisons with continuous outcomes—the design that
our simulation captures—published evidence suggests that one-stage
participant-level modelling and two-stage study-level approaches yield
practically equivalent summary treatment effects [62-64], though our
simulation does not test this directly. The additional analytical ad-
vantages of IPD meta-analysis—such as consistent covariate adjust-
ment, exploration of participant-level treatment-effect modifiers, and
appropriate handling of time-to-event outcomes—become important
for more complex research questions that our framework does not ad-
dress.

4.3 Limitations and future directions

We make several simplifying assumptions in our simulations. First, we
conservatively modelled p-hacking only when needed to reach target
bias rates, making our RDMA benefit estimates conservative; in real-
ity, questionable practices are likely more diverse. Second, we assumed
that RDMA draws its sample from the full population of conducted
studies with complete data, whether or not they were published, taking
the same number of studies as CMA. This does not mean RDMA uses
every conducted study; like CMA, it synthesises a sample of 23. What
it assumes is that the pool RDMA samples from is unbiased, contain-
ing published and unpublished studies alike and using their original,
unmanipulated effect sizes, rather than the publication-filtered pool
available to CMA. In practice, data from all conducted studies (pub-
lished or unpublished) will not be available or of sufficient quality for
use [43], reducing RDMA’s advantages. Thus, our results represent an
upper bound of the benefits. Access to raw data also does not resolve
every problem in synthesis: studies whose data are never archived re-
main in the file drawer, poor experimental design is not repaired by
reanalysis, and inadequate annotation or missing metadata can render
archived data unusable. Raw data improve inference; they do not guar-
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antee it. Similar constraints are well recognised in IPD meta-analysis,
where data availability and access decisions can shape the final evi-
dence base. However, RDMA can draw on more studies than CMA
when published literature is limited [41]. On the other hand, in an
ideal scenario where open data are the norm, RDMA might have ac-
cess to a larger pool of studies than CMA, likely increasing the benefits
beyond those reported here.

Third, our simulation examined only a single effect size per study
from simple treatment-control comparisons and therefore did not cap-
ture potential within-study heterogeneity in effect sizes for studies that
report on more than one effect. Related to this, our representation of
the publication selection process enforced a target prevalence of sta-
tistically significant results among published studies, with one effect
size per study. In practice, selection mechanisms are more complex
across disciplines: entire studies may remain unpublished (file drawer
effect), researchers may selectively report significant results while omit-
ting non-significant ones from the same study, and published stud-
ies typically contain multiple effect sizes rather than one. Clinical
research may exhibit additional structured selection mechanisms, in-
cluding time-lag bias and sponsor-dependent dissemination patterns.
Fourth, we tested only random-effects models with REML estimation;
other meta-analytic approaches might show different patterns. Finally,
we did not examine meta-regression or subgroup analyses, which are
common in practice.

Future work should thus examine scenarios with multiple effects
per study to understand how within-study selection interacts with
publication bias. Future extensions could also implement explicit se-
lection probability models, in which the probability of publication is
modelled as a function of statistical significance (e.g., high probabil-
ity for p < 0.05 and lower probability otherwise) and study charac-
teristics, including sponsor status. Such models are widely used in
clinical selection-model literature and would allow direct comparison
with aggregate-data correction approaches developed for medical meta-
analysis. Incorporating sponsor-dependent or outcome-level selection
would be particularly relevant for extending our framework to broader
bias scenarios encountered in regulatory or guideline-setting contexts.

Finally, our choice of 50% publication rate was based on empirical
evidence from ecology and other fields [18, 30, 49, 52|, and represents a
conservative scenario. Our severe bias scenario (95% significant results)
may be less realistic for ecology, where meta-analyses typically include
studies that report multiple effect sizes, and only 64% of such studies
contain at least one significant result among the effects included in the
meta-analysis [47, 48]. However, this scenario may be more realistic in
fields where primary studies commonly report a single effect size, which
is then more likely to be significant. We also varied publication rates
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between 20% and 70% (Section 3.7, Figure 5, Supplementary Material
S6) and the significance rate in the published literature between 30%
and 95%. Consistent with the reasoning above, a substantially larger
fraction of published studies would need to have been p-hacked when
the publication rate is lower (for example 30%, requiring N =~ 77 con-
ducted studies for k = 23 published), and RDMA’s advantage grows
accordingly. When publication rates are higher (for example 70%, re-
quiring only N = 33 conducted studies), the advantage is smaller.
The analysis also shows that the implied fraction of p-hacked studies
rises steeply towards the extreme corner (small effects, high signifi-
cance rate, high publication rate), where a valid published literature
becomes progressively harder to construct, which further clarifies the
boundary conditions for RDMA’s benefits.

Our estimates cannot at the moment be evaluated against real data
as raw data meta-analysis remains very rare. However, if more meta-
analyses begin using raw data, following existing guidelines [36], it
might be possible to evaluate the assumptions of our model and its
estimates. Hybrid approaches that combine published effect sizes with
available raw data merit investigation, as they may provide a pragmatic
middle ground. Empirical studies quantifying the time and resource
costs of data acquisition would help researchers make informed deci-
sions about when to pursue RDMA. Such extensions would strengthen
understanding of when RDMA justifies the additional time investment
it requires.

4.4 Tool for meta-analysts

Our simulation framework is designed to be field-agnostic. Researchers
can assess RDMA’s potential benefits in their domain (or a particular
research area) by replacing our ecological parameters with values rele-
vant to their scenario. Required inputs include: (1) expected (typical)
effect size magnitudes (Hedges’ g or other standardised effect sizes), (2)
between-study heterogeneity estimates (72), (3) typical sample sizes of
primary studies (e.g., treatment and control group sizes), (4) the typ-
ical number of published studies per meta-analysis (k = 23 in our
simulations, representing the median in ecology), (5) the estimated
publication rate in the field (approximately 50% in ecology, mean-
ing N = 46 conducted studies are needed to yield k = 23 published
studies), and (6) bias severity (proportion of significant results in the
published literature). Both k and the publication rate are necessary
because together they determine N, the population of conducted stud-
ies from which RDMA samples, and consequently how much p-hacking
is required to achieve target bias rates: a lower publication rate (re-
quiring a larger N of conducted studies to yield k published studies)
increases p-hacking requirements and amplifies RDMA’s advantages.
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The code, which can be accessed at [45], automatically generates
performance metrics (mean absolute error, confidence interval cover-
age, heterogeneity estimation accuracy) across user-specified scenar-
ios. For researchers who want a quick preliminary estimate of ex-
pected CMA bias without running the full simulation, we also pro-
vide a closed-form approximation based on truncated normal theory
(Supplementary Material S3) with an accompanying R script (S3.R)
that returns an approximate bias estimate for a given combination of
effect size, heterogeneity, sample sizes, and publication bias severity.
Although our simulation used Hedges’ ¢ as the effect size measure,
the framework can be adapted to other common meta-analytic met-
rics such as the log response ratio (InRR) or Fisher’s z-transformed
correlation coeflficient. The overall architecture—including the publi-
cation bias mechanism, the RDMA versus CMA sampling design, and
all performance metrics—is effect size agnostic. Adaptation requires
replacing the data-generating function with one appropriate for the
targeted effect size, adjusting the p-hacking mechanism to match the
corresponding test statistic, and recalibrating input parameters to re-
flect empirical distributions for the chosen metric. All manipulation
is confined to a single block of the literature-generation function, doc-
umented in the code repository, so a reader who wishes to model a
specific mechanism (for example outlier removal, optional stopping, or
selective outcome switching) rather than our net-effect formulation can
substitute it there without altering the rest of the pipeline. Detailed
guidance is provided in the code repository [45].

4.5 Conclusions

RDMA is overall superior to CMA; however, its advantages depend
on the interaction of bias severity, the publication rate, the true ef-
fect size magnitude, and the heterogeneity level. The advantage we
quantify arises from access to an unbiased, unselected set of conducted
studies, that is, from bypassing publication selection and the incentive
to p-hack, rather than from any difference in the statistical method
used to synthesise the studies, since both methods apply the same
two-stage random-effects model. Where raw data are available only
for a selectively published subset of studies, the gains reported here
are expected to be lower. Under severe bias (95% significant results
published) with low to medium heterogeneity, RDMA substantially re-
duces mean absolute error compared to CMA: by 54-76% for small
effects (g = 0.2), 48-71% for medium effects (g = 0.5), and 40-60% for
large effects (¢ = 0.8). RDMA consistently maintained 93-95% con-
fidence interval coverage across all scenarios, while CMA’s coverage
ranged from only 21-34% under low heterogeneity to 71-77% under
high heterogeneity. Under moderate bias (65%) with high heterogene-
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ity and medium effects, the performance gap narrows substantially,
with CMA performing adequately.

Given that raw data meta-analysis provides substantially more ac-
curate effect size estimates across the scenarios most plausible for a
range of research fields, researchers should more often seek to incorpo-
rate raw data into meta-analyses. This can be done by either using raw
data from published studies or by identifying raw data independently
[36, 41]. However, raw data are often difficult to find and use, as their
quality is often very low [43, 44]. The research community, including
funders and publishers, should thus seek to increase data quality and
thereby increase the reliability of estimated effects.
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Supplementary Material S1: Deviations from
Preregistration

Our simulation approach evolved during empirical data analysis to bet-
ter reflect realistic conditions in ecological meta-analysis. Key mod-
ifications align simulation parameters with empirical evidence while
maintaining core objectives.

Number of studies per meta-analysis

We initially planned k = 70 studies based on the median number of
effect sizes per meta-analysis. However, examining Fox and Costello
[48] more carefully revealed that the median meta-analysis comprises
64 effect sizes from only 23 unique studies. Since our simulation gen-
erates one effect size per study, k& = 23 better reflects typical primary
studies in ecological meta-analyses.

Sample size allocation

Our preregistration specified 50% of studies with sample sizes n =
20 — 30, 25% with n = 30— 70, and 25% with n = 70 —100. We revised
this to 256% with n = 20 — 30, 50% with n = 30 — 70, and 25% with
n = 70 — 100 to better represent the range of sample sizes in ecological
research while maintaining prevalence of small samples.

Heterogeneity parametrisation

We initially specified heterogeneity as 7 = 10 — 30% of effect size (7
being standard deviation). Empirical analysis revealed modest positive
correlation between absolute effect size and 72 (variance) (r = 0.41, p =
0.005), leading us to express heterogeneity as proportions of effect size
magnitude: 72 = 0.40x effect size (low), 1.00x effect size (medium),
and 1.50x effect size (high). This produces values spanning from below
empirical @ (0.26) to above Q3 (0.88) observed by Fox and Costello
[48].

Additional bias scenario
While our preregistration focused on severe bias (95%), we added a
moderate bias scenario (65%) based on Fox and Costello [48], which

showed 64% of studies in ecological meta-analyses contain significant
results.
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These refinements improve our simulation’s ecological realism without
changing fundamental research questions or analytical approach.

Additional analyses added during revision

In response to peer review we added three analyses that were not part
of the original preregistration: (i) a continuous sweep of the publi-
cation rate (20% to 70%) and the significance rate in the published
literature (30% to 95%), reported in the main text and Supplemen-
tary Material S6; (ii) sensitivity analyses varying the p-hacking eligi-
bility window and the split between threshold-shifting and estimate-
inflating manipulation, reported in Supplementary Material S4; and
(iii) a change in how each study’s natural significance is computed,
now from a two-sample t test on the simulated raw data rather than
from the standardised effect size, with the two definitions compared in
Supplementary Material S5. These are additions and a code correction
rather than departures from the preregistered design, and none alters
the preregistered research questions or analytical approach.
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Supplementary Material S2: Mathematical
formalisation of the simulation algorithm

Here we formalise the publication-bias and p-hacking mechanism ex-
actly as implemented in the simulation code. We explicitly state the
conditions under which the algorithm is successful, and calculate the
expected total reported effect under those conditions.

Exact conditioning structure induced by the simula-
tion algorithm

Let k£ denote the target number of published studies entering the clas-
sical meta-analysis, and let K denote the size of the conducted-study
population generated in each attempt (k = 23, K = 46). The code
repeats generation attempts until a valid published literature is ob-
tained, so all expectations relevant to the simulation are conditional
on the event that the generation algorithm succeeds.

For each conducted study ¢ = 1,..., K, a total sample size N; is
generated, then split as
N; N;
nri = [TW’ nei = {7} df; = N; — 2.

A true study-specific effect is then generated as
A =p+U;, U; ~ N(0,7%).
Conditional on (N;, A;), the study-level raw data are generated as
iid iid
Yeits -y Yoineg, ~ N(0,1), Yrit, -y Yring, ~ N(Aq,1).

Let

nTiq

o
_ 1 Ci -~ 1
Yoi = E Yoij, Yri = E Yrij,
nci 43 nri <—
J= Jj=1

and let the pooled standard deviation be

g _ |(n7i— 1)83,; + (nci — 1)5%,1"*
pr N, —2 '

The simulated Cohen’s d and the Hedges correction factor are

Yri — Yoi 3
di=—g—, Ji=1l— .
5. 7 AN —2) 1

The observed study estimate is therefore

Y; = Jidi,
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1204 and the within-study sampling variance is

N; d?
Vi=(— J7.
(nTmCi + 2N )

1295 The natural significance of each study is assessed with the two-sample
1296 Student ¢ test on the simulated raw observations, exactly as a primary
1297 study would report it. The associated test statistic and two-sided p-
1208 value are

YC’L /nTanz 1 N Ft,df% (|T,1|)> 7

pz \/ nri nc

1299 where F; g4¢ is the cumulative distribution function of the Student ¢
1300 distribution with df degrees of freedom. In an earlier version of the
1301 algorithm the p-value was instead derived from the standardised effect
1302 size as P; = 2(1 — Fy ar, ( Vil)); the two definitions give numeri-
1303 cally very similar values and leave all results unchanged, as verified in
1304 Supplementary Material S5.
1305 The simulation partitions the conducted studies into three sets:

A={i:P, <005}, B={i:005<P <030}, C={i:P>0.30}.

1306 Set A contains the originally significant studies, B contains the non-
1307 significant studies eligible for p-hacking, and C contains the remaining
1308 non-significant studies. Let

a=|4], b=1B|, c=1C|, M=a+b+ec.

1309 Note that we retain only studies with finite Y;, finite V;, and V; > 0; all
1310 formulas below are conditional on the retained conducted literature.
1311 Let

q € {0.65,0.95}

1312 denote the target proportion of published studies that must be signif-
1313 icant. We have

s* = round(gk), =k — s

1314 so that s* is the target number of significant published studies and £*
1315 is the target number of non-significant published studies.

1316 If @ > s*, then no p-hacking is needed. If a < s*, the number
1317 of additional significant studies that must be created by p-hacking is
1318 h=s"—a.

1310 In all cases define

s = min(a, s*).

1320 which is the number of originally significant studies that are actually
1321 published.
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A generation attempt is accepted only if the algorithm can con-
struct the published sample and the resulting sample size falls within
a tolerance window of the target. Let § = max(3,round(0.15k%)). The
exact success event is

E={M>K}N{b>h}N{M—a—h> Y0 {|kectaa — k| < 5},

where kactual = s+h4-L} (. is the realised number of published studies.
The first condition is the code’s requirement that at least K = 2k valid
studies remain after filtering. The second condition ensures that there
are enough eligible studies for p-hacking. The third condition ensures
that after removing the hacked studies from the non-significant pool
there are still enough remaining non-significant studies to fill the ¢*
non-significant publication slots. The fourth condition is the code’s
acceptance tolerance, which in practice is rarely binding (§ = 3 for
k = 23).

All expectations corresponding to the actual simulation are there-
fore conditional on &.

Exact construction of the published sample

Conditional on the realised conducted literature and on £, we construct
the published literature as follows.

If s > 0, the set of originally significant published studies, denoted
S, is drawn uniformly without replacement from A so that |S| = s.
Hence

Pr(S=S|A,E) = (Z)l

for every S C A such that |S| = s.
If h > 0, eligible p-hackable studies in B are ordered by increasing

p-value:
B B B
Py s Pay < = By

The hacked set is then chosen deterministically as the h studies closest
to significance:

H= {i(l),...,i(h)}.

-4l

The first r hacked studies, namely i(y,...,%, undergo “mild” p-
hacking, while the remaining h—r hacked studies, namely i, 41y, - - -, i(n),
undergo “aggressive” p-hacking.

For the mild subgroup, the reported effect size is unchanged:

Let

* — )Q

()

. j=1...,7
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1353 and only the reported p-value is replaced by an independent draw

P}~ Unif(0.01,0.049).

1354 For the aggressive subgroup, we generate
Ui, u Unif(0.01, 0.049), j=r+1,...,h,
1355 then define
T* _ F71 1 _ Ui(j)
oy b, 2 )
1356 The observed effect size becomes
*x ok g
Yi(a‘) o Tim Vig-
1357 The reported p-value is set equal to
* — .
Pi(j) - UZ(J‘)'
1358 Note the within-study variance is not altered, so for all hacked studies
1359 V;tj) = Vi
1360 The remaining non-significant studies are
R=(BUQC)\ H.
1361 The published non-significant set NN is sampled uniformly without re-
1362 placement from R so that |N| = ¢*. Hence
-1
Rl
Pr(N =N |R,E) = (E*
1363 for every N' C R such that |N| = ¢*.
1364 The final published set is
P=SUHUN, |P| = k.
1365 Expected effect among originally significant published
1366 studies
1367 Because S is a simple random sample without replacement from A, the
1368 sample average of the originally significant published studies is unbi-
1369 ased for the finite-population average over A. Therefore, conditional
1370 on the realised conducted literature,
E(2 Y YA = L >y, >0
s 7 ’ - a - (2 a .
€S €A
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Equivalently, the exact expected effect among originally significant
published studies is

1™ (D Zn a>0,
zeA

where D denotes the realised conducted literature.
Passing from the realised literature to the simulation distribution,
the exact expected effect among originally significant published studies

is
/nglb (t| :E:: }/

ZEA

A|>08>

By exchangeability of the K conducted studies, this can also be written
as
PR =R (Y|P <0.05,€).

Expected reported effect among hacked studies

Let 1

_ *

T h Z Y;

icH

denote the average reported effect among hacked studies, defined only
when h > 0. Conditional on the realised conducted literature D and on
the success event &, the hacked set H is deterministic, and randomness
arises only from the uniforms used in the severe hacking step. Hence

E(Y; | D,&,h > 0) = sz zh: (Z()’Dé’)

Jj=r+1

Forj=r+1,....h,

Ui, .
* —1 2(5) .
Vi, = \Vie Fiit, (1 - 2) , Ui, ~ Unif(0.01,0.049),
SO

( i) ‘D 5) Vigy m(dfig,) ),

1 0.049 "
- Fi(1-) qu.
m(d) = 5039 /0_01 td ( 2) du

Therefore the exact conditional expectation among hacked studies is

where

(D) = E(Y; | D,E,h > 0) = Z i Z Vi, m(dfi,))

j=r+1
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Averaging over the simulation law yields the exact unconditional ex-
pectation
pr =E(ua(D)[h>0,€).

Equivalently,

[h/2]
1
p =E h § : Yi + E: Vi, m(dfig)) | |h>0,€
=[h/2]+1

Expected reported effect among all significant pub-
lished studies
The set of significant published studies is
G=SUH, |G| =s+h=s"
Its average reported effect is
_ 1 (Z Yi+ ) Y-*)
sF\ =" C
i€S i€H

Conditional on D and &,

1
(YG | D (‘: 7* ZY + Z 1(5) Z z(J) 7‘(]))

j=r+1

Exact expectation and bias of the CMA estimator

In the simulation, an intercept-only random-effects meta-analysis model
is fitted to the published sample by REML. Let

Y* = (Yl*a .. -aYk*)T? V* = (Vl*r . -aVk*)T

denote the published effect sizes and within-study variances after the
publication and p-hacking algorithm has been applied. The published-
study ordering is immaterial. Define

7A'lgtEML(ya v)

to be the REML estimate of the between-study variance in the intercept-
only model returned by the rma fit, and define

5 %‘
j=1 v; + 612 V.,V
YreEML(Y, V) = - J RElML( ) .
Z ’

I=hu + TRemL(Y> V)
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1405 Then the CMA point estimator is exactly

fioma = YreML(Y ™, V7).

1406 Conditional on the realised conducted literature D and on &£, the
1407 only remaining randomness comes from the uniform subset S of origi-
1408 nally significant studies, the uniform subset N of non-significant pub-
1409 lished studies, and the uniforms used in the severe p-hacking step.
1410 Hence the exact conditional expectation of the CMA estimator is

; ./
YremL (Y", V") du| ,
0_039h—7' [0.01)0'049])7/—7‘ ( )

E(ficma | D, &) = (a)(l\/[l—a—h > >

s e ) scA NC(BUON\H
|S|=s |N|=£*

1411 where
’l/)REML (Y*, V*) = wREML (y*(D7 San u)7 V*(Da S7N))7

1412 y*(D,S,N,u) is the k-vector of published effect sizes formed by con-
1413 catenating

{Yi:iES},{Yi(j):j:L...,r},{ V;(?.)F;dlf_()(l—ﬁ);~:r+1,...,h},{Y;:iEN},
. » Fra,,

2
1414 and v*(D,S,N) is the matching vector of within-study variances,
1415 which is simply the corresponding collection of original V;’s.
1416 The exact unconditional expectation of the CMA estimator under
1417 the simulation is therefore

E(icma | €) = E[E(icma | D,E) | €],

1418 Accordingly, the exact bias of the CMA estimator induced by the
1419 simulation algorithm is

Biasiyia~ = E(fcma | €) — p.
1420 This expression is exact for finite sample representation as defined by
1421 the algorithm. It is not reducible to a simpler elementary closed form
1422 without some approximations and inexact simplifications.

45



1423 Supplementary Material S3: Closed-form ap-

1420 proximation for CMA bias

1425 We derive a closed-form approximation for CMA bias under selective
1426 publication and p-hacking, using the truncated normal distribution.
1427 This avoids the combinatorial complexity of the exact expressions in
1428 S2 while closely matching the simulation results (Table 2).

1420 Setup

1430 We use the notation of S2 throughout. Each conducted study ¢ has
1431 true effect A; ~ N(u,72), sample size N;, observed effect Y; = J;d;
1432 (Hedges’ g), and within-study variance V; ~ (N;/nrinc;) J?. A study
1433 is significant when |Y;| > Yeyiv,s, where Yeie,i = to.975, N;—2V/Vi- As in
1434 S2, s* = round(g¢k) studies in the published sample must be significant
1435 and ¢* = k — s* are non-significant.

1436 Assumptions

1437 We make two simplifications. First, conditional on (A;, N;):

Yi | Ay, N; ~ N(J;Aq, Vi).

1438 Second, we approximate the REML-weighted estimator ficya = YreMmL(Y*, V*)
1439 (S2) by a simple average of published effects. This is reasonable be-
1440 cause the REML weights 1/(V; + #2) become approximately uniform
1441 as 72 grows.
1442 Truncated normal expectations
1443 For a study with A, =6, N; = n, let 0; = v/V;, ¥; = J6, and define
)/crit - Yfz _Y::rit - }_/2
ay =, =,
ag; ag;
1444 where ¢ and ® are the standard normal density and CDF. The expected
1445 effect among significant studies (right tail, which dominates for positive
1446 effects) is
7, P(aw)
EY; | Yi > Yait, 0,n] = Yi+0; ————"—,
[ | t TL] +o 1_ (I)(Olu)

1447 with probability of significance 7(d,n) =1 — ®(aw,) + ®(ay). For non-
1448 significant studies (doubly-truncated normal):

par) — plaw)

E}/l }/l Yri767 :i_/l [ .
[ H |< crit Tl] +o @(au)—@(ag)
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1449 Integration over the study population

1450 Since A; and N; vary across studies, we integrate over § ~ A/ (u, 72) and
1451 average over sample-size strata {(n;,w;)} (midpoints: n = 25,50, 85
1452 with weights 0.25,0.50,0.25):

[ WY Y > Yo, ) m(6,my) £6) s

E[Y | sig] = ! .
/ij w(6,n;) £(8)dd
J
1453 where f(§) is the A'(u,72) density. The non-significant expectation
1454 E[Y | non-sig] is analogous. The marginal significance probability is
1455 T = fz] w; W((S,nj)f((;) dd.
1456 P-hacking components
1457 When K7 < s*, the shortfall h = s* — K7 studies require p-hacking
1458 (S2). The first r = [h/2] undergo mild hacking (effect ¥; unchanged),
1459 the remaining h —r undergo aggressive hacking. Their expected effects
1460 are:
1461 Mild: these studies have p € (0.05,0.30]; their original effects sit
1462 between the p = 0.30 and p = 0.05 boundaries, so the expected original
1463 effect is approximated as
]E[Y | mlld] ~ %()/low + )/crit)a
1464 where Yiow = £ g5 y_2 0 is the p = 0.30 boundary.
1465 Aggressive: following S2, Y;* = T*\/V; with T} = Ft_dlfi (1-U;/2),
1466 U; ~ Unif(0.01,0.049), giving
~ 1 0.049
E[Y™ | aggressive] = -m(d), m(d) = —— F(1- L) du (S2).
0.039 Jo.01 '
1467 Combined approximation
1468 With s = min(K7, s*) originally significant published studies:
1
Elicma] = z [SE[Y | sigl+r E[Y | mild]+(h—r) E[Y™ | aggressive] +¢* E[Y" | non-sig] |,
1469
Biasghya = Elficmal — p.
1470 When h = 0 (no p-hacking needed), this simplifies to E[icma] =~
171 (s*/k)E[Y | sig] + (¢*/k) E[Y | non-sig].
1472 These expressions allow researchers to obtain a quick estimate of ex-
1473 pected CMA bias for their own field-specific parameters—effect size
1474 magnitude, heterogeneity, sample sizes, and publication bias severity—
1475 without running the full simulation. An accompanying R script (S3.R)
1476 is provided in the repository.
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Interpretation

The bias is driven by the ratio of the significance threshold Y to
the true effect. When Yt > p (small effects, small samples), only
studies with large positive sampling errors pass the filter, and the uplift
d(ay) /(1 — P(ary)) is large. When p is large enough that most studies
are naturally significant, the truncation point falls into the left tail and
the uplift vanishes.

Increasing 72 widens the distribution of A;, so more studies achieve
significance through genuinely large effects rather than sampling luck,
attenuating the selection bias. This matches the simulation finding
that RDMA’s advantage shrinks with heterogeneity.

CI coverage and error bounds

Under selective publication, the CMA estimate is centred on u + Bias
while the CI is constructed as if unbiased. With half-width w = zg 975 -

SE: Bi Bi
w — blas —w — blas
(j()\7€3r21£§e ~ ¢ <:ES]E):> - ¢ <if;]£}:>

When Bias > w, coverage collapses, consistent with 20% coverage for
small effects under severe bias. The MAE decomposes as |Bias| +E[|¢]]
where ¢ ~ O(y/(V +72)/k). The bias is a structural property of
the publication filter and does not diminish with k; only the random
component shrinks. RDMA eliminates the bias term entirely.

Validation

Table 2 compares the approximation with simulation (Table 1, 10,000
iterations). Mean absolute difference: 0.012; maximum: 0.041. The
largest gaps occur for small effects under severe bias with low hetero-
geneity, where p-hacking is heaviest and the midpoint approximation
for borderline studies is coarsest.
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Table 2: Approximation vs. simulation for E[ficna]

True ES Het. Bias Approx. Sim. Diff.

0.2 Low 65% 0.394 0.37 +0.024
0.2 Low 95% 0.521 0.48 +0.041
0.2 Medium  65% 0.331 0.33 +0.001
0.2 Medium  95% 0.478 0.44 +0.038
0.2 High 65% 0.302 0.30  +40.002
0.2 High 95% 0.433 0.41 +0.023
0.5 Low 65% 0.628 0.63 —0.002
0.5 Low 95% 0.824 0.80 +0.024
0.5 Medium  65% 0.581 0.58  +0.001
0.5 Medium  95% 0.807 0.80  +0.007
0.5 High 65% 0.546 0.55 —0.004
0.5 High 95% 0.767 0.77  —0.003
0.8 Low 95% 1.073 1.07  +0.003
0.8 Medium  95% 1.096 1.10  —0.004
0.8 High 95% 1.071 1.08 —0.009
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Supplementary Material S4: Sensitivity of
results to p-hacking assumptions

Two features of the p-hacking procedure are not pinned down by empir-
ical evidence: the p-value window within which a non-significant study
is eligible for p-hacking, and the split between threshold-shifting (mild)
and estimate-inflating (aggressive) manipulation. We varied each in
turn, holding all other parameters at the empirical ecological values,
at 2,000 iterations per cell. Eligibility window. We repeated the eco-
logical case-study scenarios with the window set to 0.05 < p < w for
w € {0.20,0.30,0.40,0.50}. Widening the window admits studies fur-
ther from significance into the eligible pool, but because the algorithm
always p-hacks the studies closest to significance first, the composi-
tion of the published literature barely changes: RDMA’s advantage
moved by at most 0.014 across the entire range of w, in every scenario.
Mild versus aggressive split. We varied the proportion of ma-
nipulated studies subjected to threshold-shifting rather than estimate-
inflating manipulation across {0, 0.25,0.50,0.75,1.00}, that is, from all
manipulation inflating the estimate to all manipulation only shifting
significance. Across all 75 combinations of split and scenario, RDMA
remained more accurate than CMA (Figure 6). The direction of the
conclusion therefore does not depend on which mode of p-hacking is
assumed. As expected, the magnitude of RDMA’s advantage is larger
when manipulation inflates the effect size, because CMA is then more
distorted, and smaller when manipulation only shifts the p-value across
the threshold while leaving the effect size unchanged. The latter ex-
treme, in which all manipulation is threshold-shifting, is therefore the
one least favourable to RDMA; even there, RDMA remained more ac-
curate than CMA. Our main analysis uses an intermediate 50% split,
so it neither maximises nor minimises the reported advantage.
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Sensitivity to the p-hacking mode

Advantage remains positive from all estimate-inflating (0) to all threshold-shifting (1)
g=0.2 g=05 \ g=08

0.3

02 e

\\\\

1moq

1
o

e o
w o

o
N

2 wnipap

4

RDMA advantage (MAE CMA - MAE RDMA)
o o
w o

e
N

1 ybiH

01 \\\\

0.0

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Proportion of manipulation that is threshold-shifting (mild)

Significance rate -+ 65% - 95%

Figure 6: RDMA advantage (mean absolute error of CMA minus that of
RDMA) as a function of the proportion of manipulation that is threshold-
shifting, from 0 (all estimate-inflating) to 1 (all threshold-shifting), for each
effect size (columns) and heterogeneity level (rows), under moderate (65%)
and severe (95%) bias. RDMA is more accurate throughout.

51



1532

1533

1534
1535
1536
1537
1538
1539
1540
1541
1542
1543
1544
1545
1546
1547
1548
1549
1550
1551
1552
1553
1554
1555
1556

Supplementary Material S5: Definition of
each study’s natural significance

Each study’s natural significance can be assessed either from a two
sample Student ¢ test on the simulated raw observations, exactly as a
primary study would report it, or from the standardised effect size and
its sampling variance as P; = 2(1 — F} a¢,(|Y;/v/Vi])). The submitted
version of the code used the second; following Reviewer 1, the revised
version uses the first, which is the more faithful representation of how a
primary study reports a result and of the quantity on which publication
selection and p-hacking act. We reran all fifteen headline scenarios
under both definitions. The two give numerically very similar results:
across the fifteen scenarios the mean absolute error of both methods
differed by at most 0.02 (mean 0.004), the accuracy of heterogeneity
estimation by at most 0.009, confidence interval coverage by at most
4.4 percentage points, and the mean percentage of studies requiring
p-hacking by at most 2.8 percentage points (for example, from 35.1%
to 32.4% for small effects with medium heterogeneity under severe
bias). The raw-data definition finds marginally more studies naturally
significant, so slightly less p-hacking is required to reach each target
significance rate. The sign of RDMA’s advantage is unchanged in every
scenario. Because the two-sample ¢ test consumes no random numbers,
the two definitions share an identical simulation stream up to the point
at which a study is classified as significant, so these differences reflect
the change of definition alone and not run-to-run variation. All results
reported in the main text use the raw-data definition.
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1557 Supplementary Material S6: Full parameter-
155 sweep results

1550 We crossed the publication rate (20%, 50%, 70%) with the significance
1560 rate in the published literature (30% to 95% in steps of 5%), for each of
1561 the three effect sizes and three heterogeneity levels, at 2,000 iterations
1562 per cell (297 valid cells in total; cells requiring a published literature
1563 more than five percentage points less significant than the natural rate
1564 are omitted). Figure 5 in the main text summarises RDMA’s advantage
1565 across this landscape.

P-hacking required to reach the observed significance rate
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Figure 7: Mean percentage of published studies requiring p-hacking to reach
the target significance rate, across the publication rate and the significance
rate in the published literature, for each effect size (columns) and hetero-
geneity level (rows).

1566 Figure 7 shows the companion surface: the mean percentage of pub-
1567 lished studies that must have been p-hacked to reach each significance
1568 rate. P-hacking is negligible at low significance rates and at large ef-
1569 fect sizes, and rises steeply towards small effects, high significance rates
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1576

and high publication rates, the corner in which the unpublished pool is
smallest relative to the number of significant studies required. Every
one of the 297 cells could be constructed; only the single most extreme
combination (¢ = 0.2, low heterogeneity, 95% significance rate, 70%
publication rate) fell short of the full 2,000 iterations, completing 1,371
of them. The complete cell-level results are available in the data reposi-
tory (NEW _sweep full.csv, NEW sweep heat effect.csv, NEW sweep feasibility.csv).
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