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Rates of passerine body plan evolution in 
time and space
 

Jacob S. Berv    1,2  , Charlotte M. Probst    1, Santiago Claramunt    3,4, 
J. Ryan Shipley5, Matt Friedman    2,6,7, Stephen A. Smith    8, David F. Fouhey    9,10 &  
Brian C. Weeks    1 

The rates and patterns of phenotypic evolution are known to vary 
dramatically across time and space, yet the drivers of this variation remain 
poorly understood. Using over 170,000 skeletal measurements across 
2,057 species of Passeriformes—the most diverse order of living birds—we 
reconstruct the evolutionary history of passerine body plan diversification 
over the past ~50 Myr. We find that the history of passerine body plan 
evolution is dominated by rare, hierarchically nested bursts of phenotypic 
innovation near the origins of major taxonomic groups, indicating that such 
radiations have played a disproportionately large role in shaping global 
passerine diversity. These bursts are temporally aligned with intervals 
of increased climatic instability in Earth’s history and are reflected in 
contemporary latitudinal gradients, where assemblages at higher latitudes 
host species with elevated mean rates of phenotypic evolution and more 
modular trait covariation. Together, our findings support the hypothesis 
that climatic variability may act as a recurring driver of phenotypic 
diversification, linking deep-time pulses of innovation to broad-scale spatial 
patterns in evolutionary tempo.

A central challenge in evolution is determining whether large-scale 
patterns of biodiversity are the result of ecological and evolutionary 
processes or the legacy of Earth’s historical contingencies. Viewed 
through a macroevolutionary lens, contemporary biodiversity gradi-
ents reflect the cumulative impact of repeated radiations and extinc-
tions, modulated by environmental variability1–3. These dynamics are 
exemplified in the fossil record, leading George Gaylord Simpson to 
propose that much of life’s diversification resulted from deep-time 
‘early bursts’ of adaptive radiation4,5. During these events, ecological 
opportunities arising from environmental disturbance or evolution-
ary innovation can trigger simultaneous divergence of lineages and 

phenotypes6. Just as environmental changes over geological time 
likely catalysed bursts of phenotypic evolution, spatial variation in 
ecological opportunity may generate and structure phenotypic dis-
parity across contemporary gradients7. At the same time, present-day 
patterns of phenotypic variation may be shaped by the footprints of 
extinction and dispersal, particularly in regions affected by glaciation, 
aridification, or habitat fragmentation7–11. Together, these perspectives 
suggest that environmental variability—acting both as a source of 
opportunity and as a filter through extinction—may generate recur-
ring patterns of morphological disparity and evolutionary potential 
across time and space.
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shifts in rate, as expected under models of pulsed macroevolution40–42. 
Considering each lineage separately, accelerations are separated by a 
median waiting time of 20.5 Myr (or ~1 acceleration per 0.9 billion years 
of summed branch length), broadly consistent with ref. 41. For all shifts, 
86% of tip-to-root paths have waiting times among shift events best 
fit by constant-rate exponential models (MLE: λ ≈ 0.2, mean ≈ 5 Myr, 
95% highest density interval (HDI) = 2.5–12.6 Myr), consistent with 
memoryless dynamics. Across the entire phylogeny, waiting times are 
best fit by a Weibull distribution (MLE: k = 0.77, λ = 0.45), indicating 
that the instantaneous probability of a shift occurring anywhere in the 
tree is highest immediately after a previous shift. Shifts are therefore 
temporally clustered and define episodic bursts (Figs. 1a and 2).

Together, these dynamics have produced a pattern of hierarchi-
cally nested bursts, in which numerous clade originations coincide with 
dramatic increases in the average rate of body plan evolution (Fig. 1a). 
Theoretical models suggest that such reorganizations, particularly 
those that increase modularity and reduce pleiotropy, can enhance 
evolvability by enabling modular responses to selection while preserv-
ing overall organismal integration30,43. Researchers have previously 
proposed that these reorganizations underlie the origins of higher 
taxa, where early bursts of disparity reflect rapid shifts in trait integra-
tion rather than gradual modification of individual features29,44. Post 
hoc analyses of regime-specific phenotypic correlation structure 
(Supplementary Fig. 4a–d) support this interpretation and show that 
inferred shifts align with changes in overall patterns of phenotypic 
integration. Specifically, shifts fall along a dominant axis that partitions 
a distal wing/flight module from hindlimb and cranial traits, suggesting 
variable coupling between the flight apparatus and terrestrial locomo-
tion/feeding structures45 (Supplementary Text).

Consistent with this interpretation, rate increases in passerines 
are concentrated near the origins of clades historically recognized for 
their phenotypic distinctiveness (Fig. 1a and Supplementary Table 7), 
supporting the idea that evolutionary re-patterning of body plan archi-
tecture enables access to distinct regions of ecomorphospace44,46. 
Viewed alongside pan-avian analyses that portray passerines as mor-
phologically conservative25, our results show that passerine skeletal 
diversity has been assembled through striking dynamism within their 
occupied region of morphospace, via rare but consequential changes 
in body plan architecture.

Passerine body plan evolution thus aligns with features of clas-
sic macroevolutionary models: repeated accelerations followed by 
slowdowns resemble punctuated equilibrium and evolutionary con-
straint47; the concentration of accelerations at clade origins is con-
sistent with Simpsonian quantum evolution5; and the alternation of 
rapid and gradual change resembles punctuated gradualism48. Similar 
to ref. 49, we find that body plan diversification follows a process in 
which rare accelerations punctuate a background diffusion process. 
Importantly, our results show that classic macroevolutionary patterns, 
largely derived from the fossil record, can be observed even when 
phenotypic data are available only for extant taxa. Despite our dense 
sampling (2,057 species spanning ~89% of passerine families), many 
recently diverged species remain unsampled, so the overall pattern of 
variation should be interpreted as a lower bound on the complexity of 
passerine body plan diversification (see the sensitivity analysis in the 
Supplementary Information).

More broadly, the burst–slowdown dynamics inferred here are 
compatible with the view that some avian adaptive radiations may slow 
as niche space fills. In the broader avian literature, classic island and 
regional radiations such as Darwin’s finches, Hawaiian honeycreepers, 
Madagascan vangas, Himalayan songbirds and Neotropical tanagers 
show either early pulses of morphological or lineage diversification, 
or patterns consistent with diversification constrained by niche fill-
ing and ecological saturation20,23,50–54. Still, other studies examining 
a wide range of species have not detected early bursts or diversifica-
tion slowdowns55–58. These differences may reflect real variation in 

To test this prediction, we examine variation within the avian 
bauplan, or body plan, across 2,057 species of passerine birds, using a 
12-dimensional dataset summarizing >170,000 linear measurements 
of skeletal elements12,13. These data capture the primary axes of avian 
body plan variation, including limb proportions, the flight and perch-
ing apparatuses, and cranial and sensory structure, reflecting broad 
patterns of morphological organization (Methods).

Passeriformes, or perching birds, include over 6,500 species 
distributed across nearly 140 families14. Their global radiation spans 
a remarkable range of ecological niches, morphologies and behav-
iours, making them a powerful model for investigating how spatial and 
temporal patterns of morphological evolution are connected across 
lineages, environments, and geologic time. Although the passerine 
fossil record is sparse15–17, recent studies have produced consistent 
estimates of the group’s temporal dynamics14,18,19, providing a founda-
tion for evaluating the forces shaping their diversification—including 
ecological opportunity, resource heterogeneity, sexual selection, 
competition, and climate-driven environmental change6,20–24. At the 
same time, recent analyses of the avian skeleton suggest that passerine 
skeletal evolution may be conservative, with lower skeletal disparity 
and simpler appendicular skeletons than those of other bird clades25,26, 
creating an apparent paradox between their extraordinary species 
richness and limited skeletal diversity. Understanding how this large 
fraction of global bird diversity assembled its phenotypic diversity 
is central to interpreting passerine evolution and to situating their 
radiation within the wider landscape of avian body plan diversification.

To characterize body plan evolution, we developed a new approach 
for inferring histories of evolutionary processes from multivariate 
phenotypic data (Methods). By operating in a latent space that cap-
tures the proportional organization of the skeleton, our method ena-
bles inference of macroevolutionary dynamics shaped by changes 
in developmental and functional constraints27–30. Specifically, we (1) 
extend multivariate evolutionary models with a greedy heuristic search 
procedure31–38, (2) apply this framework to infer phenotypic shifts 
across the passerine phylogeny and (3), evaluate how these shifts align 
with episodes of climatic instability over the past ~50 Myr. To assess 
whether deep-time dynamics shape contemporary patterns, we then 
(4) model how rates of body plan evolution vary across global environ-
mental gradients, with a focus on latitude and temperature seasonality.

Results and discussion
Historical patterns of body plan evolution
Across ~50 Myr of passerine evolution, our focal analysis infers 82 
shifts in the mean rate of body plan evolution across the passerine 
phylogeny (Fig. 1a). Here, ‘rate’ is the mean of the diagonal variances 
(σ2) from the evolutionary variance–covariance matrix (Methods; also 
Supplementary Fig. 4). Under this definition, the root branch separating 
oscines and suboscines (Eupasseres) has the fastest inferred rate; it is 
~3 times faster than the next fastest rate (the nine-primaried oscines 
(Emberizoidea and Fringillidae); ‘J’ in Fig. 1) and almost 900 times faster 
than the slowest, a subclade of Palearctic emberizid buntings. Most 
shifts were statistically well supported; in our focal analysis, ~90% had 
generalized information criterion (GIC) weights >95% (Methods). Of 
all inferred shifts, only 18 (~20%) represent increases in rate (modal 
rate increase of ~130%), while all other shifts represent rate decreases 
(modal rate decrease of ~64%). Across multiple analyses, the magni-
tudes of inferred rate increases and decreases differed; a typical rate 
increase was ~2.75 times greater than a typical rate decrease (D = 0.24, 
P < 0.0001; Supplementary Fig. 5).

The distribution of inferred mean rates across all lineages 
(Fig. 1a) is best described by a Gumbel distribution (maximum likeli-
hood estimate (MLE): μ = –8.84, σ = 0.83; Kullback–Leibler divergence 
of ~0.03). Used in extreme value theory to model the distribution of 
rare, high-magnitude events39, the Gumbel distribution is consistent 
with an evolutionary process shaped by infrequent but consequential 
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evolutionary dynamics or, alternatively, may arise from methodo-
logical challenges, including differences in scale, clade selection, or 
model adequacy59,60. Traditional comparative approaches often assume 
a homogeneous evolutionary process across lineages61 and rely on 
ordination62, thereby limiting their sensitivity. Our approach addresses 
these challenges by providing a framework that can identify shifts in 
phenotypic diversification across multidimensional trait spaces with 
fewer assumptions.

When compared to a continuous paleoclimate proxy for mean 
global temperature (benthic δ18O; ref. 63), we find that periods of 
increased climatic variability are aligned with increased global frequen-
cies of inferred model shifts (Fig. 2). This pattern is clearest during 
the Eocene–Oligocene transition (EOT, ~34 Ma) and the Mid-Miocene 

climatic optimum/transition (MMCO/MMCT, ~15 Ma)—intervals char-
acterized by dramatic global cooling and warming, respectively63–66. 
While the overall frequency of shifts appears elevated across both 
intervals, their directionality differs: rate increases are relatively 
more frequent near the EOT, whereas rate decreases peak closer to 
the MMCO/MMCT (Fig. 2).

The EOT was characterized by global restructuring of ecosystems, 
including, in many regions, the contraction of warm, closed-canopy 
forests, the expansion or reorganization of more open, seasonal habi-
tats (for example, temperate woodlands, shrublands, and grassland- 
dominated systems), and shifts in marine productivity65. Such environ-
mental changes would have displaced incumbent lineages and created 
new ecological opportunities—a dynamic long proposed as a catalyst 
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Fig. 1 | Phylogenetic and spatial patterns of passerine body plan evolution.  
a, Passerine phylogeny18 showing the results of our focal analysis (Methods). We 
infer 82 shifts in the process of multivariate phenotypic evolution (summarized 
as rate variation). Letters at highlighted clades (white circles) indicate nodes 
where we observe multivariate rate increases (18 total), while all other branch 
colour shifts show inferred rate decreases (64 total). Of these highlighted clades, 
16 have GIC weights of ~100%, whereas two (R, Q; in grey) have GIC weights <90%. 
These rate increases align with recognized taxa, for example, Passerida (C), Nine-
Primaried Oscines ( J), Furnariida (Q, L), Corvinae (G), Cyanocoracinae (I), the 
‘core’ Cotingas (K), Acanthizidae (F) and others (Supplementary Table 7).  
Circle sizes are proportional to the percentage rate increases on those nodes. 

MLE of a Gumbel distribution, fit to inferred mean branch rates, with Kullback–
Leibler divergence (DKL) of 0.03, indicating a close fit to the empirical distribution 
of rates. Bars at the tree tips summarize lineage rates (inset legend, Methods). 
b–d, Associations between range-weighted mean lineage rates and latitude 
(b), between range-weighted mean lineage rates and temperature seasonality 
(BioClim4, °C × 100) (c) and between range-weighted mean lineage rates and 
species richness (d). e, The association between local species richness and 
latitude, peaking at the equator. Scatterplot point colours correspond to 
seasonality or latitude values. Simplified quadratic or linear curves overlaid for 
reference. Credit: Illustrations of representative taxa from labelled clades (not to 
scale) in a by Olivia Stein; scaled graphics provided in Supplementary Fig. 18.
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for adaptive radiation4,6,9,67. These patterns are consistent with the 
hypothesis that cooling-associated habitat turnover at the EOT gen-
erated ecological opportunity and promoted accelerated body plan 
evolution67. In some cases, this broader interval of ecological oppor-
tunity may have been reinforced by lineage-specific biogeographic 
expansion. For example, the acceleration at Passerida (C in Fig. 1a) 
coincides with the expansion of this radiation beyond Australasia (the 
temporally later acceleration at nine-primaried oscines ( J in Fig. 1a) 
may likewise reflect diversification associated with colonization of 
new regions in the New World68)14. Other inferred accelerations of 
similar age, including Furnariida (L and Q in Fig. 1a), do not coincide 
with comparably clear biogeographic transitions, suggesting that the 
broader clustering of rate increases around the EOT is more consistent 
with a shared influence of climatic instability. By the MMCO/MMCT, 
when many passerine lineages were relatively mature and had already 
diversified extensively within these environments, decelerations in 
the rate of body plan evolution appear more common, as would be 
expected under increasing ecological saturation and stabilization67. 
Our observations of nested phenotypic bursts near the origins of 
major clades, and the broader pattern of accelerations around the 
EOT followed by decelerations near the MMCO/MMCT, point to a 
common burst–slowdown dynamic repeated across scales, from 
subclade-level body plan evolution to the temporal trajectory of the 
radiation as a whole.

Temperature variability links body plan evolution across time 
and space
To better understand potential linkages between climatic instability and 
phenotypic evolution, we modelled contemporary spatial variation, 
leveraging the high resolution of available climate data to test whether 
recent evolutionary patterns recapitulate those inferred across time. 
Latitudinal diversity gradients are among the most striking patterns in 
nature; competing hypotheses attribute these gradients to variation in 
speciation and extinction rates, ecological and energetic constraints 
and asymmetric dispersal across latitudes3,69–72. Range-weighted pas-
serine species richness tracks this pattern, peaking near the equator 
and declining toward the poles (Fig. 1e). While some studies report 
increased lineage diversification rates toward the poles2,70,71,73–76, 
researchers have not yet determined whether patterns of phenotypic 
diversification broadly mirror gradients of lineage diversification7,77–79. 
Although diversification and phenotypic evolution may be linked60, 
they can also vary independently80. Such decoupling can arise through 
cryptic speciation81, non-ecological speciation82, drift in geographi-
cally structured populations83 or bursts of morphological divergence 
without speciation84. More broadly, it is unclear whether contemporary 
biodiversity gradients and deep-time evolutionary dynamics share a 
common underlying cause.

We find a strong signal of elevated mean rates of multivariate 
body plan evolution at higher latitudes (Fig. 1b). We focus on a useful 
summary statistic—grid-cell mean rates that account for both recent 
lineage effects and variation in range sizes (Fig. 1a and Methods). A 
parsimonious spatial autoregressive lag (SAR-Lag) model including a 
quadratic term for latitude and a linear control for species sampling 
confirms a strong statistical signal of increasing mean phenotypic 
rates with latitude (total effect latitude z-score = 2.78, P ≈ 0.005; total 
effect sampling fraction z-score = 1.6, P ≈ 0.1; Supplementary Fig. 13 
and Supplementary Table 4). In this and other SAR-Lag models, Moran’s 
I, a statistic of spatial autocorrelation, was significantly reduced in 
model residuals (for example, an ~84–86% reduction compared to 
ordinary least squares (OLS)), indicating that our results are robust 
to the majority of spatial autocorrelation in these data (see Fig. 3c). 
Additional SAR-Lag models incorporating spatial variation in tem-
perature seasonality (positive effect; Supplementary Fig. 15 and 
Supplementary Table 6) and local species richness (negative effect; 
Supplementary Fig. 14 and Supplementary Table 5) confirm these fac-
tors as significant covariates of spatial variation in mean rates (Fig. 3).

These results show that increased temperature seasonality across 
space correlates with increased mean rates of body plan evolution 
(Figs. 1c and 3b, Supplementary Fig. 15 and Supplementary Table 6), 
corroborating patterns we find across time (total effects: linear effect 
z-score = 3.17, P ≈ 0.0015; quadratic effect z-score = 3.53, P ≈ 0.0004, 
after accounting for latitude, interaction effects, and species sam-
pling). Mean phenotypic rates are highest where local species richness 
is lowest (Fig. 1d, Supplementary Fig. 14 and Supplementary Table 5), 
suggestive of an effect of ecological interactions and/or regional 
variation in diversification patterns (total linear effect z-score = −2.1, 
P ≈ 0.03, after accounting for latitude, interaction effects, and sam-
pling fraction). A more parameter-rich, aggregated SAR-Lag model 
included local species richness, temperature seasonality, latitude, 
interactions between latitude and the two focal predictors, and 
controls for speciation rate (λDR) and sampling fraction (19 param-
eters) (Figs. 1b and 3a–c and Supplementary Table 3). This aggregate 
model recapitulated the primary trends in the empirical data, and 
suggests that a small number of parameters explain much of the 
variation in recent mean phenotypic rates across >10,000 grid cells 
(Nagelkerke pseudo-R2 = 0.74); with temperature seasonality still 
significant after accounting for the other predictors (total effects: 
linear effect z-score = 2.45, P ≈ 0.01, quadratic effect z-score= 4.8, 
P ≈ 1.6 × 10−6). Sampling intensity itself was not a significant pre-
dictor of spatial variation in mean phenotypic rates (for example, 
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Supplementary Fig. 13b). In Fig. 3c, residuals are small relative to the 
fitted model: predicted rates (Fig. 3a) vary by ~3- to 4-fold, but 95% 
of residuals lie within ±0.25 ln units (~25%) of the predictions, in line 
with the pseudo-R2 estimate of 0.74.

In sum, these analyses reveal a global pattern of body plan evolu-
tion: high-latitude and seasonal environments tend to host assem-
blages with elevated mean rates of body plan evolution, a feature 
often associated with increased evolvability30,43,85. These phenotypic 
patterns broadly parallel observed increases in lineage diversifica-
tion rates at higher latitudes2,70,71,73–76 and faster body-shape evolution 
in fishes79. Means can obscure variation within assemblages, so we 
also summarized lineage mixtures within assemblages and found 
that our assemblage-level mean rates are well correlated with meas-
ures of compositional enrichment for globally fast or slow lineages 
(Supplementary Fig. 17a–h). Overall, these patterns are consistent 
with the hypothesis that climatic variability has contributed to phe-
notypic innovation both across ~50 Myr of passerine evolution and in 
more recent history, reflected in strong relationships among seasonal 

temperature variation, latitude, and recent rates of phenotypic evo-
lution. While deep-time climatic instability and modern tempera-
ture seasonality operate on very different timescales, both represent 
large-amplitude thermal variation; we therefore treat them as concep-
tually related axes of environmental fluctuation.

Although these spatial signals may suggest local adaptive evolu-
tion, we considered several nonadaptive explanations (Methods). First, 
differential extinction may bias mean rates: high turnover in unstable 
regions could filter out slow-evolving lineages (for example, ref. 86), 
while lower extinction risk in the tropics may preserve lineages shaped 
by slower niche-partitioning dynamics. Although we view this as a 
plausible explanation, a recent analysis did not support the hypothesis 
that avian extinction rates are systematically higher at higher lati-
tudes18. Alternatively, elevated rates might reflect genetic drift during 
population bottlenecks associated with climatic stress or reduced 
population density87, where reduced effective population sizes, Ne, are 
expected to increase phenotypic variation in proportion to heritability 
−h2− (σ2 ∼ h2/Ne) 32.
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weighted; Methods), from an aggregated SAR-Lag model including key 
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mean rates are typically higher at higher latitudes and are well approximated  
by a simple quadratic relationship with latitude (Supplementary Fig. 13).  
b, Temperature seasonality (BioClim4) shows spatial patterns similar to a.  
c, Aggregated SAR-Lag model (in a) residuals projected across space, showing 
minimal residual structure after accounting for spatial autocorrelation.
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To investigate these possibilities, we independently assessed 
assemblage-level phenotypic variance, dispersion, and dimensional-
ity (Methods)—aspects of variation that we expect may be eroded by 
extinction88–90 or potentially inflated by drift in small populations32. 
We also estimated the modularity of local trait covariance matrices 
using Louvain community detection91, which quantifies the degree of 
phenotypic compartmentalization and may be shaped by ecological, 
drift or extinction processes92–94.

Standardized mean phenotypic residuals increase sharply at 
higher latitudes (Methods), suggesting disproportionate phenotypic 
divergence relative to evolutionary distances (Fig. 4b). Continental 
bioregions appear to strongly influence these patterns; New World 
lineages show greater local phenotypic dispersion than Old World 
localities. Estimates of local effective dimensionality (Fig. 4c) and 
total variance (Supplementary Fig. 16) are relatively stable across 
latitudes. Estimates of modularity within local assemblages also 
increase at mid-latitudes, suggesting greater clustering of trait covari-
ation, consistent with regime-level patterns (Supplementary Fig. 4). 
Further, the proportion of grid cells showing significant departures 
from phylogenetic independence declines around ±40° latitude, 
consistent with reduced phylogenetic structuring of phenotypic 
variation at high latitudes (Fig. 4d). This weakening of evidence for 
phylogenetic signal may align with patterns of phenotypic overdisper-
sion and modular organization observed at high latitudes, although 
some of these declines may reflect statistical limitations in smaller 
species pools.

These patterns are difficult to reconcile with simple drift or 
extinction-filtering scenarios, suggesting more complex dynam-
ics. At higher latitudes, species assemblages have disproportionate 

phenotypic disparity, stable dimensionality and variance, and 
stronger modular organization, features that neither drift nor 
extinction alone are expected to produce. While drift can increase 
phenotypic variance in small populations, it is unlikely to generate 
or preserve structured trait integration43,94,95. Extinction can erode 
morphological diversity88 and, under some conditions, favour 
modular architectures that promote resilience93–95, but the stable 
variance and dimensionality in our data argue against extinction 
filtering as the sole driver of the patterns we observe18. The spatial 
convergence of high mean rates, high modularity of trait covariation, 
and overdispersed traits, aligns with theoretical expectations for 
evolvable systems, suggesting that environmental instability fosters 
the enrichment of phenotypically labile lineages and/or selects for 
their persistence.

Finally, while we have attempted to account for assemblage struc-
ture (for example, via range-weighting, richness, and sampling covari-
ates), our framework does not explicitly separate in situ evolutionary 
change from the effects of dispersal and local extirpation, particularly 
in species-poor cells at extreme latitudes. In these cases, quantities 
such as modularity and local trait disparity may be influenced by small 
species pools and noisier estimates of phenotypic structure. Metrics 
that summarize mean lineage or trait histories can also, in principle, 
generate spatial patterns even under constant diversification, if range 
shifts and local turnover are structured in space; our approach does not 
model these dynamics directly. We therefore view our spatial analyses 
as approximations of recent evolutionary dynamics in local assem-
blages. Spatially explicit models and simulations that jointly track range 
dynamics, speciation and trait evolution will be valuable for further 
disentangling these effects.
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Fig. 4 | Latitudinal variation in phenotypic structure. Mid-to-high latitude 
assemblages, characterized by greater temperature seasonality, show faster, 
more modular, and less phylogenetically constrained patterns of phenotypic 
variation. a, Local estimates of modularity increase with increasing latitude, 
similar to patterns of mean multivariate rates (Fig. 1b). b, Standardized 
phenotypic residuals across grid cells suggest higher-latitude assemblages host 
lineages with phenotypic dispersion greater than expected given their species’ 
divergence times, with strong biogeographic effects primarily separating New 
World (North and South America) and Old World (Africa, Europe, Asia and 

Australasia) assemblages. c, Effective dimensionality, approximating the number 
of orthogonal axes of variation, is relatively stable across latitude (3–5 axes). 
d, Kmult, a descriptive metric of multivariate phylogenetic signal within each 
grid cell. We overlay a curve (black) showing the proportion of grid cells with 
significant departures from phylogenetic independence (10° sliding window). 
This proportion approaches 0 beyond ±40°, suggesting a weakening of evidence 
for phylogenetic structuring of trait variation; the yellow segment of the curve 
denotes cells with <10 species (approximately >68° N).
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Conclusion
By linking the temporal and spatial dimensions of passerine bauplan 
evolution, our findings support the hypothesis that climatic variability 
structures the exploration of ecomorphospace67. Just as deep-time 
episodes of environmental disruption coincide with changes in patterns 
of phenotypic evolution, contemporary high-latitude or highly sea-
sonal environments show similar patterns and host assemblages with 
elevated mean rates and trait architectures capable of generating vari-
ation under fluctuating conditions95–97. Together with our finding that 
rapidly evolving regimes tend to show reduced phenotypic integration 
and distinctive axes of covariance structure (Supplementary Fig. 4a–d), 
these patterns suggest that modular reorganization is a key pathway 
by which climatic variability is translated into morphological diver-
sification in passerines. Environmental variability may thus act as a 
common cause of both temporal bursts of phenotypic change and 
spatial gradients in evolutionary tempo.

Methods
Empirical dataset and phylogenetic framework
Our study relies on a large phenotypic dataset described in ref. 12. In 
brief, we developed and applied a computer vision pipeline (Skelevi-
sion)13 that leverages U-Net98 and Mask R-CNN99 approaches to measure 
traits across thousands of images of avian skeletal specimens. This 
approach identifies and measures the longest linear dimension of 
bones in the legs, torso, wings, hand, and skull with low error13. The 
initial Skelevision dataset spans 2,057 species (Aves: Passeriformes) and 
includes data from 12 skeletal elements across 14,419 voucher speci-
mens12. These traits comprise linear measurements of major hindlimb 
(femur, tibiotarsus, tarsometatarsus), forelimb (humerus, ulna, radius, 
carpometacarpus, second digit first phalanx), and axial/cranial (keel, 
furcula, sclerotic ring diameter, skull–bill length) elements. The spe-
cies in our dataset encompass 34% of passerine species and 89% of 
passerine families56, enabling us to examine a wide taxonomic sample 
across the most diverse avian order. Acanthisittidae (New Zealand 
wrens), sister to other passerines, were not included because suitable 
skeletal specimens were unavailable. The geographic breadth of these 
species is summarized in Supplementary Fig. 11, which also highlights 
opportunities to expand future coverage.

In addition to the trait values directly measured from photo-
graphs, Skelevision includes estimates of missing values, imputed 
using a multivariate evolutionary model that accounts for both within- 
and between-species variation12,100. We previously showed that this 
approach for estimating missing values has low root mean square error 
(r.m.s.e.) and percentage bias12. Following the procedure described in 
ref. 12, we derived species-level body mass estimates from associated 
specimen metadata; 54.2% of individual skeletons had body mass 
recorded on their museum labels (archived in VertNet)12. Across these 
specimens, 69.2% of species had mass data (on average, n ≈ 5.5 per 
species), providing a reasonable basis for estimating missing mass 
values within and across species. In alignment with this expectation, 
cross-validation of our approach against known specimen masses 
indicates very low imputation error (mean r.m.s.e. ≈ 0.16 log(grams); 
mean P bias ≈ 0.45%) at the specimen level. Therefore, we used the 
species means (for both skeletal traits and body mass) returned by 
our approach12,100 (best linear unbiased predictions) as covariates for 
phylogenetic comparative analysis.

All downstream analyses use the phylogenetic hypothesis of Pas-
seriformes from ref. 18. This phylogeny was generated using a sequen-
tial approach, integrating a fossil-calibrated family-level backbone 
phylogeny with high-quality and nearly complete phylogenetic trees 
of bird groups (for example, refs. 75,101–108). In our sample, 101 spe-
cies did not cleanly map to the Passeriform phylogeny from ref. 18. To 
include these additional species (~5% of the dataset), we used matrix 
representation with parsimony109,110, implemented in phangorn111 to 
graft them into the ref. 18 topology. We used an alternative consensus 

phylogeny from refs. 56,112 as a reference and constrained existing 
relationships from ref. 18 by applying 1,000:1 weighting in favour of 
ref. 18. We then restored the exact node ages from ref. 18, using con-
gruification113 with treePL114. Although this procedure may introduce 
noise or bias when placements are not perfectly correct (for example, 
ref. 19), we observed no added species far outside expected groups. 
Therefore, we believe that the increase in power from adding these 101 
species outweighs the potential error in estimated parameters (see the 
sensitivity analysis in the Supplementary Information).

Although the topology and timescale of avian diversification 
are active areas of research, the phylogeny we use is consistent with 
the fossil record115–117 and aligns with other studies using subgenomic 
or genomic datasets14,19,118–120. These studies and others support the 
hypothesis that Passeriformes originated in the Eocene, 45-47 Ma14,18.

Fitting time-heterogeneous models
A variety of statistical approaches have been developed to charac-
terize the accumulation of phenotypic variation through stochastic 
processes, including Brownian motion (BM) 31,121, Ornstein–Uhlenbeck 
process (OU)122,123, and accelerating-decelerating (ACDC) models55,124. 
Extending these models, researchers now apply the concept of ‘mac-
roevolutionary regimes’125 to evaluate how broad-scale patterns of 
phenotypic variation may be explained by shifts in a background 
evolutionary process (for example, refs. 126,127). This model-based 
approach is widely recognized as a powerful way to test hypotheses 
about macroevolution128.

Some researchers have also recognized that the process gener-
ating phenotypic variation may itself evolve along the branches of a 
phylogenetic tree126, such that variation may be best partitioned on 
the basis of a mixture of distinct evolutionary models across the tree of 
life37,38. This idea has spurred a renaissance of methodologies for iden-
tifying the phylogenetic positions of evolutionary events that partition 
phenotypic variation under a consistent statistical criterion60,129–138. A 
few approaches also allow researchers to extend these ideas to mul-
tivariate datasets of several dimensions38,62,135,139–141, although, as far 
as we are aware, there is only one existing likelihood framework that 
can be used to estimate a full multivariate evolutionary process for 
high-dimensional phenotypes34.

Although phenotype is an inherently multivariate phenom- 
enon32,33,62,142, theoretical or computational constraints have typically 
required that researchers reduce the dimensionality of their datasets 
through techniques such as principal component analysis (PCA)62,143. 
However, PCA can bias evolutionary analyses by distorting variation 
across trait dimensions such that the first few principal components 
artifactually appear to have evolved via an ‘early burst’ process, similar 
to expectations of adaptive radiation62. More generally, PCA’s objec-
tive of minimizing the sum of squared errors has long been recognized 
to have the potential to suppress task-relevant details if they do not 
dominate the overall variance of the data144. True multivariate methods 
that can capture the evolution of high-dimensional phenotypes in 
association with large phylogenies are therefore required to identify 
statistically consistent partitions of biological diversity, enabling 
robust tests of macroevolutionary hypotheses.

We developed an efficient approach for detecting such multivari-
ate shifts in phenotypic evolution. The underlying model-fitting 
machinery we use builds on the mvgls framework from the R package 
mvMORPH, which enables high-dimensional phylogenetic general-
ized least squares34,145. We extend this framework with a model  
selection procedure inspired by recent work on phylogenetic shift 
detection36–38,146 to infer multi-rate multivariate Brownian motion 
models. In these models, evolutionary shifts are represented as scalar 
transformations of the phenotypic variance–covariance matrix, cor-
responding to proportional matrices in the ‘Flury hierarchy’ with 
shared eigenvectors147,148. This proportionality assumption balances 
model complexity, computational feasibility and statistical 
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identifiability in high-dimensional trait spaces, reducing the number 
of free parameters (p) from p(p+1)

2
 per matrix to a single scalar multiplier.

Although our approach does not explicitly model more complex 
evolutionary dynamics—such as changing covariance structures or 
deviations from Brownian motion (although see post hoc analysis in 
the Supplementary Information)38,131,135,139,140,148,149—it enables automated 
inference of multivariate evolution across thousands of species without 
relying on lossy procedures such as PCA62. The stepwise greedy search 
algorithm we apply (Supplementary Figs. 6 and 7) compares alternative 
configurations of model shifts using information criteria, the general-
ized information criterion (GIC)150 or Bayesian information criterion 
(BIC)151. Similar to refs. 36–38,136,146, our approach requires a rooted 
phylogenetic tree and a matching phenotype matrix and applies the 
following algorithm:

1.	 Estimate a globally uniform mvBM model with mvgls34, using 
a user-specified generalized least squares regression struc-
ture (for example, Y ~ 1 for intercept-only or Y ~ X to include 
numeric and/or factor covariates).

2.	 Generate a pool of all candidate shift points; this includes all 
nodes with a specified minimum number of descendant tips. 
From this pool, use branch painting (for example, using paint-
SubTree from phytools152) to represent each candidate shift as 
a ‘simmap’ tree object. Each candidate shift is thus encoded as 
a ‘painted’ tree with two states: a uniform ancestral state and a 
derived state representing the candidate shift.

3.	 Each painted tree is evaluated in mvgls34 under the ‘BMM’ 
model by constructing a regime-scaled multivariate covari-
ance matrix and computing the corresponding multivariate 
normal log-likelihood.

4.	 Generate a ranked list of candidate shifts, according to GIC or 
BIC score, representing the improvement in model fit relative 
to the initial global model.

5.	 Initialize the final model configuration with the global model. 
The first candidate shift is added to the final configuration  
(an ‘aggregated’ model) from the ranked candidate list, and 
the likelihood is re-estimated. If the updated aggregated 
model has an information criterion (IC) score lower than the 
current aggregated model’s by a specified threshold, the candi-
date shift is accepted, and the algorithm moves to the next 
candidate in the ranked list. At this stage, if adding a particular 
candidate shift does not reduce the IC score of the aggregated 
model by the specified threshold or more, we discard it and 
move to the next candidate. This loop continues until all candi-
dates have been evaluated. The intention of this strategy is to 
efficiently add shifts to the aggregated model in the order that 
we expect will maximally improve model fit36–38.

6.	 Lastly, reassess the statistical support for each accepted shift 
using IC weights. This step compares the final aggregated 
model (for example, with the best IC score) to reduced models 
in which each shift is removed sequentially. In this context, 
IC weights provide an interpretable metric of how much each 
shift contributes to the final configuration, when assessed 
independently153,154, and are computed as follows:

w = 1

1 + e
1
2
ΔIC

, whereΔIC = ICwith shift − ICwithout shift

Higher weights (that is, closer to 1) indicate a large increase in 
IC when the shift is excluded, suggesting that including the shift 
improves overall model fit. Weights near 0.5 suggest more equivocal 
support, while values below 0.5 imply that excluding the shift leads to 
a better-fitting model.

Our model selection procedure is implemented as a set of new 
R functions; all code is available as supplementary material and on 

GitHub (https://github.com/jakeberv/passerine-bodyplan-evolu-
tion), Zenodo (https://doi.org/10.5281/zenodo.19211076)155 and CRAN 
(https://doi.org/10.32614/CRAN.package.bifrost). R code develop-
ment was assisted by OpenAI large language models (GPT-4, GPT-4o 
and GPT-5); all generated outputs were reviewed and verified by 
the authors.

Here we restrict our analyses and simulations to restricted maxi-
mum likelihood optimization, which we show performs well for our 
empirical data (Supplementary Information), although ML can be used 
when fixed effects vary. For linear measurement data, our approach 
also relaxes the need for phylogenetic size correction as a data preproc-
essing step28,143; because it is built around a phylogenetic generalized 
least squares framework145, we include log-body-mass as a covariate 
to account for phylogenetic size variation, consistent with isometric 
expectations for linear dimensions156.

Analysis of Passeriform skeleton evolution
We applied our heuristic search procedure to our passerine skeletal 
dataset that includes data from 12 skeletal elements measured on 
14,419 individuals spanning 2,057 species of passerines (‘Empirical 
dataset and phylogenetic framework’). We ran 12 searches that var-
ied the search parameters to identify optimized configurations of 
model shifts. We varied the minimum clade size (10, 20, 30 tips), the 
IC acceptance threshold (20, 40 units) and the information criterion 
(GIC or BIC) across replicated analyses (Supplementary Figs. 5–7). 
All analyses specify a likelihood optimization method (in our case, 
‘method = “LL” ’; log-likelihood, to use default restricted maximum 
likelihood estimation) and estimate a measurement error term 
(‘error = T’) from the data as a nuisance parameter, which is recom-
mended for empirical data34. In Fig. 1a, we highlight results from the 
best-performing model (minimum clade size of 10 and GIC threshold 
of 20 units; Supplementary Fig. 6).

We summarized our results using several approaches. First, for 
each heuristic search, we partitioned inferred shifts into rate-increase 
or rate-decrease categories. Here, a ‘rate’ is operationally defined as the 
arithmetic mean of the variance terms (σ2) for each regime’s estimated 
phenotypic variance–covariance matrix. We counted model shifts in 
each category, summarized the frequency of increases and decreases 
for each analysis, and compared these counts using a Wilcoxon 
signed-rank test with continuity correction157 (Supplementary Fig. 5). 
Then, we compared the magnitudes of observed rate increases to 
observed rate decreases using a Monte Carlo two-sample Kolmogo-
rov–Smirnov test (Supplementary Fig. 5)158–160. Next, we estimated 
waiting times between shift events and compared the fit of alterna-
tive parametric distributions to the observed distribution of log rates 
using the model_select function in the R package ‘univariateML’161. We 
highlight key nodes representing rare rate increases in Fig. 1a.

For downstream spatial analyses, we summarize tip-level multi-
variate rates using a lineage-based statistic that approximates recent 
rates of multivariate phenotype evolution. This metric calculates a 
weighted mean of the inferred multivariate phenotypic variance along 
each tip-to-root path:

̄σ2WPR =
1
Z

L
∑
i=1

2−ai/T ⋅ ̄σ2i

where

•	 ̄σ2WPR is the weighted mean phenotypic rate along the root-to-tip 
path.

•	 ̄σ2i  is the mean variance at node i, computed across multiple 
trait dimensions.

•	 ai is the age of node i, measured as time since the present.
•	 T is the half-life parameter controlling the rate of decay in 

weighting.
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•	 Z = ∑L
j=12

−a j/T  is the normalization constant ensuring weights 
sum to 1.

•	 L is the total number of nodes along the root-to-tip path, includ-
ing both shift and non-shift nodes.

Here, each node’s variance contribution ̄σ2i  is down-weighted by 
its age ai using an exponential kernel with half-life T and normalized by 
Z to ensure the weights sum to 1. Under a model of piecewise-constant 
evolutionary rate variation—where σ2(t) changes occur discretely at 
shift points—this decay-weighted estimator accumulates variance 
across entire lineages but gives more weight to recent evolutionary 
history. Because the exponential decay drops off with age, the estima-
tor behaves like a soft time filter, concentrating signal within the most 
recent T million years ago. We set T to 5 Myr, which partitions tip-to-root 
paths into approximately 10 stages of declining half-life, given a root 
age of ~45 Ma.

This lineage-rate statistic is intended as a present-weighted sum-
mary of each lineage’s inferred regime history, rather than an esti-
mate of an instantaneous rate over a fixed recent time window. In this 
sense, the statistic is best interpreted as a tunable, temporally filtered 
average of multivariate evolutionary tempo along a root-to-tip path, 
with the half-life parameter (here, T = 5 Myr) controlling the timescale 
over which past regimes remain influential (for example, how rapidly 
the ‘memory’ of ancestral regimes is overwritten by recent clado-
genesis). Our approach differs from a recently proposed estimator 
that summarizes tip-specific rates by summing standardized phylo-
genetic contrasts under a constant-rate Brownian motion model162. 
While that contrast-based method offers a computationally efficient 
summary of cumulative phenotypic divergence along lineages, our 
lineage-weighted metric integrates rate heterogeneity across a fitted 
multi-regime, multivariate Brownian motion model, enabling com-
parisons that reflect macroevolutionary variation across both lineages 
and evolutionary regimes.

For comparison, we also compiled a simpler ‘tip phenotype rate’, 
defined as the rate of the regime currently covering each terminal 
branch (that is, using only the σ2 of each tip’s assigned regime and 
ignoring ancestral nodes). This tip-level measure was highly correlated 
with our lineage-rate statistic (r ≈ 0.8) and produced very similar spatial 
patterns (Supplementary Fig. 8), indicating that the spatial patterns we 
report do not depend on how our proposed statistic aggregates rates 
along root-to-tip paths.

Temporal and spatial patterns of rate variation
Statistical analysis of waiting times between shift events shows that 
shifts conform to an episodic burst model. To further investigate links 
between inferred macroevolutionary shifts and Earth’s climate history, 
we summarized the temporal frequency of inferred rate shift events 
across the ~50 Myr evolutionary history of Passeriformes. Using a 
window size of 5 Myr and a step size of 0.5 Ma, we estimated a moving 
average capturing the frequency of shift events per node and visualized 
these patterns with spline fitting (Fig. 2). To visualize temporal intervals 
of extreme climatic variability, we downloaded the continuous com-
posite of benthic foraminifer isotope records (δ18O) from ref. 63 (the 
‘benthic d18O smoothLoess10’ dataset) and estimated a similar moving 
average of standard deviation. We then visually assessed alignment 
between periods of high shift-event frequency and periods of peak 
climatic variability (Fig. 2).

Next, to investigate how climatic variability may influence recent 
phenotypic evolution, we examined the spatial distribution of evolu-
tionary rates across gradients of temperature seasonality and latitude. 
Similar to the approaches of refs. 56,74, we processed year-round 
species range data to generate a global gridded biodiversity dataset 
using range maps from BirdLife International163. Our approach partially 
accounts for the complex biogeographic affinities of migratory species 
by focusing on species with clearly defined year-round spatial affinities 

(for example, effectively removing species with very distinct wintering 
and breeding ranges). Using the sf R package164,165, we standardized 
species distribution polygons and assigned species occurrences to 
the H3 hexagonal geospatial indexing system166,167 based on the 2023 
GBIF Taxonomy Backbone speciesKeys168. After cleaning, merging or 
removing invalid shapefiles, we were able to include 1,863 out of 2,057 
species from our dataset in the spatial analyses. Although our spatial 
coverage is substantial, key areas for improvements in sampling include 
East and Southeast Asia, Indonesia, and Middle and Southern Africa.

Within each H3 grid cell, we computed several summary met-
rics, including the mean log rates of phenotypic evolution, the mean 
log-speciation rate (λDR)56,169, local species richness, and the sampling 
fraction (capturing the cell-level sampling relative to the expected 
species counts). We then computed range-weighted metrics to 
account for the contributions of geographically widespread taxa 
to grid-cell-level means. Similar to refs. 74,56, we computed species 
weights as the inverse of the species polygon range area. Our focal 
models use range-weighted means (although see our analyses of spa-
tial variation in within-assemblage compositional variation in the 
Supplementary Information).

Following the approach of ref. 74, we explored SAR-Lag 
models170–172 to assess the relationships among grid-cell means 
and environmental and ecological predictors. We first fit SAR-Lag 
models to estimate the independent effects of latitude, mean tem-
perature seasonality (BioClim4; ref. 173), and species richness (log 
of range-weighted species counts; Supplementary Fig. 12c), on 
cell-mean lineage rates. For these cases, we first generated parsimo-
nious models that controlled only for sampling and spatial effects, 
thereby isolating the effects of focal predictors. For the latitude model 
(Supplementary Fig. 13 and Supplementary Table 4), we included a 
quadratic term for latitude, and a control term for the sampling frac-
tion (arcsine-square-root-transformed sampling fraction), to account 
for sampling coverage. The temperature seasonality model included 
second-degree polynomial terms for temperature seasonality, latitude, 
their interactions, and sampling fraction (Supplementary Fig. 15 and 
Supplementary Table 6). Lastly, the species richness model included 
a linear term for local species richness, a quadratic term for lati-
tude, and linear terms for their interactions and sampling intensity 
(Supplementary Fig. 14 and Supplementary Table 5). To account for 
spatial autocorrelation in cell-mean lineage rates, we used an inverse 
distance-squared (1/d2) spatial weighting scheme174, defining neigh-
bours within 1,000 km using great-circle distances. We evaluated 
the degree to which SAR-Lag models reduced spatial structure in the 
response by comparing estimates of Moran’s I (ref. 175) in model residu-
als from baseline OLS to SAR-Lag models.

We then assembled an aggregated SAR-Lag model to assess the 
joint influence of temperature seasonality (BioClim4), species richness, 
and latitude on variation in grid-cell-mean lineage rates across space. 
This model included second-degree polynomials for temperature 
seasonality, species richness, and latitude. We also included interac-
tions between latitude and the two focal predictors (temperature 
seasonality and richness), and additional linear terms to account for 
sampling (via an arcsine square-root transform of sampling fraction) 
and variation in speciation rate, λDR (ref. 56). We include λDR as a control 
term to account for the possibility that our search procedure, which 
assigns multivariate phenotypic rate shifts to cladogenic events, might 
induce a correlation between patterns of lineage splitting and patterns 
of phenotypic evolution.

We quantified the effect sizes of temperature seasonality, latitude, 
and species richness, by estimating spatially adjusted impact meas-
ures using the ‘impacts’ function from the ‘spatialreg’ R package. In 
SAR-Lag models, changes in a predictor can influence both the focal 
unit and neighbouring units because of spatial autocorrelation, mak-
ing raw regression coefficients difficult to interpret. The ‘impacts’ 
function addresses this by decomposing each predictor’s effect into 
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direct impacts (within-unit effects accounting for feedback), indirect 
impacts (spillover effects on neighbouring units), and total impacts 
(the sum of both). We approximated these values using a trace-based 
method that estimates spatial feedback from the traces of powers of 
the spatial weights matrix. To quantify uncertainty, we performed 
Monte Carlo simulations (R = 1,000) by drawing from the multivariate 
normal distribution defined by the model’s coefficient estimates and 
their covariance matrix. These impact measures are derived from the 
full model, where each effect size is estimated while accounting for 
all other predictors. For each SAR-Lag model, we further assessed the 
relative importance of each predictor by implementing a leave-one-out 
procedure, in which individual terms (excluding controls) were sequen-
tially removed from each full model. We refit each reduced model and 
calculated the resulting changes in AIC and BIC scores, and use these 
values to estimate model weights that reflect each term’s contribution 
to overall model fit (Supplementary Tables 3–6).

Testing global patterns of trait variation
We considered the possibility that mean phenotypic rates at higher 
latitudes could be biased by non-random patterns of extinction, par-
ticularly in regions with strong seasonality, low local species richness, 
and a history of glacial cycling. Pleistocene glaciations are thought 
to have driven repeated bottlenecks in avian populations, reducing 
effective population sizes, and increasing extinction risk, especially in 
temperate and boreal zones with harsh climatic oscillations176,177. Some 
studies have suggested these dynamics have imparted a demographic 
imprint on extant bird lineages86,178, while others suggest that glacial 
cycles have catalysed speciation through geographic isolation and 
ecological opportunity179.

In one scenario, selective extinction of slow-evolving or eco-
logically specialized lineages could inflate estimates of mean mac-
roevolutionary rates, producing a spurious signal of elevated rates 
at high latitudes. Alternatively, the loss of such lineages may have 
opened ecological space, facilitating subsequent diversification 
among surviving taxa180. At the same time, we expect that selective 
pruning of slow-evolving lineages could reduce within-assemblage 
trait disparity or dimensionality, as the ecological diversity of line-
ages is diminished88–90. To help distinguish between signatures of 
extinction-driven filtering and those more consistent with recent 
ecological diversification, we quantified spatial variation in trait dis-
parity, dimensionality, and modularity across global assemblages. If 
elevated phenotypic rates at high latitudes reflect ongoing ecological 
diversification rather than extinction bias, we expect patterns con-
sistent with local phenotypic overdispersion, indicative of expan-
sion into a broader range of functional forms than expected, given 
evolutionary history.

To test for overdispersion in local phenotypic trait space relative 
to evolutionary age, we used OLS regressions of pairwise Mahalano-
bis distances against pairwise divergence times, constrained to pass 
through the origin, reflecting the expectation that zero evolutionary 
time should yield zero phenotypic divergence (Fig. 4b). Mahalanobis 
distances quantify multivariate dissimilarity between species while 
accounting for correlations among traits, making them well suited 
for measuring multivariate phenotypic disparity in our context181,182 
(Supplementary Fig. 16a). This nonparametric framework provides a 
simple test of whether empirical trait disparity in a grid cell, on aver-
age, exceeds or falls below expectations under a simple null model of 
proportional divergence32. For each spatial grid cell, we calculated pair-
wise Mahalanobis distances between size-corrected species residual 
trait vectors143 using the inverse of the covariance matrix estimated via 
standard matrix inversion. We also extracted pairwise phylogenetic 
divergence-time estimates between species from the dated phylogeny.

Residuals from these OLS regressions approximate deviations 
from proportional expectations (that is, residuals with a mean of 0), 
with positive average residuals indicating greater-than-expected 

disparity (for example, consistent with adaptive divergence or ecologi-
cal opportunity) and negative average residuals indicating constrained 
or filtered evolution. To account for uncertainty and pseudoreplication 
in OLS model residuals, we applied a nonparametric bootstrap proce-
dure within each grid cell, resampling with replacement and refitting 
each model to generate a distribution of bootstrapped residuals. For 
comparisons across grid cells, we normalized for sample size and 
variance by averaging standardized mean residuals, where each was 
defined as the mean residual from a bootstrap replicate divided by 
its standard deviation. We also examined the proportions of positive 
and extremely positive residuals (>2 s.d.) within each grid cell across 
pooled bootstrap replicates (not shown).

Next, we explored several model-based alternatives to approxi-
mate the structure of multivariate phenotypic covariance within local 
assemblages. As a basis, we fit multivariate Brownian motion models to 
local phylogenetic subtrees using mvgls34, yielding phylogenetically 
informed trait-covariance matrices for each grid cell. Then, we com-
puted three metrics: the trace (Supplementary Fig. 16b), representing 
the total phenotypic variance; effective dimensionality (Fig. 4c), which 
estimates the number of orthogonal axes of variation; and modular-
ity, reflecting the extent to which traits cluster into covarying groups 
(Fig. 4a).

We calculated the effective dimensionality as the exponential 
of the Shannon entropy of the normalized eigenvalue distribution of 
each covariance matrix (Fig. 4c). To estimate modularity, we trans-
formed each estimated covariance matrix into a correlation matrix 
and constructed a weighted, undirected graph in which traits were 
represented as nodes and edge weights corresponded to the absolute 
values of pairwise correlations. Using the igraph package183, we applied 
Louvain community detection91 and quantified modularity based on 
the strength of the resulting structure184,185. Higher modularity values 
indicate that traits are more distinctly organized into cohesive clus-
ters, suggesting greater functional compartmentalization (Fig. 4a). 
Under the hypothesis of extinction-biased filtering, we might expect 
declines in variance and dimensionality, as ecologically distinctive or 
slow-evolving lineages are lost88. Conversely, if high-latitude pheno-
typic rates reflect ecological diversification, we expect variance to be 
dispersed across more orthogonal axes and organized into more dis-
tinct or cohesive modules—signatures of evolutionary innovation93–95.

Lastly, we estimated a multivariate metric of phylogenetic signal, 
inspired by Blomberg’s K (ref. 124), Kmult (ref. 186) for multivariate data 
and its associated standardized effect size Z (ref. 187). Kmult captures the 
extent to which multivariate trait similarity tracks phylogenetic related-
ness under a single-rate Brownian motion expectation, while Z provides 
a standardized effect-size measure based on permutations, enabling 
comparisons across grid cells (Fig. 4d). Within each spatial grid cell, 
we extracted the local subtree and, using the species-level residual 
trait vectors (above), computed Kmult and Z using the physignal.z() 
function from the geomorph package188. We assessed significant depar-
tures from phylogenetic independence by comparing the observed 
log-likelihood to a null distribution generated by 1,000 randomized 
residual permutation procedure (RRPP) permutations, after optimizing 
Pagel’s λ on the observed data187. To adjust resulting P values for multi-
ple comparisons across grid cells, we applied the Benjamini–Yekutieli 
procedure189, which controls the false discovery rate under arbitrary 
dependence among tests. We then summarized the proportion of 
grid cells with statistically significant departures from phylogenetic 
independence in a sliding window (Fig. 4d). We emphasize that because 
z-scores are sensitive to sample size, the spatial patterns of significance 
(Fig. 4d) reflect the strength of statistical evidence, which is naturally 
lower in species-poor, high-latitude assemblages.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.
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Data availability
The primary dataset analysed in this work is published as part of a 
companion paper and is described there in detail12. All data objects 
for this manuscript are archived on Zenodo (https://doi.org/10.5281/
zenodo.19198393)190.

Code availability
Reproducible software code is available at the corresponding author’s 
GitHub repository at https://github.com/jakeberv/passerine-body-
plan-evolution and is archived at Zenodo (https://doi.org/10.5281/
zenodo.19211076)155. Our heuristic search method is implemented 
in the bifrost R package191, which is archived on CRAN (https://doi.
org/10.32614/CRAN.package.bifrost).
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