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This useful study provides a novel perspective on assessing the generalizability of
meta-analytic findings by introducing prediction intervals (and distributions) as tools
to evaluate whether future studies will likely yield non-zero effects. The methodology
is generally solid, with a thorough exploration of a large set of published meta-
analyses that broadens our understanding of between-study heterogeneity.
However, some critical details are incomplete, requiring refinement to ensure
statistical rigor.
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Abstract

Despite the importance of identifying predictable regularities for knowledge transfer across
contexts, the generality of ecological and evolutionary findings is yet to be systematically
quantified. We present the first large-scale evaluation of generality using new metrics. By
focusing on biologically relevant study levels, we show that generalization is not uncommon.
Overall, 20% of meta-analyses will produce a non-zero effect 95% of the time in future
replication studies with a 70% probability of observing meaningful effects in study-level
contexts. We argue that the misconception that generalization is exceedingly rare is due to
conflating within-study and between-study variances in ecological and evolutionary meta-
analyses, which results from focusing too much on total heterogeneity (the sum of within-
study and between-study variances). We encourage using our proposed approach to elucidate
general patterns underpinning ecological and evolutionary phenomena.
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Introduction

Ecologists and evolutionary biologists strive to uncover predictable regularities about the

biological world, seeking biological generality e, Unveiling general patterns that underpin a

given phenomenon is of immense interest in ecology and evolution 22, This pursuit enables
stakeholders such as practitioners and policymakers to transfer knowledge across diverse
populations and contexts, including different ecosystems, species, and spatio-temporal scales. This,
in turn, enhances predictive capabilities and facilitates more precise management, intervention,
and conservation practices. Meta-analyses play a pivotal role in this process. By synthesizing
evidence from a collection of comparable study systems ?‘.9., meta-analyses can scrutinize the
extent to which inferences drawn from a specific population can be replicated (replicability),
extended beyond the reference population to a new population of interest (transferability), and

extrapolated to a broader target population (generalizability) as requested by stakeholders 12438

Despite the high heterogeneity revealed in ecological and evolutionary findings 2%, the generality
of these findings has yet to be empirically quantified, despite its critical importance. The
‘generality gap’ likely stems from a lack of suitable metrics for quantifying generality.
Traditionally, heterogeneity—reflecting variability in population (true) effect sizes— has been
used as a proxy for inferring the generality of effects in a population of studies 82 7ero
heterogeneity indicates population effect sizes are consistent across different studies, implying
that the population effect is perfectly generalizable, transferable, and replicable across different
contexts. While heterogeneity metrics, such as Cochran’s Q and 2%, are commonly used for this
purpose, it is challenging to interpret and understand them as indicators of generality.6...'t—’.‘)... More

importantly, the current practice of estimating total heterogeneity to infer overall generality 2

completely ignores the hierarchical nature of ecological and evolutionary data structures §..9.’9.9.,
leading to the illusion that little to no generality can be drawn from ecological and evolutionary
52

findings 2=\ Explicit partitioning of heterogeneity at different hierarchical levels (e.g., study- and
species-levels) provides novel insights for understanding the generality of population effects
3

tailored to specific population characteristics such as taxa, ecosystems, locations, and times -

Results

Here, we present the first systematic investigation to demonstrate how the use of total
heterogeneity, which confounds different sources of heterogeneity, has impeded our ability to
generalise ecological and evolutionary findings. We show how focusing on the decomposition of
heterogeneity can provide more appropriate predictions of generalisability. To achieve this, we
use a dataset comprising 512 meta-analyses with 109,495 observed effect sizes 10621152 and we
apply hierarchical partitioning techniques (see below and Methods) to estimate prediction
intervals (PIs) and derive predictive distributions (PDs). PIs and PDs both offer direct measures of
generality 12C2,132 This is because Pls provide an interval that indicates the extent to which the
phenomenon of interest (more precisely, the population effect) can be generalized in replication

studies with a certain probability (usually 95%) 1222 PDs offer a probabilistic estimate of the

entire distribution of effect sizes from new studies .1..3.'?—’.‘).., enabling the estimation of the likelihood
of observing future studies from similar contexts above a biologically or practically meaningful
threshold. For example, consider a situation where a conservation biologist is interested in
knowing how frequently a conservation intervention in a replicated study would surpass an SMD
= 0.5. If the probability of observing an effect at the between-study level is 88% then we can
conclude that 88% of future studies are likely to produce an SMD value of 0.5 or greater (Fig. 1),

with strong implications for management, conservation practices, and policymaking.
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Fig. 1.

Example of how prediction distributions (PDs; panel A) combined with prediction
intervals (PIs; panel B) can be used to understand the generality of population effect size.

We simulated hierarchical data with three sources of variance [between- (6?) and within-study (¢2) variance as well as
sampling error]. k = 100 effect size estimates were nested within a total of 50 studies, with a oZ =0.1, 62 =0.6, and an overall
mean population effect pg of 0.5. The top plot (Panel A) provides the probability of observing an effect from a new study
above the meaningful threshold (i.e., the lower boundary of 95% CIs around the mean). Red dashed lines are the upper and
lower 95% PI, and black dashed lines are the ‘null’ effect. The bottom plot (Panel B) displays the estimated overall mean
population effects, 95% confidence intervals (CIs), and 95% PI. The PDs were constructed using a t-distribution with k - 1
degrees of freedom, pg as the location parameter, and total (¢ = o7 + 03) variance or study-specific variance (s7) as the scale
parameter.
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We assessed the ‘generalisability’ of a given meta-analysis by deriving PIs and PDs using 1) total
heterogeneity and 2) after partitioning heterogeneity to within- and between study levels. We then
compare how conclusions about generalisability change when comparing these scenarios. The
procedure of “decomposition” is logical and straightforward. Suppose 6;; is the i-th population
effect size in j-th study included in a meta-analysis. We first fit the three-level meta-analytic model
1402,152 16 each of the 512 meta-analyses to estimate the average effect size in the population yg =
E[Gij] (i.e., meta-analytic overall mean), and variance of =var(s;] of the population effect size Gij. A
typical assumption of the three-level meta-analysis model implies that Gij is a random sample from
a distribution of population effect sizes with mean pg and variance o *. Based on the estimated
parameters from these models, we employed both integration methods and Monte Carlo
simulations (as detailed in Methods) to derive PIs and PDs from the distribution of population
effect sizes for each meta-analysis. The three-level model has two properties that provide the
statistical foundation for us to test the generality of meta-analysis results: (1) inferences and
predictions can be made for studies that are not included in the meta-analysis, (2) variance + can
be decomposed into between- and within-study level variances (s and 2 ), enabling us to
disentangle the generality at specific contexts.

Overall, 321 out of 512 (63%) meta-analyses showed a statistically significant average population
effect (non-zero effect; Table S1), where the null hypothesis uy = 0 was rejected at a significance
level of 0.05, or equivalently, the 95% confidence interval (CI) excluded the null effect (zero). This
finding indicates that for every negative (null) ecological and evolutionary meta-analytic finding,
there are approximately two positive ones. However, iy, the uncertainty in pg (95% CI), and the
hypothesis test (p-value) are insufficient to summarize the generalisation of the heterogeneous
effects . 2. To better assess generalisability, we should construct and report on PIs. PIs derived
using total heterogeneity o and sampling errors (see Methods) revealed that only 21 excluded the
null effect within their 95% PIs among the 321 meta-analyses showing statistically significant
effects (Table S1). Therefore, only a very small number of meta-analyses offer assurance that
future replication studies (studies on similar topics) would yield a non-zero effect.

However, this seemingly low degree of generalizability partially results from not correctly
accounting for the hierarchical nature of ecological and evolutionary data. Decomposing PIs at the
between-study suggests 71 meta-analyses achieve generalisation at the between-study-level
context (after controlling for the within-study variance; Table S1); in other words, among studies
with statistically significant average population effects, 22% of future replication studies would
produce a non-zero effect (95% of the time; Fig. 2A @). Different effect size measures showed
similar patterns (Table S2). Given these results, the use of total heterogeneity for PIs, which
overlooks the hierarchical structure of data, creates the illusion that generalization is rare in
ecological and evolutionary studies. However, by decomposing overall generalization at the
between-study level—after accounting for within-study variability (see below for the approach)—
we derived more biologically meaningful heterogeneity, which can be interpreted as generality
among studies (populations). This finding implies that generality is more achievable among
studies, including those in ecological and evolutionary meta-analyses than previously thought.

This finding is particularly striking given that ecological and evolutionary meta-analyses often
synthesize evidence from highly heterogeneous contexts, such as large spatial scales, different
time periods, multiple systems, and a diverse array of organisms 1N Importantly, the emerging
“big-team” open science approach in ecology and evolutionary biology offers effective ways to
control for within-study variance. For example, big-team science initiatives such as the ManyBirds
project (https://themanybirds.com/) and coordinated distributed experiments 1852 often employ
standardized, controlled protocols to advance our understanding of general principles in ecology

and evolution.

Yefeng Yang et al., 2025 eLife. https://doi.org/10.7554/eLife.103339.1 4 0of 14


https://doi.org/10.7554/eLife.103339.1
https://themanybirds.com/

3 5

o

2

7

3 4

)

< P

@ 0 MM““““‘“

N —

@ o

k1]

(]

=

)

®

T

S

2

o

None-null Null effect

B 100%

0

ke

o

<

7}

o

£ 75%-

= S 2

e 'r‘

g’ Sl v A . @

-E - o

S

b}

)

>

°

2

©

[a]

o

E 25%-

K

>

°

]

17}

0,
0% 0 100 200 300

Number of meta-analyes

Fig. 2.

The overall and study-specific generality of 247 meta-
analyses with statistically significant overall mean effects.

The generality is measured as 95% prediction intervals (PIs; Panel A) and the probability of observing an effect from a new
study above a practically meaningful threshold (Panel B) at the study level. 95% of effect sizes from future studies from
similar contexts will yield statistically significant effects if PIs exclude the null effect. Prediction intervals (PDs) offer the
estimation of the likelihood that the effect exceeds a biologically or practically meaningful threshold (in this case, the lower
confidence limit; see the main text for the sensitivity analysis). Each dot in Panel A represents each meta-analysis’s average
population effect size. The whisker denotes 95% PIs. Each dot in Panel B represents the probability of future studies from
similar contexts exceeding the lower bound of 95% confidence intervals. Note that practically meaningful thresholds can be
adjusted according to practitioners’ needs (e.g., the smallest effect size that can trigger importance differences -z 2
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Statisticians have emphasised the importance of computing the probability density to accurately
capture the likelihood of each effect size within the intervals 1982202, By considering the entire
distribution of population effects, PDs offer more holistic information for measuring generality.
We found that the probability of observing an effect from a new replication study above a
meaningful threshold, defined as the lower boundary of 95% CIs (see below for the sensitivity
analysis), was 64% (Fig. 2(2, Fig. S1, and Table S3). Different types of effect sizes, such as
standardized mean difference (e.g., Cohen’s d), log response ratio, and Fisher’s Zr, showed similar
patterns (Fig. S2 — S4, and Table S4). The study-level probability of observing effects above
meaningful thresholds increased to 71% after controlling for within-study-level variances (Fig.
2%, and Fig. S1). Therefore, the results of PDs corroborated those from PIs; while the overall
generality is rare, generality at the study-level context is not uncommon in ecological and
evolutionary meta-analyses. A potential limitation of the above findings is that PIs are not
probability intervals, giving the impression that all effect sizes within the upper and lower

intervals are equally likely 21.%2.

While we used the lower confidence limit of a meta-analysis as a general proxy for a meaningful
threshold, the smallest effect size of interest (SESOI) could serve as a more appropriate lower
bound for meaningful effects. However, determining SESOI requires expert knowledge and is
likely topic-dependant (see Methods) .- For example, in medical research, methods have been
proposed to establish the smallest effect that patients perceive as beneficial, also known as the
minimally clinically important difference 17%2. Therefore, it is recommended to use the SESOI
specific to the phenomenon of interest when computing PDs once such SESOI is well-developed

and understood for a certain topic. As a sensitivity analysis, we used conventional cutoffs for the

level probability of observing effects above meaningful thresholds was 51% for Cohen’s d and 64%
for Fisher’s Zr (Fig S5 and Table S5).

Conventional wisdom assumes that highly heterogeneous population (meta-analytic overall)

effects are contextually sensitive, automatically yielding non-generalizable results 12 However,

our study reveals that mainstream heterogeneity practices 7% which rely on total heterogeneity,
often wrongly conclude that meta-analytic effects are non-generalisable. The heterogeneity
relevant to the generalization of population effects should be defined at biologically meaningful
levels, such as the study level (population), rather than at the total level, which mixes up within-
study-level heterogeneity, which could be standardised by, for example, employing unified
protocols (e.g., big-team science). The “decomposition” technique we present here allows us to
partition total heterogeneity into study-level heterogeneity, thus examining the generalization at
biologically meaningful levels. Our results indicate that achieving generality at the study level is
feasible and that the generalisability of meta-analytic findings is likely underestimated. This
approach can also be extended to estimate generalization at meaningful levels beyond the study
level. For example, total heterogeneity can be partitioned further into species or geographic
location levels, providing us with the chance to quantify the degree of generalization at these two
levels beyond those we showed here 22 To facilitate the exploration of generalisation, we
provide all R scripts with custom functions. These tools will help ecologists and evolutionary
biologists assess and interpret the generality of their meta-analytic findings more accurately,
ultimately contributing to uncovering predictable regularities that enable practitioners and
policymakers to generalize and transfer knowledge across populations and contexts.

Methods
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Datasets
The ecological and evolutionary database (522 meta-analysis datasets) used in this study was

for meta-analysis papers published in ecological journals, including those from the Ecological
Society of America and journals of the British Ecological Society. Additionally, they supplemented
the database with high-profile journals, such as Nature, and Science. We excluded datasets where
the multilevel model did not achieve convergence. Despite adjusting key parameters for
optimizing the log-likelihood function ten datasets failed to converge (details provided below). As a
result, our database comprised 512 meta-analysis datasets, which included 17,770 primary studies
and 109,495 effect size estimates. Various effect size measures were included in our database,
including standardised mean difference (N = 223), log response ratio (N = 128), Fisher’s Zr (N =
128), and others (e.g., odds ratio, regression coefficient). On average, each meta-analysis dataset
contained 240 effect size estimates from 40 studies, with median values of 64 and 23, respectively.

We fit a multilevel meta-analytic model with three levels, with the effect size estimate ESp; being
expressed as a combination of the population mean effect (ug; overall mean effect size), along with
random effects at two levels (between- and within-study), and sampling error:

ES[I-] = Up + ubm + ue[i] + 6‘[{], (1)

The typical assumptions for this equation are: (i) the between-study random effect Up[j] is assumed
to follow a normal distribution with a mean of zero and variance oz w,; ~ ¥(0,62), (ii) the within-
study random effect u,p;) is assumed to follow a normal distribution with a mean of zero and
variance o¢: u ~ ¥(0,62), and (iil) sampling error ep; is assumed to follow a normal distribution
with a mean of zero and a variance defined by the sampling variance (7;)) corresponding to each
effect size, i, such that eri ~ A0, - The assumption of homogeneous variances for the random
effects can be relaxed to account for heteroscedasticity 24%. Similarly, the assumption of
independent sampling errors (ef;}) can be relaxed to allow for sampling error covariance f; 140,
Our multilevel meta-analytic model decomposes the total variance (¢) around the true effect into
between-study level variance o2 and with-study level variance o2, allowing us to examine the
generality among studies (populations). Note that the multilevel meta-analytic model can be
extended to incorporate the random effects that have biological interest. For example, the
multilevel meta-analytic model can include species or geographic location as the additional
random effects, providing us with the chance to quantify the degree of generalization at these two
levels.

likelihood (REML) as the variance estimator and the quasi-Newton method to optimize the
likelihood function over variance estimation (o2 and ¢2), with a threshold of 1078 a step length of
1, and a maximum iteration limit of 1,000. All models successfully converged under these settings.
We confirmed the identifiability of variance estimation (¢ and o2) by checking their likelihood
profiles (i.e., the peak of the curve showing the restricted log-likelihood as a function of variance
oz and ¢2).

Prediction intervals
Prediction intervals (PIs) are underreported but insightful in understanding meta-analytic
heterogeneity and generality. For example, surveys have shown that less than one percent (1/102)

of studies report PIs 25%. PIs are derived from o¢ and provide a range within which a future effect

size is predicted to fall with a certain probability 1252 often 95%. For example, consider a
conservation intervention with a mean effect size (SMD) of -0.5 and 95% PIs of [-0.2 to -0.8]. This

indicates that 95% of future interventions implemented are predicted to decrease the conservation
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outcomes of interest by between 0.2 to 0.8 standard deviations. Unlike the point estimate of
heterogeneity, such as total variance of =o? +¢?, PIs offer an interval to inform the extent to which
the focal effect can be generalized 2652959 of effect sizes from future studies from similar
contexts will yield statistically significant effects if PIs exclude the null effect. Under Equation 12,

95% PIs at the total level can be computed by e

95%PIstorar = Ho T toors |05 + 0 + SE[ug]?, (2)
27

where t; 975 denotes the 97.5th percentile of a t-distribution (with k-1 degrees of freedom =:=.=. ,
where k is the number of sample size), and SE[u] denotes the standard error of the mean effect yg.
Study level 95% PIs can be obtained by controlling for the within-study variance o3 :

95%Pls, = pg * toors |05 + SElugl® (3)

Prediction distributions

We further propose using predictive distribution (PDs) to show the entire distribution of true
effects while accounting for statistical noise, offering a more holistic measure of generality. In the
Bayesian framework, PDs, known as posterior distributions, are a natural part of the analytical
approach. However, even frequentist approaches can adopt PDs (sometimes referred to as
“empirical Bayes”) to achieve similar aims 2803 An advantage of the PD is its ability to calculate
the probability that a true effect size exceeds a biologically or practically meaningful threshold.
For a given threshold of practically meaningful effect size (q), the estimated proportion of true
effect sizes above this threshold has been proposed as a measure of heterogeneity 132 Inour
study, we extended this approach to quantify the probability of observing an effect from a new
study above a practically meaningful threshold (q), P(x > q). By definition, P(x > q) serves as a
direct measure of the generalizability of an effect of interest. Consider a case that 69% of effect
sizes representing the efficacy of a conservation intervention are predicted to surpass a threshold
value representing a practically significant effect (Fig. 12, where we assumed the lower
confidence limit representing the threshold; see below). Assuming similar configurations of study
contexts in the sampled future cases, we can infer that the intervention will achieve this benefit in
69% of future cases, with strong implications for policymaking. To compute the probability the
probability P(x > q) of the true effect in a new study will exceed the meaningful threshold g, we
employed two approaches, which were detailed below along with a discussion on how to define a
practically meaningful threshold q.

Monte Carlo simulations of future effect

sizes specific to each meta-analytic context

Equations 2(Z and 3@ imply that effect sizes from new studies follow a t-distribution with k-1

degrees of freedom 272 (where k denotes the number of sample size). Based on REML estimates of

analytic context and then sampled 10 2% effect sizes from this distribution, specific to each

context (in terms of statistical properties). By definition, these 10 5% effect sizes represent

potential outcomes of future studies that maintain similar design configurations as those covered
52

in the given meta-analysis. To sample the 10 2.7 effect sizes from the ¢t-distribution with df =k - 1
degrees of freedom, we used the following formula 202,30,
z
x= 4)

Frar
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where Z is a random variable drawn from a standard normal distribution N(0,1), and Vis a
random variable drawn from a chi-squared distribution with df degrees of freedom x?(df). The
random variable x (Equation 4% has the probability density given by:

(df+1) : apss
f(x;df)—if 1 +—) ,(5)
V(%)

where x is the value at which the density (height of the probability density function) is evaluated,
and T is the gamma function. After sample x = 10 2. 2 effect sizes for each meta- -analysis, we
estimated P(x > q) by calculating the proportion of sampled effect sizes that exceed the practically
meaningful threshold q.

Integration over the probability density function

established from the estimated model parameters

Alternatively, we estimated P(x > q) by integrating over the probability density function derived
from the estimated model parameters. To facilitate the computation, we transformed the t-
distribution with df = k - 1 degrees of freedom into a location-scale distribution characterized by
location parameter pg and scale parameter oy. These parameters ug and oy of each meta-analysis
were obtained via the REML estimator in Equation 1 &, The location-scale transformation of the t-

distribution with df = k - 1 degrees of freedom is given by:
Ho + 0gX, (6)

Then, the probability density function of the location-scale t-distribution is expressed as >1.%:

()

2
£ty ) = ——2 b 1+ )
,/dfnr( 2’[) f o

cumulative distribution function, which can be computed as 1 - P(x < q), where P(x < q) represents
the lower tail area. Leveraging the decomposition technique outlined earlier, we also computed
study-level P(x > q) based on the t-distribution location parameter py and scale parameter oy,

Practically meaningful effect size thresholds

Determining the specific, practically meaningful threshold (q) for each of the meta-analyses in our
study is challenging, requiring domain-specific knowledge, insights from practitioners, and
relevant considerations of practical relevance. In fields such as medicine and psychology,
researchers have proposed using the smallest effect size of interest (SESOI) as the lower bound for
a meaningful effect that (i) can trigger important differences or is practically and theoretically

meaningful 17,1822, several approaches can help establish SESOI, such as anchor-based methods

or distribution-based methods !3%>. However, a consensus has yet to be reached regarding the
most suitable methodology. For example, anchor-based methods are limited by the choice of an
anchor question, while distribution-based methods rely purely on statistical reasoning. Moreover,
it is challenging, if not impossible, to use these methods to establish SESOI for each of the meta-
analyses because no well-performed methods have been extended to the field of ecology and
evolution, and our database needed more study context information to support the computation.
In contrast, we used the lower confidence limit of each meta-analysis as a general proxy for the

meaningful threshold. The use of the SESOI specific to each meta-analysis is recommended when
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computing PDs once approaches for establishing the SESOI are well-developed in fields like
ecology and evolution. Furthermore, we provide all reproducible R scripts, which makes updating
the computation of PDs based on specific SESOI feasible once it becomes available.
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Joint Public Review:
Summary:

This study used a simulation approach with a large-scale compilation of published meta-
analytic data sets to address the generalizability of meta-analyses. The authors used
prediction interval/distribution as a central tool to evaluate whether future meta-analysis is
likely to generate a non-zero effect.

Strengths:

Although the concept of prediction intervals is commonly taught in statistics courses, its
application in meta-analysis remains relatively rare. The authors' creative use of this concept,
combined with the decomposition of heterogeneity, provides a new perspective for meta-
analysts to evaluate the generalizability of their findings. As such, I consider this to be a
timely and practically valuable development.
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Weaknesses:

First, in their re-analysis of the compiled meta-analytic data to assess generalizability, the
authors used a hierarchical model with only the intercept as a fixed effect. In practice, many
meta-analyses include moderators in their models. Ignoring these moderators could result in
attributing heterogeneity to unexplained variation at the study or paper level, depending on
whether the moderators vary across studies or papers. As a consequence, the prediction
interval may be inaccurately wide or narrow, leading to an erroneous assessment of the
generalizability of results derived from large meta-analytic data sets. A more accurate
approach would be to include the same moderators as in the original meta-analyses and
generate prediction intervals that reflect the effects of these moderators.

Second, the authors used a t-distribution to generate the prediction intervals and
distributions for the hierarchical meta-analysis model. While the t-distribution is exact for
prediction intervals in linear models, it is not strictly appropriate for models with random
effects. This discrepancy arises because the variances of random effects must be estimated
from the data, and using a t-distribution for prediction intervals does not account for the
uncertainty in estimating these variance components. Unless the data is perfectly balanced
(i.e., all random effects are nested and sample sizes within each level of the random factor
are equal), it is well established that t-distribution (or equivalently, F-distribution) based
hypothesis testing and confidence/prediction intervals are typically anti-conservative. As
recommended in the linear mixed models literature, bootstrapping methods or some form of
degrees-of-freedom correction would be more appropriate for generating prediction intervals
in this context.

Finally, the authors define generalizability as the likelihood that a future study will yield a
significantly non-zero effect. While this is certainly useful information, it is not necessarily
the primary concern for many meta-analyses or individual studies. In fact, many studies aim
to understand the mean response or effect within a specific context, rather than focusing on
whether a future study will produce a significant result. For many research questions, the
concern is not whether a future study will generate a significant finding, but whether the
true mean response is different from zero. In this regard, the authors may have overstated
the importance of knowing the outcome of a single future study, and framing this as the sole
goal of research seems somewhat misguided.

https://doi.org/10.7554/eLife.103339.1.sa0
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