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Abstract
Meta-analyses in ecology and evolution, and related fields, can include effect sizes structured by shared evolutionary
history or spatial distance. In this tutorial paper, we show that phylogenetic and spatial meta-analyses can be
formulated within the same theoretical framework based on correlated random effects. From this perspective, the two
approaches differ only in how distance is defined: evolutionary time in phylogenetic meta-analyses versus geographic
distance in spatial ones, while sharing the same underlying statistical logic. This unified view clarifies relationships
among commonly used correlation structures and reveals their direct correspondence across phylogenetic and
spatial settings. Building on this framework, we illustrate how researchers can implement phylogenetic and spatial
meta-analytic models in several widely used R packages, including metafor, glmmTMB, and brms. Using published
datasets, we demonstrate how researchers can express equivalent model specifications across frequentist and
Bayesian frameworks and how these models allocate variance across hierarchical levels. We also present practical
issues related to model identifiability and data structure and highlight considerations for specifying and interpreting
correlated meta-analytic models. Although we draw examples from ecology and evolutionary biology, the same
framework can be applied to meta-analyses in many other fields, for example, epidemiology and public health,
education and social policy, and linguistics and cultural evolution.
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Highlights

What is already known
• Meta-analytic datasets in ecology and evolution often show phylogenetic and spatial

non-independence.
• These two types of non-independence share key conceptual and statistical bases, but are often

considered separately.

What is new
• We provide a first integrated tutorial on phylogenetic and spatial meta-analysis.
• We highlight both the similarities and the differences between these approaches in their

underlying concepts, data preparation, and model fitting.

Potential impact for Research Synthesis Methods readers
• This tutorial helps reduce the conceptual divide between phylogenetic and spatial meta-analytic

modelling.
• It encourages readers to focus on data structure, identifiability, and model choice when

handling non-independence in meta-analytic datasets.
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1. Introduction

Meta-analyses in ecology and evolution are often complicated by multiple sources of non-independence,
including shared evolutionary history and spatial proximity1,2. Such dependencies violate the assumption
that effect sizes are statistically independent and, if ignored, can bias estimates and lead to overconfi-
dent conclusions2,3. Dealing with non-independence is a key challenge in ecological and evolutionary
synthesis.

A major source of non-independence is phylogeny, as effect sizes from closely related species are
often more similar than expected under independence. Phylogenetic meta-analysis handles this by
incorporating evolutionary relatedness into the model, allowing effect sizes to covary according to
shared ancestry rather than treating them as independent observations1,4–9.

When primary studies are drawn from different geographic regions, effect sizes from nearby loca-
tions are usually more similar than those from distant places, leading to spatial non-independence10.
Spatial meta-analytic models can address this by incorporating correlations as a function of geographic
distance11. Conceptually, this is analogous to phylogenetic meta-analysis: both extend meta-analytic
models by allowing correlations among effect sizes to depend on distance, whether geographic or
evolutionary (Figure 1).

Despite this conceptual similarity, phylogenetic and spatial meta-analyses differ markedly in their
practical barriers to implementation. Phylogenetic meta-analysis can be relatively straightforward once a
phylogeny is available. However, models are not always specified to include both phylogenetic and non-
phylogenetic variance components, potentially leading to inadequate representations of evolutionary
similarity among species5,9. Spatial meta-analysis requires additional data and modelling decisions, such
as sampling coordinates and distance-based correlation functions. This creates additional opportunities
for model misspecification, with consequences for bias and uncertainty that parallel those in phylogenetic
meta-analysis.

Here, we present a unified framework for phylogenetic meta-analysis and show how it extends
naturally to spatial meta-analysis. Although these approaches are often discussed separately, they can
be understood within a shared conceptual and modelling workflow. To complement this paper, we
provide an online tutorial demonstrating how to implement both phylogenetic and spatial meta-analyses
using frequentist and Bayesian approaches in the R packages metafor12, glmmTMB13, and brms14.
The online tutorial also emphasises model specification, interpretation, and common problems (https:
//ayumi-495.github.io/phylo_spatial_tutorial/).

2. Models

We begin with a basic random-effects meta-analytic model that accounts for among-study variability. We
then show how this model can be extended to accommodate phylogenetic and spatial non-independence.
Fixed-effect models are not considered further because they assume a common true effect size across
all studies and ignore among-study heterogeneity. These assumptions are rarely suitable in ecological
and evolutionary research8,15.

2.1. Basic random-effects model (among-study heterogeneity)

Random-effects models are used in meta-analysis to accommodate heterogeneity among studies. In its
simplest form, the model includes a study-level random effect:

𝑦 𝑗 = 𝛽0 + 𝑢 𝑗 + 𝑒 𝑗 ,

𝑢 𝑗 ∼ N(0, 𝜎2
𝑢),

𝑒 𝑗 ∼ N(0, 𝜈 𝑗 ).
(1)

https://ayumi-495.github.io/phylo_spatial_tutorial/
https://ayumi-495.github.io/phylo_spatial_tutorial/
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Here, 𝑢 𝑗 is the random effect for the 𝑗-th study, representing study-specific deviations from the overall
mean, and 𝜎2

𝑢 quantifies among-study heterogeneity. The sampling error term 𝑒 𝑗 has known variance
𝜈 𝑗 . In conventional meta-analytic notation, 𝜎2

𝑢 is often denoted by 𝜏2. We use 𝜎2
𝑢 throughout this paper,

but 𝜏2 is also used in metafor output and for the variance parameter associated with distance-based
correlation structures. When 𝜎2

𝑢 = 0, the model reduces to a fixed-effect model in which all variation
is attributed to sampling error alone. This random-effects model provides the starting point for the
extensions considered below.

2.2. Multilevel model (effect sizes nested within studies)

While the random-effects model in eq.1 accounts for variation among studies, it assumes that each study
contributes only a single effect size. This assumption is often violated in ecological and evolutionary
meta-analyses, where multiple effect sizes are frequently reported from the same study3,16. In such cases,
effect sizes from the same study cannot be treated as fully independent. A multilevel (hierarchical) model
extends the random-effects model by introducing an additional level of random variation to reflect this
nested structure.

𝑦𝑖 = 𝛽0 + 𝑢 𝑗 [𝑖 ] + 𝑠𝑖 + 𝑒𝑖 ,

𝑢 𝑗 ∼ N(0, 𝜎2
𝑢),

𝑠𝑖 ∼ N(0, 𝜎2
𝑠 ),

𝑒𝑖 ∼ N(0, 𝜈𝑖),

(2)

where 𝑦𝑖 denotes the 𝑖-th observed effect size, and 𝑗 [𝑖] indicates the study from which that effect size
𝑖 was derived. The term 𝑢 𝑗 is a study-level random effect with variance 𝜎2

𝑢 , capturing among-study
heterogeneity in the study-average effect size. The term 𝑠𝑖 is an observation-level random effect with
variance 𝜎2

𝑠 , capturing residual heterogeneity among effect sizes within the same study that is not
explained by sampling error. Together, these components imply that true effect sizes vary randomly
around the overall mean 𝛽0, both among and within studies.

This model explicitly accounts for the fact that effect sizes derived from the same study are not statis-
tically independent. Such dependencies can arise from overlapping samples, repeated measurements on
the same individuals, or other shared sources of variation17,18. In these cases, effect sizes share common
variance components and cannot be treated as fully independent observations19. By modelling both
among- and within-study heterogeneity (via 𝜎2

𝑢 and 𝜎2
𝑠 , respectively), the multilevel model provides a

more realistic and statistically appropriate representation of the hierarchical structure of meta-analytic
data20.

2.3. Phylogenetic multilevel meta-analysis

Meta-analyses in evolutionary ecology often synthesise effect sizes across multiple species to address
broad questions about ecological responses and trait evolution. Because closely related species tend
to resemble one another due to shared evolutionary history21,22, effect sizes drawn from different
species may not be statistically independent. Ignoring this phylogenetic non-independence can underes-
timate uncertainty and inflate type-I error rates, particularly when many effect sizes come from closely
related species9. To account for this, the multilevel meta-analytic model in eq. 2 can be extended
to include species-level random effects that partition variation into phylogenetically structured and
non-phylogenetic components4,5,9,23.
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𝑦𝑖 = 𝛽0 + 𝑢 𝑗 [𝑖 ] + 𝑝𝑘 [𝑖 ] + 𝑞𝑘 [𝑖 ] + 𝑠𝑖 + 𝑒𝑖 ,

𝑢 𝑗 ∼ N(0, 𝜎2
𝑢),

𝑝𝑘 ∼ N(0, 𝜎2
𝑝A),

𝑞𝑘 ∼ N(0, 𝜎2
𝑞),

𝑠𝑖 ∼ N(0, 𝜎2
𝑠 ),

𝑒𝑖 ∼ N(0, 𝜈𝑖),

(3)

where 𝑝𝑘 [𝑖 ] is the phylogenetic random effect associated with the 𝑘-th species to which effect size 𝑖

belongs. These effects follow a multivariate normal distribution with covariance matrix 𝜎2
𝑝A, where A

is the phylogenetic correlation matrix derived from a species tree. This structure implies that closely
related species are expected to have more similar true effect sizes than distantly related species. The
model also includes a non-phylogenetic species-level random effect, 𝑞𝑘 [𝑖 ] ∼ N(0, 𝜎2

𝑞), which captures
additional among-species heterogeneity not explained by shared ancestry. Including both 𝑝𝑘 [𝑖 ] and 𝑞𝑘 [𝑖 ]
allows species-level variation to be decomposed into phylogenetically structured and non-phylogenetic
components, which is central to interpreting heterogeneity in cross-species meta-analysis23.

Under this model, the species-level deviation from the overall mean is given by 𝑝𝑘+𝑞𝑘 . The intercept
𝛽0 represents a global mean across the analysed species and studies, after accounting for sampling
variance and hierarchical heterogeneity. Because the phylogenetic effect 𝑝𝑘 is modelled as a mean-zero
deviation structured by A, 𝛽0 should not be interpreted as the trait value or effect size of a common
ancestor. Such an interpretation would require an alternative parametrisation in which the root state is
modelled explicitly. Simulation work suggests that omitting 𝑞𝑘 [𝑖 ] can distort variance partitioning, often
inflating estimates of phylogenetic variance when non-phylogenetic species-level variation is present,
whereas including 𝑞𝑘 [𝑖 ] has little cost when such variation is absent9. In light of these findings, unless
there is exactly one effect size measurement per species or a strong justification, both 𝑝𝑘 [𝑖 ] and 𝑞𝑘 [𝑖 ]
should be retained.

A further practical issue is model identifiability, that is, whether the data contain enough information
to estimate the model parameters reliably. Poor identifiability can lead to unstable estimates, non-
convergence, or misleading variance partitioning1,9 (Box 1). In this setting, separating phylogenetic
and non-phylogenetic species-level variation is most feasible when species contribute multiple effect
sizes and when study and species identities are not strongly confounded. Identifiability problems are
most severe when several hierarchical levels are included, but replication is limited. We recommend
evaluating sample sizes at each level, including the numbers of studies and species and the distribution
of effect sizes per species, before fitting the full model.

2.4. Spatial meta-analysis model

In ecological and environmental studies, effect sizes can be associated with specific geographic locations,
and nearby locations may yield more similar values than those farther apart, a phenomenon known as
spatial autocorrelation10. To account for this dependence, we build on the multilevel model in Section
2.2 (eq. 2) by allowing the study-level random effect to follow a distance-based spatial correlation
structure. As a conceptual starting point, a basic spatial meta-analytic model can be written as:

𝑦𝑖 = 𝛽0 + 𝑙 𝑗 [𝑖 ] + 𝑠𝑖 + 𝑒𝑖 ,

𝑙 𝑗 ∼ N(0, 𝜎2
𝑙 M),

𝑠𝑖 ∼ N(0, 𝜎2
𝑠 ),

𝑒𝑖 ∼ N(0, 𝑣𝑖),

(4)
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where 𝑦𝑖 is the 𝑖-th observed effect size, 𝛽0 is the overall mean effect size, and 𝑗 [𝑖] denotes the
study associated with effect size 𝑖. Here, we assume that each study has exactly one sampling location
with known coordinates, so all effect sizes within a study share the same location. The term 𝑙 𝑗 [𝑖 ] is
a spatially structured random effect with covariance matrix 𝜎2

𝑙
M, where M is a spatial correlation

matrix derived from pairwise geographic distances among study locations. Thus, for locations 𝑥 and 𝑦,
Cov(𝑙𝑥 , 𝑙𝑦) = 𝜎2

𝑙
𝑀𝑥𝑦 . The term 𝑠𝑖 captures residual within-study heterogeneity, and 𝑒𝑖 denotes sampling

error with known variance 𝑣𝑖 . Note that 𝜎2
𝑙

is reported as 𝜏2 in metafor’s distance-based correlation
structures, which can be confused with the conventional use of 𝜏2 for among-study heterogeneity in
standard random-effects meta-analysis.

More complex spatial models are possible. For example, one may wish to distinguish study-level
variation from location-level variation, allow for multiple studies at the same location, or separate
spatially structured from unstructured location-level heterogeneity. A conceptual extension is:

𝑦𝑖 = 𝛽0 + 𝑢 𝑗 [𝑖 ] + 𝑙ℎ[𝑖 ] + 𝑚ℎ[𝑖 ] + 𝑠𝑖 + 𝑒𝑖 ,

𝑢 𝑗 ∼ N(0, 𝜎2
𝑢),

𝑙ℎ ∼ N(0, 𝜎2
𝑙 M),

𝑚ℎ ∼ N(0, 𝜎2
𝑚),

𝑠𝑖 ∼ N(0, 𝜎2
𝑠 ),

𝑒𝑖 ∼ N(0, 𝑣𝑖),

(5)

where 𝑢 𝑗 [𝑖 ] is a study-level random effect, ℎ[𝑖] denotes the geographic location of effect size 𝑖, 𝑙ℎ[𝑖 ]
and 𝑚ℎ[𝑖 ] represent spatially structured and unstructured location-level random effects, respectively.
In practice, however, models such as eq. 5 are often weakly identifiable in meta-analytic datasets.
Distinguishing spatially structured from unstructured location-level variation requires strong and well-
balanced replication across locations, which is rarely available. Identifiability may be further reduced
when geographic coordinates are missing, imprecise, unevenly distributed, or concentrated at only
very short or very long distances. For these reasons, eq. 4 usually provides a more parsimonious and
practically estimable starting point, whereas more complex formulations should be treated cautiously
and assessed using sensitivity analyses (see Box 1).

2.5. Correlation

Phylogenetic and spatial correlation structures share a common mathematical basis: both model corre-
lation as a decreasing function of distance. The key difference lies in what distance represents (Figure
1). In phylogenetic models, 𝑡𝑥𝑦 denotes the evolutionary distance between species 𝑥 and 𝑦, typically
measured as the sum of branch lengths connecting them in a phylogenetic tree. In spatial models,
𝑑𝑥𝑦 denotes the geographic distance between locations 𝑥 and 𝑦. In both cases, the correlation-distance
relationship is specified by a kernel function. Different kernels imply different assumptions about how
quickly similarity decays with distance. This shared formulation allows phylogenetic and spatial cor-
relation structures to be compared directly. Below, we compare three representative structures and
their phylogenetic-spatial counterparts (Figure 2): (1) the linear kernel in spatial models and Brownian
motion in phylogenetic models; (2) the exponential kernel and Ornstein-Uhlenbeck; and (3) the squared
exponential (Gaussian), which is used only in spatial models.

2.5.1. Why compare correlation structures?
In reality, the appropriate correlation structure is hard to know with certainty and should be treated as a
modelling assumption. Alternative structures are worth considering for three complementary reasons.
First, a particular structure may be favoured a priori based on theory or quantitative knowledge of
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the underlying process, for example, whether similarity is expected to decay gradually or rapidly with
distance (Figure 2). Second, fitting alternative structures provides a sensitivity analysis of whether key
inferences, such as the overall mean effect or variance components, are robust to this assumption. Third,
models can be compared using fit or predictive criteria, such as information criteria or cross-validation,
and in some cases, the scientific question itself may centre on comparing competing dependence models.
A practical strategy is to begin with commonly used structures, such as Brownian motion or Ornstein-
Uhlenbeck for phylogenetic models, and exponential or squared-exponential kernels for spatial models.
One or two plausible alternatives can then be fitted to assess whether the substantive conclusions depend
on the assumed correlation structure.

2.5.2. Brownian Motion (BM) model / Linear kernel
The Brownian motion (BM) model assumes that traits evolve as a neutral random walk along the
branches of a phylogeny21,24. Under BM, the covariance between two species is proportional to their
shared evolutionary history, quantified by the shared branch length from the root to their most recent
common ancestor, 𝑡shared(𝑥,𝑦) . Standardising this covariance yields the phylogenetic correlation:

𝐶BM (𝑥, 𝑦) = Cov(𝑥, 𝑦)√︁
Var(𝑥)Var(𝑦)

=
𝜎2𝑡shared(𝑥,𝑦)√︁
𝜎2𝑡𝑥 · 𝜎2𝑡𝑦

=
𝑡shared(𝑥,𝑦)√

𝑡𝑥 · 𝑡𝑦
. (6)

For ultrametric trees, where all species are equidistant from the root (𝑡𝑥 = 𝑡𝑦 = 𝑇), eq. 6 simplifies
to 𝐶BM (𝑥, 𝑦) = 1 − 𝑡div/𝑇 . Under this special case, phylogenetic correlation declines linearly with
divergence time 𝑡div (Figure 2). More generally, BM implies that correlation decreases with evolutionary
separation, but does not reach exactly zero because all species share some ancestry through the root.
For non-ultrametric trees, the relationship is not exactly linear in this simple form, but correlation still
declines with evolutionary separation.

In spatial analyses, the corresponding linear kernel assumes that correlation decreases linearly with
geographic distance 𝑑𝑥𝑦 up to a maximum range 𝜌:

𝐶lin (𝑑𝑥𝑦) =
{

1 − 𝑑𝑥𝑦

𝜌
, if 𝑑𝑥𝑦 < 𝜌,

0, if 𝑑𝑥𝑦 ≥ 𝜌.
(7)

The BM model is analogous to a linear spatial kernel, in that both imply a linear decline in correlation
with distance. The main difference is that the spatial kernel typically includes a finite cutoff, whereas
under BM phylogenetic correlation persists, albeit weakly, even among distantly related species.

2.5.3. Ornstein-Uhlenbeck (OU) model / Exponential kernel
The Ornstein-Uhlenbeck (OU) model extends the Brownian motion framework by incorporating attrac-
tion towards an optimal value over time, often interpreted as stabilising selection25,26. Under the OU
model, phylogenetic correlation decays exponentially with evolutionary separation:

𝐶OU (𝑡𝑥𝑦) = exp(−𝛼𝑡𝑥𝑦), (8)

where 𝑡𝑥𝑦 denotes the evolutionary separation between species 𝑥 and 𝑦, and 𝛼 > 0 controls the rate of
decay. Here we present the correlation form; in the full OU process, the covariance is additionally scaled
by 𝜎2. Larger values of 𝛼 imply more rapid decay, so that correlations among distantly related species
become negligible more quickly than under Brownian motion. Unlike BM, which implies linear decline
under ultrametric trees, the OU model produces a steep initial decline that then flattens asymptotically
while remaining positive for any finite 𝑡𝑥𝑦 (Figure 2).

In spatial statistics, the corresponding exponential kernel is:
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𝐶exp (𝑑𝑥𝑦) = exp(−𝑑𝑥𝑦/𝜌), (9)

where 𝑑𝑥𝑦 is the geographic distance between locations 𝑥 and 𝑦, and 𝜌 > 0 is a range parameter
controlling the rate of decay. Larger values of 𝜌 imply slower spatial decay. The OU model and the
exponential kernel are mathematically equivalent when 𝛼 = 1/𝜌. They differ only in the definition of
distance, evolutionary in one case and geographic in the other, and in the interpretation of the decay
parameter, but they generate correlation matrices in the same way (Figures 1 and 2).

2.5.4. Squared exponential, Gaussian, kernel (spatial only)
The squared exponential, or Gaussian, kernel is widely used in spatial Gaussian process modelling and
assumes that correlation decreases with the squared distance between two locations:

𝐶gau (𝑑𝑥𝑦) = exp

(
−
𝑑2
𝑥𝑦

𝜌2

)
, (10)

where 𝑑𝑥𝑦 is the geographic distance and 𝜌 > 0 is a scale parameter controlling the rate of decay.
Compared with the exponential kernel, the squared exponential implies a smoother spatial process
and a faster decline in correlation at larger distances. For example, when 𝑑𝑥𝑦 = 2𝜌, the correlation is
exp(−4) ≈ 0.018. Because this kernel implies an extremely smooth spatial process, nearby locations
are expected to have highly similar random effects, and the fitted spatial surface changes gradually
across space, with abrupt local jumps being unlikely. Unlike the linear and exponential forms discussed
above, the squared exponential kernel has no commonly used phylogenetic counterpart. In practice, it
is mainly used in spatial models, and it illustrates that spatial analyses often allow a broader range of
kernel choices than phylogenetic models (Figure 2).

3. Preparation for analysis

3.1. Phylogenetic matrices

When a phylogeny with branch lengths is available, constructing a phylogenetic correlation matrix is rel-
atively straightforward. For several well-studied taxa, such as birds27,28, mammals29, and amphibians30,
such phylogenies are publicly available. Commonly used R packages, including ape and phytools,
can be used to compute variance-covariance or correlation matrices under Brownian motion, where
the expected correlation structure follows directly from the tree. Alternative evolutionary models, such
as Ornstein-Uhlenbeck or Pagel’s 𝜆, require additional parameters to be specified or estimated before
matrix construction.

In practice, however, phylogenetic information is often incomplete or only partially resolved, partic-
ularly in large-scale or multi-taxon meta-analyses. Before constructing a correlation matrix, we need to
preprocess the datasets, including assigning branch lengths to topological trees, resolving polytomies,
and reconciling species names between the phylogeny and the dataset. These steps are important because
inconsistencies at this stage can distort the resulting correlation matrix and downstream meta-analytic
inference. A concise summary of common issues and suggested solutions is provided in Box 2. Further
implementation details and worked examples are available in the accompanying online tutorial.

3.2. Spatial matrices

A spatial correlation matrix reflects the assumption that geographically proximate observations tend to
be more similar than those farther apart. Its construction typically involves three steps: obtaining spatial

https://ayumi-495.github.io/phylo_spatial_tutorial/
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coordinates, calculating pairwise distances, and converting those distances into correlations using a
decreasing kernel function.

Spatial information is usually represented as geographic coordinates, such as latitude and longitude,
corresponding to sampling sites, observation points, or derived summaries such as range centroids.
These data may come from field GPS records, biodiversity databases such as GBIF or eBird, published
sources, or spatial layers such as shapefiles or rasters. Once assembled, coordinates should be stored in
a consistent format and projection.

Pairwise distances among locations can then be calculated using functions such as distm() from
geosphere or st_distance() from sf, depending on whether spherical or projected distances are
required. A spatial correlation matrix is obtained by applying a monotonic decreasing kernel, such as
the exponential or squared-exponential form, to the resulting distance matrix. When constructing such
matrices manually, it is important to ensure consistency in both distance units and geometry. Mixing, for
example, degrees and kilometres or spherical and Euclidean distances can lead to misleading correlation
structures.

Some modelling packages, including metafor and brms, also allow users to supply coordinates
directly and apply the chosen spatial correlation structure internally during model fitting. Manually
creating distance or correlation matrices is generally unnecessary unless a custom structure is needed.
Further implementation details and worked examples are provided in the accompanying tutorial using
metafor, glmmTMB, and brms.

4. Illustrative examples

To demonstrate the implementation of the models introduced above, we present a series of worked
examples using publicly available datasets. In each example, we fit an intercept-only meta-analytic
model to estimate the overall mean effect size, assuming independent sampling errors for simplicity.
Models are fitted using three widely used R packages: metafor12, glmmTMB13, and brms14, and we
compare the resulting estimates and variance components across packages.

In practice, each analysis follows the same broad workflow: preparing the meta-analytic dataset,
identifying the units over which non-independence is expected, constructing the relevant dependence
structure, and fitting the corresponding meta-analytic model. For phylogenetic analyses, this involves
matching species to a phylogeny and constructing a phylogenetic correlation matrix. For spatial analyses,
it involves assembling sampling coordinates, calculating pairwise distances, and converting them into a
spatial correlation matrix using an appropriate kernel function.

We also visualise the metafor outputs using orchaRd31, provide guidance on reporting, and include
pseudocode to highlight the hierarchical structure of each model and the role of its random effects. Full
code and reproducible examples are available in the online tutorial.

4.1. Phylogenetic meta-analysis

Using the dataset of Moura et al.32, available in the metadat R package33, we illustrate the phylogenetic
multilevel meta-analytic model introduced in eq. 3. We analyse the data under a Brownian motion (BM)
model as the default phylogenetic correlation structure, and briefly discuss how an alternative structure,
the Ornstein-Uhlenbeck (OU) model, can also be implemented.

The dataset contains 1,828 effect sizes from 457 studies across 341 animal species spanning multiple
taxa. The effect sizes quantify size-assortative mating, that is, the strength and direction of the association
between male and female body size within mating pairs. Most were originally reported as Pearson’s
correlation coefficients and analysed after Fisher’s 𝑍𝑟 transformation, with other statistics converted to
𝑍𝑟 where necessary.

https://ayumi-495.github.io/phylo_spatial_tutorial/
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In all three packages, metafor, glmmTMB, and brms, we specified the same random-effects struc-
ture corresponding to eq. 3: study identity as a among-study random effect, effect-size identity as a
within-study random effect, species identity as a non-phylogenetic species-level random effect, and a
phylogenetic random effect based on the correlation matrix A.

Matrix A was derived from an Open Tree of Life Metazoa phylogeny pruned to the species represented
in the dataset. Because the resulting tree did not contain branch lengths in the required form, branch
lengths were assigned using compute.brlen() before constructing the phylogenetic correlation matrix.

For this example, the model can be written as:

𝑦𝑖 = 𝛽0 + Study_id 𝑗 [𝑖 ] + Effect_id𝑖
+ Species_phylo𝑘 [𝑖 ] + Species_nonphylo𝑘 [𝑖 ] + Sampling error𝑖 ,

Study_id 𝑗 ∼ N(0, 𝜎2
𝑢), Effect_id𝑖 ∼ N(0, 𝜎2

𝑠 )
Species_phylo𝑘 ∼ N(0, 𝜎2

𝑝A), Species_nonphylo𝑘 ∼ N(0, 𝜎2
𝑞)

Sampling error𝑖 ∼ N(0, 𝜈𝑖).

The three R packages differ in how the phylogenetic structure is specified: In metafor, the correlation
matrix A is supplied via the R argument to the rma.mv function.
# yi: effect sizes;
# vi: known sampling variances
# Study_id: unique study identifier for the among-study random effect
# Effect_id: unique effect-size identifier for the within-study random

effect
# Species_phylo: species names used for the phylogenetic random effect (

linked to A)
# Species_nonphylo: the non-phylogenetic species effect
# A: phylogenetic correlation matrix with row/column names matching levels

(Species_phylo)

A <- vcv.phylo(tree, corr = TRUE)

fit_metafor <- rma.mv(yi, vi,
random = list(~1|Study_id,

~1|Effect_id,
~1|Species_phylo,
~1|Species_nonphylo),

R = list(Species_phylo = A),
data = data)

We can also fit phylogenetic meta-analysis models in glmmTMB using propto() and the novel
equalto() covariance structures (glmmTMB vignette and Williams et al34,35). The phylogenetic covari-
ance matrix is passed to propto(), and the known sampling variances are passed to equalto(). Here,
VCV is the diagonal matrix of sampling variances vi, and g is a grouping factor required by both
equalto() and propto(). The same model can also be written by adding an observation-level ran-
dom effect, (1|id), and fixing the residual variance to zero with dispformula = 0, which makes
the sampling-variance component explicit.
A <- A[sort(rownames(A)), sort(rownames(A))]

# glmmTMB requires a grouping factor for equalto() / propto()
# here, g = 1 creates a single random-effect group for the covariance

structure

https://cran.r-project.org/web/packages/glmmTMB/vignettes/covstruct.html
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data$g <- 1

VCV <- diag(data$vi, nrow = nrow(data))
rownames(VCV) <- colnames(VCV) <- data$Effect_id

# ensure the effect-size identifier is treated as a factor
data$Effect_id <- as.factor(data$Effect_id)

fit_tmb1 <- glmmTMB(yi ~ 1 +
equalto(0 + Effect_id|g, VCV) +
(1|Study_id) +
(1|Species_nonphylo) +
propto(0 + Species_phylo|g, A),
data = data,
REML = T)

# alternative way:
fit_tmb2 <- glmmTMB(yi ~ 1 + equalto(0 + Effect_id|g, VCV) +

(1|Study_id) +
(1|Effect_id) +
(1|Species_nonphylo) +
propto(0 + Species_phylo|g, A),
dispformula= ~ 0,
data = data,
REML = T)

In brms, sampling variances are incorporated via se(sqrt(vi)), which tells the model that each
observed effect size has a known sampling standard error √

𝑣𝑖 . This ensures that each effect size is
modelled in the standard meta-analytical way, 𝑦𝑖 ∼ N(𝜇𝑖 , 𝑣𝑖) (eq.3). The phylogenetic effect is included
as a group-level term with gr(..., cov = A), where A is the phylogenetic covariance matrix.

You can find more detailed settings and also other alternative ways to use brms to fit a meta-analysis
in our online tutorial.

formula_phylo_brms <- bf(yi|se(sqrt(vi)) ~ 1 +
(1|Study_id) +
(1|Effect_id) +
(1|Species_nonphylo) +
(1|gr(Species_phylo, cov = A)))

prior <- get_prior(formula = formula_phylo_brms,
data = data,
family = gaussian())

fit_brms <- brm(formula = formula_phylo_brms,
data = data,
data2 = list(A = A), # pass the phylogenetic correlation

matrix
family = gaussian(),
chains = 2,
iter = 2000,
warmup = 1000)

Having specified equivalent models in all three R packages, we compared the resulting estimates
across packages. metafor, glmmTMB, and brms produced nearly identical overall effect estimates and

https://ayumi-495.github.io/phylo_spatial_tutorial/
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variance components when the same model was fitted. Because the glmmTMB results were effectively
identical to those from metafor, Figure 3A shows only the metafor and brms results for visual clarity.

The estimated overall effect size was approximately 0.37 on the Fisher’s 𝑍 scale, corresponding to
about 0.35 after back-transformation to Pearson’s 𝑟, indicating a moderate positive association consistent
with assortative mating across taxa. Uncertainty intervals were also very similar across packages: 95%
CI [0.11, 0.62] in both metafor and glmmTMB, and 95% CrI [0.04, 0.72] in brms.

Variance components were likewise highly consistent across packages. For within-study variation
(𝜎2

Effect_id), all three packages gave the same point estimate of 0.01, with interval estimates of 95%
CI [0.01, 0.02] in metafor and 95% CrI [0.01, 0.02] in brms. For among-study variation (𝜎2

Study_id),
metafor and glmmTMB both gave a point estimate of 0.02, while metafor gave a 95% CI of [0.01, 0.03]
and brms gave a very similar estimate of 0.02 with a 95% CrI of [0.01, 0.04]. For non-phylogenetic
species-level variation (𝜎2

Species_nonphylo), point estimates were 0.06 in both metafor and glmmTMB, and
0.07 in brms; the corresponding intervals were 95% CI [0.03, 0.08] in metafor and 95% CrI [0.03,
0.08] in brms. For phylogenetic species-level variation (𝜎2

Species_phylo), all three packages gave the same
point estimate of 0.05, with intervals of 95% CI [0.02, 0.18] in metafor and 95% CrI [0.02, 0.24]
in brms. Thus, both phylogenetic and non-phylogenetic species effects contributed substantially to the
total heterogeneity.

Total heterogeneity was very high, with identical estimates of 𝐼2
total ≈ 97.3% across all three packages,

indicating that most of the variability among effect sizes reflected true heterogeneity across hierarchical
levels rather than sampling error15,23. We calculated total 𝐼2 as:

𝐼2
total =

∑
𝜎2

total∑
𝜎2

total + 𝑣̄
× 100, (11)

where
∑
𝜎2

total is the sum of all heterogeneity components and 𝑣̄ is the mean sampling-error variance.
Based on the metafor fit, 38.6% of the variance was attributable to non-phylogenetic species effects,
35.5% to phylogenetic species effects, 13.3% to among-study effects, and 10.0% to within-study effects.

Phylogenetic heritability, defined as:

𝐻2
phylo =

𝜎2
phylo

𝜎2
phylo + 𝜎2

nonphylo
, (12)

was estimated to be 0.479 (= 47.9%), indicating that about half of the among-species variance was
explained by phylogenetic relatedness.

Key quantities to report include:

• the overall effect size together with its uncertainty (e.g. 95% CI or 95% CrI);
• the total heterogeneity (e.g. 𝐼2) and its partitioning across model components;
• for phylogenetic models, the proportion of among-species variance explained by phylogeny (i.e.

phylogenetic heritability).

These results can be visualised using orchard plots for the overall effect and forest or posterior
distribution plots for the variance components (Figure 3A).

Although BM is the default correlation structure in phylogenetic meta-analysis, it can be useful to
consider alternatives such as the Ornstein-Uhlenbeck (OU) model. OU correlation matrices can be
generated in ape36 or phytools37 for a user-specified value of 𝛼, the parameter controlling the strength
of adaptation. However, these functions do not estimate 𝛼 from the data.

Because the OU and spatial exponential correlation structures share the same functional form, 𝛼 can
be estimated within the metafor framework by fitting an exponential spatial meta-analytic model, as
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illustrated in our online tutorial. That estimate can then be used to construct the OU correlation matrix
and re-fit the phylogenetic meta-analysis under the alternative correlation structure. For example,

# A is BM-based correlation matrix, I is the identity matrix (matrix with
diagonal of 1s)

I <- diag(1, nrow(A))
D <- I - A # distance-like matrix
rho <- m_spatial$rho # rho is estimated from the spatial exponential model

(m_spatial)
alpha <- 1 / rho
A_OU <- exp(-alpha * D) # OU-based phylo correlation matrix

m_OU <- rma.mv(yi, vi,
random = list(~1|Study_id,

~1|Effect_id,
~1|Species_phylo,
~1|Species_nonphylo),

R = list(Species_phylo = A_OU),
data = data)

The OU model provided a better fit to the data than the BM model (AIC = 330.8 vs. 345.4) and
yielded a more precise estimate of the mean effect size (0.35, 95% CI [0.28, 0.42] vs. 0.37, 95% CI
[0.11, 0.62]). The two models also differed in how they partitioned species-level variance. Under the
OU model, most of this variance was attributed to the phylogenetic component (𝜎2

Speciesphylo
= 0.10), with

the non-phylogenetic species component close to zero. Under the BM model, by contrast, variance was
divided between phylogenetic (𝜎2

Speciesphylo
= 0.05) and non-phylogenetic (𝜎2

Speciesnonphylo
= 0.06) species-

level components. This pattern is consistent with the contrasting assumptions of the two models: BM
allows variance to accumulate along branches, whereas OU implies stronger decay in correlation with
evolutionary distance.

4.2. Spatial meta-analysis

We illustrate the spatial meta-analytic model introduced in eq. 4 using an exponential kernel to account
for between-site spatial autocorrelation in effect sizes. The example is based on the dataset compiled by
Grau-Andrés et al.38, which synthesised plant responses to intensified fire regimes globally. The database
contains 2,361 effect sizes from 393 primary studies conducted across diverse climates, habitats, and
fire regimes, and reports standardised responses in plant abundance, diversity, and fitness to increased
fire frequency or severity. Each comparison is expressed as Hedges’ 𝑑, quantifying vegetation responses
to more intense fire regimes relative to historical or lower-severity conditions.

In this dataset, multiple effect sizes are reported per primary study, and each study is associated with
a single sampling location. Observed effect sizes 𝑦𝑖 are indexed by effect-size identifier 𝑖, with study
membership denoted by 𝑗 [𝑖]. We decomposed variation in 𝑦𝑖 into effect-level heterogeneity, spatially
structured among-study heterogeneity, and known sampling error.

Geographic coordinates for each study location were projected to calculate straight-line (Euclidean)
distances in kilometres, which were then used to construct the exponential spatial correlation matrix.
The model can be written as:

https://ayumi-495.github.io/phylo_spatial_tutorial/
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𝑦𝑖 = 𝛽0 + Location𝑙 𝑗 [𝑖 ] + Effect_id𝑖 + Sampling error𝑖 ,

Location 𝑗 ∼ N(0, 𝜎2
𝑙 M),

Effect_id𝑖 ∼ N(0, 𝜎2
𝑠 ),

Sampling error𝑖 ∼ N(0, 𝜈𝑖),

where M denotes the spatial correlation matrix among sampling locations, constructed from the expo-
nential kernel 𝐶exp (𝑑𝑥𝑦), where 𝑑𝑥𝑦 is the Euclidean distance between locations 𝑥 and 𝑦 and 𝜌 is the
range parameter controlling the rate of correlation decay. The parameter 𝜎2

spatial (𝜎2
𝑙

in eq.4) captures
the marginal variance of the spatially structured location-level random effect, reported as 𝜏2 in metafor
and as 𝑠𝑑𝑔𝑝2 in brms. We estimated the meta-analytic model using metafor, specifying a spatially cor-
related location-level random effect with an exponential correlation structure. The spatial component
was implemented in two equivalent ways: (1) by supplying a location-level distance (or correlation)
matrix, or (2) by providing projected x–y coordinates directly. In both cases, we also included an addi-
tional effect-level random intercept (Effect_id𝑖) to capture residual heterogeneity among effect sizes.
The corresponding R code is shown below.

data$const <- 1 # add a constant term used as a dummy grouping factor

# project to a planar coordinate system and convert to kilometres
dat_sf <- st_as_sf(data, coords = c("longitude", "latitude"), crs = 4326)
dat_sf_proj <- st_transform(dat_sf, crs = 3857)

coords_m <- st_coordinates(dat_sf_proj)
data$x_km <- coords_m[,1] / 1000
data$y_km <- coords_m[,2] / 1000
coords_km <- cbind(data$x_km, data$y_km)
dist_matrix_euclid <- as.matrix(dist(coords_km))

# row and column names
rownames(dist_matrix_euclid) <- data$Effect_id
colnames(dist_matrix_euclid) <- data$Effect_id

# exponential kernel----
## (1) Use distance matrix
EXP_meta1 <- rma.mv(yi, vi,

random = list(
~ 1|Effect_id,
~ Effect_id|const),

struct = "SPEXP",
data = data,
dist = list(Location = dist_matrix_euclid))

## (2) Use the coordinates directly (Euclidean distance)
EXP_meta2 <- rma.mv(yi, vi,

random = list(
~ 1|Effect_id,
~ x_km + y_km|const),
struct = "SPEXP",
data = data)
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We can fit the same model structure in brms, incorporating known sampling variances via
se(sqrt(vi)), together with a random intercept for Effect_id and a spatial Gaussian process term,
gp(x_km, y_km).

formula_spatial_brms <- bf(yi|se(sqrt(vi)) ~ 1 +
(1|Effect_id) +
gp(x_km, y_km, cov = "exponential", scale = FALSE))

prior <- get_prior(formula = formula_spatial_brms,
data = data,
family = gaussian())

EXP_brms <- brm(formula = formula_spatial_brms,
data = data,
family = gaussian(),
prior = prior,
iter = 2000,
warmup = 1000,
chains = 2,
control = list(adapt_delta = 0.95, max_treedepth = 15))

In glmmTMB, we specified the spatial exponential random effect as exp(pos + 0|const), where
pos encodes projected coordinates via numFactor(), and incorporated the known sampling variance-
covariance structure via equalto(0 + Effect_id|const, VCV).

data$const <- 1 # add a constant term used as a dummy grouping factor for
the spatial model

data$Effect_id <- factor(data$Effect_id) # ensure Effect ID is treated as a
factor (categorical)

VCV <- diag(data$vi, nrow = nrow(data)) # create a diagonal variance -
covariance matrix with sampling variances

rownames(VCV) <- colnames(VCV) <- data$Effect_id # assign Effect IDs as row
/column names for VCV

data$pos <- numFactor(data$x_km, data$y_km) # convert spatial coordinates
into numeric factor form for spatial random effects

EXP_tmb1 <- glmmTMB(yi ~ 1 +
equalto(0 + Effect_id|const, VCV) + # model sampling

variance structure using the VCV matrix
exp(pos + 0|const), # spatial exponential correlation

structure based on coordinates
data = data,
REML = TRUE)

The direction and magnitude of the overall effect were consistent across modelling approaches:
𝛽0,metafor = 𝛽0,glmmTMB = -0.33 (95% CI [-0.46, -0.21]), and 𝛽0,brms = -0.32 (95% CrI [-0.49, -0.14]).
Estimates of effect-size-level variation were also similar across frameworks, with 𝜎2

Effect_id = 0.79 (95%
CI [0.73, 0.87]) in metafor, 𝜎2

Effect_id = 0.79 in glmmTMB, and 𝜎2
Effect_id = 0.89 (95% CrI [0.85, 1.02])

in brms. Spatial variance components were likewise comparable: 𝜏2 (i.e. 𝜎2
𝑙

in eq. 4) was 1.23 (95%
CI [1.01, 1.50]) in metafor, 1.23 in glmmTMB, and sdgp2 = 1.30 (95% CrI [1.00, 1.66]) in brms. For
visual clarity, Figure 3B shows only the metafor and brms results.
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The estimated spatial range parameters differed across packages because each framework uses a
different parametrisation of the exponential covariance structure. In metafor, the exponential kernel
is written as cor(𝑑) = exp(−𝜌𝑑), where 𝜌 is a decay parameter expressed in km−1. In brms, the
corresponding function is written as cor(𝑑) = exp(−𝑑/lscale), where lscale is a length-scale parameter
expressed in km. In glmmTMB, the exponential correlation is internally parameterised through an inverse
range parameter. Under a common exponential form, 𝜌 and 1/lscale play analogous roles.

In our example, however, the estimated decay-scale parameters differed across packages: brms gave
lscale = 127.84 km (95% CrI [85.01, 186.52]), whereas metafor and glmmTMB gave 𝜌 = 0.17 km−1.
Confidence and credible intervals for these parameters were also wide. This pattern suggests that,
although spatially structured heterogeneity was consistently detected, the exact decay scale was only
weakly identified in this dataset.

Biologically, an exponential kernel implies that sites closer together tend to have more similar
effect sizes, with similarity declining as geographic distance increases. Using the metafor/glmmTMB
estimate as an illustration, the expected correlation would be exp(−0.17 × 1) ≈ 0.84 for sites 1 km
apart, exp(−0.17 × 5) ≈ 0.43 for sites 5 km apart, and exp(−0.17 × 10) ≈ 0.18 for sites 10 km apart.
However, because the estimated decay parameter varied markedly across packages, these values should
be interpreted as package-specific examples rather than as robust estimates of the underlying spatial
decay scale.

Total heterogeneity was high (𝐼2
total = 83.6%), indicating that most variability among effect sizes was

not attributable to sampling error. Partitioning 𝐼2 across model components suggested that 32.7% of
the total variance was attributable to unstructured effect-size-level heterogeneity, whereas 50.8% was
attributable to the spatially structured random effect. Here, 𝐼2 was computed using the mean sampling
variance as the representative sampling-error variance.

For spatial meta-analysis, key quantities to report include:

• the overall effect size and its uncertainty;
• the total heterogeneity and its partitioning across model components;
• the estimated spatial variance component;
• the spatial range or decay parameter, together with a clear explanation of how that parameter is

defined in the fitted software. Because software packages differ in how they parameterise spatial
decay, authors should report not only the numeric estimate but also the spatial correlation function
used and a clear interpretation of the corresponding parameter.

We should note that the purpose of both our worked examples is to illustrate how meta-analytic
models behave when applied to empirical data, rather than to provide a biological interpretation of the
magnitude of individual effect sizes or to evaluate the validity of the underlying dataset or its data-
collection procedures. Notably, the dataset used in the spatial meta-analysis contains some extremely
large standardised mean differences, with Hedges’ 𝑑 occasionally reaching values of 10 or −20. Such
values are biologically implausible in most ecological and evolutionary contexts and most likely reflect
artefacts arising from zero or near-zero within-group standard deviations, or from misreporting or
misinterpretation of sampling variability in the original studies. We used this dataset as a worked
example because it provides a publicly available, geographically explicit meta-analytic structure suitable
for demonstrating spatial dependence across packages. In practice, however, publicly available meta-
analytic datasets with both sufficient geographic information and an appropriate hierarchical structure
for cross-package comparison were surprisingly scarce.

We also note that in spatial meta-analysis, model convergence may depend on the specific combination
of dataset and package. In some cases, a model converged in one package but failed to converge in another,
even when the same model was being fitted. When this occurs, results should be compared carefully
across packages to assess which components are robust to implementation and which are not. In our
experience, fixed-effect estimates and most variance components were generally consistent, whereas
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estimates of the spatial random effect were more likely to be unstable or to encounter convergence
problems. All corresponding meta-regression analysis of our worked example dataset, together with an
example of cross-package differences in convergence, is provided in the online tutorial.

5. Future perspectives and practical recommendations

We have outlined a step-by-step approach to conducting phylogenetic and spatial meta-analyses, empha-
sising how non-independence among species and locations can be incorporated within a multilevel
framework. Explicitly modelling these forms of dependence is not merely a technical refinement, but
an important condition for obtaining reliable inference in meta-analysis, because choices about model
structure, correlation assumptions, and variance decomposition directly affect both estimates and their
uncertainty.

Although our illustrative examples focus on ecology and evolution, the framework we describe is
broadly applicable across research fields. In ecology and evolution, phylogenetic non-independence is
pervasive and increasingly recognised as essential to address, whereas spatial non-independence also
arises but remains less commonly modelled in practice. Spatial dependence is similarly widespread in
other fields, including epidemiology and the social sciences (Table 1), where meta-analyses often rely
on spatially structured data without explicitly modelling this dependence. Wider adoption of spatially
explicit meta-analytic approaches has strong potential to improve inference and reduce overconfidence.

At the same time, broader use of phylogenetic and spatial meta-analyses brings important practical
challenges. These models depend on correlation assumptions and on the estimation of random-effect
variance components, both of which may be only weakly supported when data are sparse or poorly
structured. In particular, separating phylogenetic or spatially structured variation from other sources of
heterogeneity requires sufficient replication at the relevant hierarchical levels. When levels are weakly
replicated or strongly confounded, increasingly complex models may yield unstable variance estimates
or a misleading impression of precision. In such cases, simpler model specifications and sensitivity
analyses may provide more robust insight.

Modelling choices should be guided not only by statistical fit, but also by biological and spatial
plausibility. Default assumptions, such as Brownian motion for phylogenetic correlations or exponential
kernels for spatial correlations, provide useful starting points, but alternative structures may better reflect
the underlying processes in some systems. As our examples illustrate, different correlation assumptions
can materially affect variance partitioning and effect estimates, and should be evaluated with appropriate
caution.

Careful data preparation and clear reporting are also crucial. Uncertainty in phylogenetic trees, branch
lengths, or spatial coordinates directly affects correlation matrices and downstream inference. Explicit
documentation of these choices, together with reproducible code and, where feasible, sensitivity analy-
ses, is critical. However, the present paper focuses specifically on phylogenetic and spatial dependence
and does not address in detail other important sources of non-independence in meta-analysis, includ-
ing dependence among sampling errors, temporal correlation, and other data-related dependencies that
may also influence estimates and uncertainty. Readers should keep this in mind, as these other forms of
dependence are beyond the scope of this paper.

As public datasets increase, the responsibility for synthesising this information increasingly falls to
meta-analysts. We encourage researchers to treat phylogenetic and spatial information, along with analy-
sis code, as essential components of reproducible synthesis rather than optional supplements39–41. Doing
so will strengthen transparency and reproducibility while supporting more reliable and informative
meta-analyses across research disciplines.

https://ayumi-495.github.io/phylo_spatial_tutorial/
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Box 1: Sample size, model complexity, and identifiability in phylogenetic and spatial
meta-analysis

Hierarchical meta-analytic models require sufficient information at each random-effect level to
estimate variance components separately. Identifiability problems arise when different levels of
the hierarchy are supported by nearly the same observational units, such that the data provide little
information to determine how variation should be partitioned among variance components1,9.

yi = β0 + uj [i] + pk[i] + qk[i] + si + ei
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Figure B1. Schematic of a phylogenetic meta-analytic hierarchy illustrating how effect sizes,
species, and studies are linked, and how near one-to-one mappings among these indices lead to
weak identifiability of variance components.

Using Figure B1, we illustrate this issue using a phylogenetic meta-analysis model. Effect sizes
(𝑖) are the observational units, each associated with a study ( 𝑗 [𝑖]) and a species (𝑘 [𝑖]). Problems
arise when these indices are nearly one-to-one mapped. For example, consider a meta-analytic
dataset with 28 effect sizes from 21 species across 22 empirical studies, in which most species
appear in only a single study and contribute only a single effect size. In this setting, study identity
and species identity overlap strongly ( 𝑗 ≈ 𝑘), providing little information to separate study-level
from species-level sources of variation. Because most species also contribute only a single effect
size (𝑘 ≈ 𝑖), there is little information to distinguish species-level heterogeneity from effect-
size–level heterogeneity. As a consequence, species-level variation is weakly informed by the data,
making it difficult to further partition species-level heterogeneity into phylogenetically structured
(𝑝𝑘) versus non-phylogenetic (𝑞𝑘) components.

More generally, each random effect contributes a variance parameter that multiplies a specified
covariance structure. Sampling error is incorporated through known sampling variances, whereas
unstructured random effects assume identity correlation structures, and phylogenetic or spatial
random effects replace the identity matrix with correlation matrices derived from evolutionary
or geographic distances. When the data do not contain enough information to distinguish among
these structures, multiple random effects can explain similar patterns in the data, leading to weak
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identifiability of individual variance components. Weak identifiability reflects limitations of the
data structure rather than the absence of underlying biological processes.

In frequentist implementations, weak identifiability typically manifests as unstable variance
estimates, with some components collapsing toward zero or variance being inconsistently allocated
across components. In Bayesian implementations, weak identifiability is often reflected in poor
chain mixing and strong posterior correlations among variance parameters, which can serve as
diagnostic signals of limited information to support variance partitioning.

You might wonder why phylogenetic and non-phylogenetic species-level random effects (𝑝𝑘
and 𝑞𝑘) can, in principle, be distinguished despite operating at the same hierarchical level, and
similarly why additional effect-size–level variation (𝑠𝑖) can be separated from sampling error (𝑒𝑖).
In both cases, identifiability is enabled by known structure: phylogenetic effects are associated with
a known correlation matrix (A), whereas sampling error variances (𝑣𝑖) are fixed and known. When
the data contain sufficient information, these known structures allow structured and unstructured
sources of variation to be distinguished.

An analogous problem arises in spatial meta-analyses when sampling locations are nearly one-
to-one with studies, and each location contributes only a single effect size. Under such conditions,
spatially structured and study-level random effects are difficult to disentangle for the same reason.
Identifiability in spatial meta-analysis depends not only on replication across locations but also on
the information content of the spatial correlation matrix. When sampling locations are very close
together, pairwise spatial correlations are uniformly high, providing little independent information
to identify spatial structure. Conversely, when locations are very far apart, spatial correlations
approach zero, leaving insufficient information to estimate spatial dependence reliably. In both
cases, spatially structured random effects can explain patterns similar to those captured by other
random components at the same hierarchical level, making it difficult to reliably partition variation
among them.

Practical checks: Before fitting complex models, researchers should examine (1) the degree of
replication at each hierarchical level (species/location and study) and (2) the distribution of effect
sizes per species/location. When replication is sparse at hierarchical levels (e.g. species or location
levels), or when hierarchical indices (e.g. species, location, and study) are nearly one-to-one
mapped, simpler random-effect structures or sensitivity analyses may be more appropriate.
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Box 2: Common issues in phylogenetic meta-analysis

The issues listed below arise when incorporating phylogeny into statistical models and are com-
mon across many applications, including but not limited to phylogenetic meta-analysis.

• Missing branch lengths
Topological phylogenetic trees lack branch lengths. These can be approximated using Grafen’s
method (e.g. compute.brlen() in the package ape36), which scales nodes based on their
relative depths.

• Non-ultrametric (non–time-calibrated) tree
Sometimes, the phylogenetic tree you have is not ultrametric. This means the distances from the
root to the tips are not the same for all species. We cannot use such trees directly to construct
phylogenetic correlation matrices that assume a time-calibrated evolutionary history, because
branch lengths reflect heterogeneous rates of evolution rather than elapsed evolutionary time.
For phylogenetic models, we need a time-calibrated (ultrametric) tree. Ultrametricity can be
enforced using algorithms such as chronos() in the package ape36 or
force.ultrametric() in the package phytools37. After converting a tree, check that the
new branch lengths still make sense biologically. Also, record which method you used, since
different approaches can change branch lengths and influence later estimates of phylogenetic
heritability and variance components. In some cases, a tree that is intended to be
time-calibrated may nevertheless be reported as non-ultrametric due to numerical precision
issues or extremely small deviations in branch lengths. You can make small adjustments or use
tolerance-based corrections to restore ultrametricity before analysis.

• Polytomies
Unresolved nodes with more than two descendants can be converted to bifurcating form using
tools like multi2di() in the package ape36 (you can also do it manually - for example, based
on literature). This process may introduce zero-length branches, which imply perfect
correlation under Brownian motion. These branches can be replaced with small constants (e.g.
1e-8), fractions of typical non-zero branch lengths, or removed using functions such as
remove.zero.brlen() from the dispRity package42.

• Taxonomic mismatches
Discrepancies between tree tip labels and species names in the dataset—due to synonyms,
typographical errors, or outdated taxonomy—must be resolved before analysis. Functions like
name.check() in the package geiger43 can help identify such mismatches for manual
correction.

• Duplicated species
Some phylogenetic trees include multiple tips representing the same species (e.g. subspecies or
hybrids). These duplications should be removed or merged, as correlation matrices typically
assume one tip per species. If subspecies or hybrids are analysed as separate units, tip labels
and dataset identifiers must be made explicitly consistent to avoid mismatches.

• Missing species in the tree
Species present in the dataset may not be found in the tree. This may reflect unresolved
taxonomic mismatches or true absence from the phylogeny. In the latter case, these species must
be excluded unless their phylogenetic placement can be reliably inferred and added manually.

• Extraneous species in the tree
Phylogenetic trees may include species that are not present in the dataset. In most
implementations, tree tip labels must match the species identifiers used in the model exactly;
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otherwise, model fitting will fail because the dimensions of the phylogenetic correlation matrix
do not align with the data. Consequently, extraneous tips should be pruned manually or using
functions such as drop.tip() or keep.tip() functions in the ape package36 before analysis.
Beyond preventing outright errors, pruning unnecessary tips is also important because their
presence during earlier preprocessing steps (e.g. branch-length transformation or scaling under
Grafen’s method) can influence the resulting tree structure and downstream estimates of
phylogenetic signal (e.g. 𝜆).
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Figure 1: Similarity between phylogenetic and spatial correlation structures in meta-analysis. The
figure illustrates how pairwise distances are transformed into correlation matrices and incorporated
into random-effect structures in phylogenetic and spatial meta-analyses. Upper panels show example
distance matrices derived from two alternative sources of non-independence. In the phylogenetic example
(left), distances represent divergence times extracted from an ultrametric tree for four species (A–D),
expressed here in thousands of years. In the spatial example (right), distances correspond to pairwise
geographic distances among four sampling locations (A–D), expressed in kilometres. These two distance
measures are not directly comparable in scale or interpretation: one represents evolutionary separation
in time, whereas the other represents geographic separation in space. The letters indicate species or
sampling locations, depending on the panel. In the spatial example, the shaded contours are included
only as a schematic visual aid to convey relative proximity among locations. They do not represent
real topography, spatial regions, sampling extents, or overlapping distributions. The example spatial
distances are intentionally simplified for explanatory purposes and are not intended to depict a realistic
geographic configuration. In particular, the contour-like shading is drawn such that locations B, C, and
D are equidistant from A, mirroring the symmetric structure of the example spatial distance matrix and
facilitating comparison with the phylogenetic case. The two lower correlation matrices are organised
by correlation model rather than by data source. The left matrix shows the Brownian motion (BM) and
linear-decay versions, whereas the right matrix shows the Ornstein–Uhlenbeck (OU) and exponential-
decay versions. Within each matrix, the phylogenetic correlation matrix (A) and the spatial correlation
matrix (M) are shown in parallel. For phylogenetic dependence, correlations are illustrated under (i) a
Brownian motion (BM) process, where correlation between taxa 𝑥 and 𝑦 is given by 1 − 𝑡div (𝑥𝑦)/𝑇 ,
and (ii) an Ornstein–Uhlenbeck (OU) process with attraction parameter 𝛼 = 0.001, where correlation
decays as exp(−𝛼𝑡𝑥𝑦). For spatial dependence, correlations are illustrated under (i) a linear decay model,
1 − 𝑑𝑥𝑦/𝜌, and (ii) an exponential decay model, exp(−𝑑𝑥𝑦/𝜌), where 𝑑𝑥𝑦 denotes geographic distance
and 𝜌 is the range parameter. The linear spatial model is mathematically analogous to the BM model,
whereas the spatial exponential model is equivalent to the OU model when𝛼 = 1/𝜌. Example correlation
values are shown for units A–D under each model. Phylogenetic meta-analyses assume random effects
distributed as 𝑁 (0, 𝜎2A), where A is the phylogenetic correlation matrix derived from the evolutionary
tree. Spatial meta-analyses analogously specify 𝑁 (0, 𝜎2M), where M is the spatial correlation matrix
derived from geographic distances. Together, the panels demonstrate that phylogenetic and spatial meta-
analytic models rely on mathematically analogous transformations of pairwise distances into correlation
structures, differing primarily in the definition of distance and the choice of kernel.



Boxes, figures, and tables 27

Distance (normalised)

Co
rr

el
at

io
n

BM

OU / Exponential

Linear

Squared 
exponential

0.00 0.25 0.50 0.75 1.00

0.00

0.25

0.50

0.75

1.00

Figure 2: Comparison of correlation-distance relationships for phylogenetic and spatial meta-
analysis models. Under a Brownian motion (BM) model, correlations decline linearly with evolutionary
distance, which is analogous to a spatial decreasing linear kernel (function) model. The Ornstein-
Uhlenbeck (OU) model, with 𝛼 = 1/𝜌, is mathematically equivalent to the spatial exponential kernel.
Spatial squared exponential (Gaussian) kernels are also shown to illustrate a commonly used spatial
correlation structure that has no direct phylogenetic analogue. Unlike the linear (BM) and exponential
(OU) models, which have clear counterparts across phylogenetic and spatial settings, the squared-
exponential kernel yields an infinitely smooth, rapidly decaying correlation with distance and is typically
restricted to spatial Gaussian process models.
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(A) Phylogenetic meta-analysis
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Figure 3: Results of phylogenetic and spatial meta-analyses estimated using frequentist and
Bayesian frameworks. Panels (A) and (B) correspond to the phylogenetic and spatial meta-analyses,
respectively; within each panel, subpanels (a) and (b) show results from frequentist (metafor) and
Bayesian (brms) implementations of the same underlying model. (a) Frequentist results from metafor.
Upper panels show orchard plots of the estimated overall effect size (expressed as Fisher’s Zr for the
phylogenetic analysis and Hedges’ 𝑑 for the spatial analysis). Individual circles represent effect sizes,
with circle size scaled by precision (1/SE). The pooled estimate is shown as a filled circle in the centre,
with thick horizontal lines indicating 95% confidence intervals and thin horizontal lines indicating 95%
prediction intervals. Lower panels mainly display estimates of variance components, including random
effects (phylogenetic and non-phylogenetic species effects for panel A; spatially structured study-level
variance and also the associated range parameter for panel B). (b) Bayesian results from brms for the
same models and datasets. Upper panels show posterior distributions of the overall effect size, with
points indicating posterior medians and horizontal lines denoting the central 50% and 95% credible
intervals. Lower panels show posterior distributions of the corresponding variance components and, for
the spatial analysis, the spatial range parameter. The phylogenetic analysis is based on 1,828 effect sizes
from 457 studies, and the spatial analysis on 2,361 effect sizes from 393 primary studies.
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Table 1: Examples of meta-analyses outside ecology and evolution and how spatial meta-analysis could extend them. Spatial random effects capture
geographic non-independence, thereby improving uncertainty estimates and quantifying the similarity of estimates within or between regions. However,
identifying the drivers of such spatial patterns (e.g. cultural, genetic, or policy factors) requires additional explanatory variables

Discipline / Field Limitation (What is not done) What spatial random effects could reveal References

Psychiatry Estimates of age at onset are compared across
countries, but without accounting for spatial auto-
correlation between nearby regions.

More reliable uncertainty estimates and quantifi-
cation of how similar onset ages are among nearby
regions.

44

Neuro-Oncology Incidence rates of brain tumours are reported
globally, but neighbouring regions are treated as
independent.

Identification of spatial dependence in incidence
estimates and assessment of geographic ranges
over which rates are similar.

45

Gastroenterology The prevalence of celiac disease is compiled
worldwide, yet regional non-independence is
ignored.

Clarification of whether prevalence estimates show
spatial dependence and how similarity decays with
distance.

46

Sociology Cross-national patterns in science knowl-
edge–attitude links are compared, but regional
similarity is not modelled.

Estimation of broader regional similarities (e.g.
countries in Western Europe being more similar
among themselves than to Eastern Europe).

47

Sociology The effects of education on mortality or attainment
are analysed country by country, without account-
ing for geographic correlation.

Quantification of whether countries form regions
with stronger within-region similarity (e.g. high-
income vs low-income blocs).

48,49

Psychology Suicide theory constructs and resilience preva-
lence are compared across countries, but cross-
national dependence is ignored.

Estimation of the degree of similarity within
regions (e.g. Asian vs European student popula-
tions) relative to between regions.

50,51

Int. Business / Org. Psych. Cultural diversity effects are meta-analysed across
studies, but study location is treated as indepen-
dent.

Assessment of how effects vary across geography
and whether certain regions show stronger within-
region similarity than others.

52
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