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1 Abstract1

Environmental change can drive phenotypic change within species, but it remains unclear whether such re-2

sponses produce a general and predictable degree of phenotypic divergence across populations. We conducted3

a preregistered reanalysis of PROCEED v6.2, comprising 7,186 contrasts from 254 references and 253 species,4

to test whether the magnitude and predictability of phenotypic divergence differ among disturbance contexts5

and across temporal, biological, and methodological characteristics of studies. We used lnM to quantify6

phenotypic differences between paired population samples relative to the variation retained within them and7

fitted phylogenetic location–scale meta-regressions to model average divergence and residual heterogeneity8

jointly. Across the dataset, average phenotypic divergence was substantial but did not consistently exceed9

within-population variation, while total heterogeneity reached 96.6%, providing little support for a univer-10

sal magnitude of divergence. Disturbance contexts differed more strongly in predictability than in average11

divergence. Landscape change and introduced populations showed greater divergence than in situ natural12

variation, while landscape change was also comparatively predictable. By contrast, responses to introduced13

species consistently showed greater variation among contrasts than most other contexts, whereas the lower14

predictability of hunting or harvesting and in situ natural variation depended partly on a single large Pa-15

cific salmon dataset. Moderator associations should be interpreted cautiously because study characteristics16

were unevenly represented and partly confounded, and some results were sensitive to robustness analyses.17

Overall, environmental change can produce substantial phenotypic divergence, but neither its magnitude18

nor its predictability is uniform across systems. Accounting for heterogeneity therefore reveals when broad19

comparative responses are likely to generalize and when population-specific evidence is required.20

1.1 Keywords21

contemporary evolution; human disturbance; intraspecific variation; phenotypic heterogeneity; location–scale22

meta-analysis; global change23
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2 Introduction24

Wild populations experience ecological conditions that are increasingly reshaped by human activities, al-25

tering their selective, developmental, and demographic environments (Alberti et al., 2017; Hendry et al.,26

2017). As a consequence of human activities, within-species phenotypic divergence has been documented27

across diverse taxa and traits, but its magnitude varies considerably among populations (Sanderson et al.,28

2022). Disturbances differ in intensity, duration, and spatial extent, while populations differ in their evo-29

lutionary histories and capacities for plastic and evolutionary change (Clement et al., 2023; Diamond and30

Martin, 2016; Turner, 2010). Accordingly, although previous syntheses found only small average differences31

in phenotypic change between human-disturbed and natural systems, they also revealed substantial variation32

among disturbance contexts and individual biological systems (Hendry et al., 2008; Sanderson et al., 2022).33

The central question is therefore not only how strongly populations diverge phenotypically, but whether34

disturbances produce a predictable phenotypic signature across populations.35

Variation around the average response may contain important biological information itself. Similar aver-36

age phenotypic divergence can arise because most populations respond by comparable amounts or because37

responses range from negligible to extreme (Sanderson et al., 2022, 2023). These alternatives may reflect38

different underlying processes and provide very different levels of predictability for conservation and manage-39

ment (Des Roches et al., 2017; Palkovacs et al., 2012). Moreover, the biological importance of a difference in40

trait means depends on the variation retained within the populations being compared: the same difference41

represents stronger phenotypic divergence when within-population variation is low (Lynch, 1990; Nakagawa42

et al., 2026a). Variation around the average may therefore be important not only biologically, but also for43

how comparative evidence is synthesized. Conventional meta-regressions typically estimate moderator effects44

on the average while assuming that residual heterogeneity is constant across disturbance contexts, traits,45

and study designs. If heterogeneity differs among these groups, imposing a common variance can conceal46

differences in cross-system predictability and change both estimated average effects and their uncertainty47

(Nakagawa et al., 2025; Yang et al., 2025). Previous conclusions may therefore be incomplete because they48

describe average phenotypic divergence without establishing how reliably that average generalizes across49

systems.50

Here, we reanalyse the Phenotypic Rates of Change Evolutionary and Ecological Database (PROCEED)51

(Gorné et al., 2025; Gotanda and Gorné, 2026) following a preregistered protocol (Ortega et al., 2026).52

Throughout, we use phenotypic divergence to mean the magnitude of the phenotypic difference between53
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paired samples relative to the variation within them, irrespective of its direction. The term applies equally54

to different populations compared a known time after they split (synchronic contrasts) and to the same55

population compared at different times (allochronic contrasts). We quantify this divergence using lnM ,56

the log ratio of the between-sample standard deviation to the within-sample standard deviation, and fit57

multilevel phylogenetic location–scale meta-regressions. Our primary analysis compares six forms of human58

disturbance—climate change, hunting or harvesting, introduced populations, landscape change, pollution,59

and native responses to introduced species—with in situ natural variation, defined as contrasts arising from60

naturally occurring environmental differences without an identified human disturbance. For each moderator,61

we ask whether the expected magnitude of divergence differs among its levels and how predictable that62

magnitude is across contrasts. Additional models examine comparison design, elapsed years and genera-63

tions, trait type, and study type to assess whether the magnitude and predictability of divergence also vary64

with temporal structure, biological attributes, and study methodology. By modelling average phenotypic65

divergence and residual heterogeneity jointly, we reassess both the magnitude of the phenotypic signature66

associated with human disturbance and the extent to which it generalizes across wild populations.67

3 Methods68

3.1 Data source and analytical contrasts69

We used PROCEED version 6.2, a global compilation of quantitative within-species phenotypic compar-70

isons, either between populations or between samples of the same population (Gorné et al., 2025; Gotanda71

and Gorné, 2026). We retained contrasts reporting the mean, standard deviation, and sample size for both72

samples and, following Sanderson et al. (2022), restricted the dataset to comparisons with known elapsed73

intervals of ≤ 300 generations. We imposed no minimum sample size in the primary analyses (smallest com-74

bined sample size, n1+n2 = 5); restricting the data to contrasts with n1+n2 ≥ 40 was instead evaluated as75

a prespecified sensitivity analysis. PROCEED distinguishes two comparison designs. Allochronic contrasts76

compare the same population or study system at different time points and therefore estimate phenotypic77

change along a temporal trajectory. Synchronic contrasts compare different populations or conditions sam-78

pled a known time after they split and therefore estimate the phenotypic divergence between them (Gotanda79

and Gorné, 2026). For allochronic contrasts, elapsed years represent the interval between the earlier and80

later samples; for synchronic contrasts, they represent the interval from the populations’ split to sampling.81

Elapsed generations were calculated by dividing elapsed years by species generation time. PROCEED orders82
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samples chronologically or, when identifiable, from the source, ancestral, or original condition to the derived83

or novel condition. This ordering does not affect lnM , which quantifies the magnitude rather than the84

direction of divergence.85

Disturbance type was the primary moderator. It distinguished climate change, hunting or harvesting, intro-86

duced populations, landscape change, pollution, and native responses to introduced species from contrasts87

representing in situ natural variation. Secondary models examined comparison design, elapsed time in years88

or generations, and trait type, classified as behaviour, body size, growth, other life-history, other morphol-89

ogy, phenology, physiology, or response traits. We also examined study type, distinguishing measurements90

of individuals that developed under natural conditions from estimates based on common-garden breeding or91

quantitative-genetic approaches. This classification did not imply that field-observed phenotypic differences92

were caused exclusively by plasticity or lacked a genetic basis. Definitions and coding criteria for all mod-93

erators are provided in the PROCEED metadata (Gorné et al., 2025). The primary models included 7,18694

contrasts from 254 source references and 253 species (Fig. 1).95
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Fishes
3,084 contrasts
29 spp.

Arthropods
1,065 contrasts
11 spp.

Plants
1,519 contrasts
74 spp.

Birds
842 contrasts
81 spp.

Mammals
542 contrasts
47 spp.

Reptiles
92 contrasts
4 spp.

Molluscs
25 contrasts
3 spp.

Amphibians
17 contrasts
4 spp.

Figure 1: Taxonomic representation of the 7,186 contrasts included in the analyses. Rectangle
area is proportional to the number of contrasts contributed by each taxonomic group. Labels report the
total numbers of contrasts and canonical species. Animal silhouettes were provided by Anna Lenz.
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3.2 Effect-size estimation96

We quantified phenotypic divergence using the log-magnitude effect size, lnM , which expresses the phe-97

notypic difference between two population samples relative to the variation within them (Nakagawa et al.,98

2026a). For two samples with means x̄1 and x̄2, standard deviations s1 and s2, and sample sizes n1 and n2,99

the between-group and pooled within-group mean squares are:100

MSB =
n1n2

n1 + n2
(x̄1 − x̄2)

2
,

MSW =
(n1 − 1)s21 + (n2 − 1)s22

n1 + n2 − 2
.

(1)

The estimated between-group variance component and pooled within-group variance are:101

s2B =
MSB −MSW

n0
, n0 =

2n1n2

n1 + n2
,

s2W = MSW ,

(2)

where n0 is the harmonic mean of the two sample sizes. The effect size is then defined as:102

lnM = ln

(
sB
sW

)
. (3)

Thus, lnM is the log ratio of the between-group, or mean-difference, standard deviation to the pooled within-103

group standard deviation. Positive values indicate that the between-sample standard deviation exceeds the104

within-sample standard deviation, whereas negative values indicate the reverse. Importantly, lnM = 0105

means that sB = sW , not that the two sample means are equal. Because MSB depends on the squared106

difference between means, lnM quantifies the magnitude rather than the direction of phenotypic divergence.107

The analytical estimator becomes unstable as MSB approaches MSW and is undefined when MSB ≤ MSW .108

We therefore used SAFE (Nakagawa et al., 2026b), a single-fit parametric bootstrap implemented in orchaRd109

[v2.2.0], to estimate lnM (yi) and its sampling variance (vi) for each contrast i (Supplementary material110

S1).111
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3.3 Phylogeny112

We built a phylogenetic scaffold from the Open Tree of Life (Hinchliff et al., 2015) using rotl [v3.1.1]113

(Michonneau et al., 2016) and prepR4pcm [v1.0.0] (Nakagawa et al., 2026c). Taxonomic reconciliation was114

performed across the complete PROCEED dataset rather than separately for each model. Within the analyt-115

ical dataset, 261 of 267 submitted taxon names were resolved. Synonyms and infraspecific names, including116

subspecies, were then collapsed to their accepted species-level canonical names, yielding 253 unique species117

for the phylogeny-adjusted models. The six unresolved names, representing 51 contrasts, were excluded. We118

retrieved the induced subtree containing the resolved taxa and used ape [v5.8-0] (Paradis et al., 2004)119

to resolve multifurcations randomly into bifurcations with zero-length branches. When branch lengths were120

unavailable, we assigned Grafen branch lengths with power ρ = 1 (Grafen, 1989). Finally, we converted the121

resulting tree into a species-level phylogenetic correlation matrix under a Brownian-motion model of trait122

evolution using the function prepR4pcm::pr phylo cor.123

3.4 Phylogenetic location–scale meta-regression124

We fitted Bayesian multilevel location–scale meta-regressions using brms [v2.23.0] with cmdstanr [v0.9.0.9000]125

(Bürkner, 2017; Gabry et al., 2025; Nakagawa et al., 2025; Stan Development Team, 2025) in R [v4.6.1]126

(R Core Team, 2026). We analysed moderators in separate models because data availability differed among127

moderators and several moderators were strongly associated within the dataset (Figs. S1–S3). Fitting them128

jointly would therefore reduce the available data and estimate conditional effects from highly uneven com-129

binations of moderator levels. Each model included the focal moderator in both the location and scale130

components. We modelled the average magnitude of phenotypic divergence (yi) as:131

yi = µi + u
(ref)
i + ai + ϵi, (4)

where132

µi = β
(l)
0 +

p∑
k=1

β
(l)
k xki. (5)

Here, µi is the expected lnM , β
(l)
0 is the location intercept, and β

(l)
k is the coefficient for moderator xk. The133
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terms u
(ref)
i and ai represent random effects for source reference and phylogenetic species, respectively. We134

modelled the residual term as:135

ϵi ∼ N
(
0, vi + σ2

i

)
, (6)

where vi is the known sampling variance and σ2
i is the residual heterogeneity. To test whether residual136

heterogeneity differed among moderator levels, we modelled the residual standard deviation as:137

log σi = β
(s)
0 +

q∑
m=1

β(s)
m zmi. (7)

Positive β
(s)
m values indicate greater residual heterogeneity (i.e., less predictable magnitude of divergence138

between groups). We estimated location and scale components jointly. As a prespecified sensitivity analysis,139

we refitted each model with study system included as an additional random effect to account for potential140

dependence among contrasts from the same population or research system (Table S1).141

3.5 Posterior inference, heterogeneity, robustness, and reproducibility142

We based inference for continuous moderators on posterior slopes and for categorical moderators on population-143

level marginal means and pairwise contrasts. We report posterior means with 95% equal-tailed credible144

intervals (CrI) and treated intervals excluding zero as well supported. Using the intercept-only model, we145

calculated total and component-specific I2 values to partition heterogeneity among source references, phy-146

logenetically structured species effects, and residual variation (Nakagawa et al., 2025). Models were fitted147

using four chains of 4,000 iterations, including 2,000 warm-up iterations, and convergence was assessed148

from R̂, effective sample sizes, divergent transitions, and maximum tree-depth warnings (Vehtarh et al.,149

2021). Robustness was evaluated using three prespecified sensitivity analyses: restricting the data to con-150

trasts with a combined sample size of at least 40, removing the phylogenetic random effect, and adding a151

study-system random effect. The study-system analysis is summarized in Table S1, and complete coefficient-152

level results and convergence diagnostics for all sensitivity models are available in the online supplement153

(https://santiago-0rtega.github.io/Magnitude_pace_modern_life/).154

We additionally assessed small-study effects using the half harmonic-mean sample size, ñ0 = n0/2, where155

n0 was defined above. Following the modified Egger-type approach developed for lnM (Nakagawa et al.,156
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2026a), we used 1/
√
ñ0 as a sample-size-based precision predictor rather than the sampling standard error,157

because the latter is structurally correlated with lnM and would therefore induce an artefactual slope. This158

concern is specific to regressing lnM on its own standard error; in the primary models, vi entered only as the159

known sampling variance (Eq. 6) and not as a moderator. We included 1/
√
ñ0 in both the location and scale160

components: the location slope tested whether average lnM varied systematically with study size, whereas161

the scale slope tested whether residual heterogeneity, and hence the predictability of phenotypic divergence,162

varied with study size. These analyses were treated as diagnostics of small-study effects rather than direct163

tests of publication bias (Egger et al., 1997; Nakagawa et al., 2022).164

We followed the PRISMA-EcoEvo (O’Dea et al., 2021) reporting guidance and provide the completed check-165

list as supplementary material. All analytical code is available at https://github.com/Santiago-0rtega/166

Magnitude_pace_modern_life, and a step-by-step reproducible account of data preparation, effect-size es-167

timation, model fitting, diagnostics, sensitivity analyses, and figure generation is available at https://168

santiago-0rtega.github.io/Magnitude_pace_modern_life/. Figures were produced in R using ggplot2169

[v4.03] (Wickham, 2011), ggbeeswarm [v0.7.3] (Clarke et al., 2025), and patchwork [v1.3.2] (Pender-170

sen, 2025). To aid interpretation, we converted the location estimates to approximate d-equivalent values,171

deq (Nakagawa et al., 2026a). These values are reported in the text and displayed on secondary axes in the172

location panels; pairwise contrasts and regression slopes were retained on the lnM scale because they repre-173

sent differences or changes rather than divergence itself. On the conventional standardized mean-difference174

scale, values of d = 0.2, 0.5, and 0.8 are commonly described as small, medium, and large, respectively175

(Cohen, 1988; Lakens, 2013). By comparison, lnM = 0 corresponds approximately to deq = 1.41, indicating176

a substantial difference between group means relative to within-group variation.177

3.6 Deviations from the preregistered protocol178

Following inspection of the data structure, we conducted additional analyses that were not specified in the179

preregistered protocol to assess potential confounding between categorical moderators and elapsed time. For180

each of the main categorical moderators, we refitted the location–scale model with elapsed time included as181

an additive covariate, using log10 elapsed years and, separately, log10 elapsed generations. These models were182

used to assess whether moderator associations were robust to differences in the elapsed intervals represented183

within moderator categories. The time-adjusted models for comparison design and study type converged184

satisfactorily and were interpreted as supplementary robustness analyses. Equivalent models for disturbance185

context and trait type did not meet our prespecified convergence criteria and were therefore not interpreted.186
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All preregistered analyses were retained as originally specified. We additionally conducted a non-preregistered187

leave-one-reference-out sensitivity analysis for Oke et al. (2020), a long-term study of Pacific salmon body size188

based on data compiled by Clark et al. (2018), which enters PROCEED as a single reference. This reference189

contributed 811 of the 913 hunting or harvesting contrasts (88.8%), all from five Oncorhynchus species (of190

the 17 species in that category), and 473 of the 1,316 in situ natural-variation contrasts (35.9%). Excluding191

it left 102 hunting or harvesting contrasts from 12 species and 18 references, none involving Oncorhynchus.192

We refitted the disturbance-context model without these contrasts to assess whether conclusions for both193

categories were driven by this single reference.194

4 Results195

4.1 Data overview196

Most contrasts compared populations or samples measured synchronically (65.1%, n = 4,678), whereas the197

remaining 34.9% were allochronic comparisons (n = 2,508). Introductions were by far the most frequently198

represented disturbance context (57.8%, n = 4,156). In situ natural variation (18.3%, n = 1,316) and hunt-199

ing or harvesting (12.7%, n = 913) were the next most common contexts. Climate change, landscape change,200

responses to introduced species, and pollution each contributed less than 4% of the available contrasts. Com-201

parison design was strongly associated with disturbance context (Cramér’s V = 0.90; Fig. S1), indicating202

that synchronic and allochronic contrasts were not distributed independently across contexts. Studies of phe-203

notypic differences expressed in wild populations predominated (63.4%, n = 4,556), while common-garden,204

quantitative-genetic, and related designs intended to distinguish persistent or heritable phenotypic differences205

from environmentally induced variation accounted for 36.6% of the dataset (n = 2,630; Fig. 2). The evidence206

base was also concentrated in morphological traits: body size (37.4%, n = 2,690) and other morphological207

traits (33.3%, n = 2,393) together accounted for 70.7% of the analytical sample. Other life-history traits208

represented 18.1% (n = 1,299), whereas physiological (n = 422), growth (n = 215), phenological (n = 114),209

response (n = 34), and behavioural traits (n = 19) were comparatively uncommon.210

11



Introductions

Hunting and harvesting

Climate change

Landscape change

Response to introductions

Pollution

Synchronic

Allochronic

Field

Common garden /
Quantitative genetics

In situ natural variation

Disturbance
context

Comparison
design Study type

Figure 2: Structure of the evidence base across comparison designs, study types, and distur-
bance contexts. The alluvial diagram represents the 7,186 contrasts included in analyses. The height of
each block and the width of each connecting ribbon are proportional to the number of contrasts. Ribbons
show how contrasts were distributed across disturbance contexts—introductions involving comparisons of
introduced populations, in situ natural variation, hunting or harvesting, climate change, landscape change,
responses of other species to introductions, and pollution—and, within these contexts, between synchronic
and allochronic comparisons and between field-based studies and common-garden or quantitative-genetic
studies.
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4.2 Overall magnitude and predictability of phenotypic divergence211

Across the dataset, there was no clear tendency for phenotypic divergence between paired samples to exceed212

within-population variation (β
(l)
Overall = −0.55, 95% CrI: [−1.41, 0.30]). This reference point should not213

be interpreted as a threshold for biological importance. On the conventional standardized mean-difference214

scale, the same estimate corresponded to approximately deq = 0.81 (95% CrI: [0.34, 1.92]), indicating215

substantial divergence between sample averages. The magnitude of divergence also varied substantially216

among contrasts (σ = 0.55, 95% CrI: [0.54, 0.57]), resulting in low overall predictability across comparisons217

(Fig. 3). Furthermore, we detected a small-study effect in the location component (β
(l)

1/
√
ñ0

= 1.75, 95%218

CrI: [1.55, 1.95]), indicating that smaller studies tended to report larger lnM values. Small-study effects219

were also evident in the scale component (β
(s)

1/
√
ñ0

= −1.37, 95% CrI: [−1.60, −1.15]), corresponding to an220

approximately 75% reduction in residual standard deviation per one-unit increase in 1/
√
ñ0. Smaller studies221

therefore showed lower residual heterogeneity and apparently greater predictability. Accordingly, the absolute222

lnM values reported below should be interpreted cautiously, as divergence may be somewhat weaker in larger223

studies. Total heterogeneity was I2total = 96.6% (95% CrI: [95.5, 97.7]), comprising variation attributable to224

source references (37.3%, [23.8, 52.4]), phylogenetically structured species effects (38.1%, [16.2, 58.9]), and225

residual differences among contrasts (21.0%, [14.6, 28.4]).226
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0.2 0.5 0.8 1.41

−4 −2 0 2

Approximate deq

lnM

A)

0 1 2 3 4 5
residual lnM (SD)

B)

Effect−size precision (1/SE) 10 20 30 40

Figure 3: Overall magnitude and predictability of within-species phenotypic divergence across
7,186 contrasts. (A) Average magnitude of divergence between paired samples. The dashed line marks
lnM = 0 (approximately deq = 1.41), indicating substantial divergence between group means; the upper
axis provides approximate deq values. (B) Predictability in the magnitude of divergence among contrasts,
quantified by the residual standard deviation, σ. Larger σ values indicate lower predictability. White circles
and black lines denote posterior estimates and 95% credible intervals, respectively, while bubble size indicates
precision (1/SE).
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4.3 Disturbance context227

In the preregistered analysis, hunting or harvesting and in situ natural variation were the only contexts228

in which phenotypic divergence between samples was clearly smaller than variation within populations229

(hunting or harvesting: β
(l)
Hunting = −0.81, 95% CrI: [−1.61, −0.04]; natural variation: β

(l)
Natural = −0.81,230

[−1.61, −0.04]; Fig. 4A). Nevertheless, both corresponded to moderate standardized divergence between231

sample averages (hunting or harvesting: deq = 0.63, [0.28, 1.36]; natural variation: deq = 0.63, [0.28, 1.36]).232

For the remaining contexts, credible intervals overlapped lnM = 0, so between-sample divergence could not233

be distinguished from within-sample variation; the two were of broadly comparable magnitude.234

Pairwise comparisons showed that landscape change produced greater divergence than hunting or harvesting235

(β
(l)
Landscape−Hunting = 0.483, 95% CrI: [0.133, 0.830]) and in situ natural variation (β

(l)
Landscape−Natural = 0.488,236

[0.148, 0.826]). Introductions likewise showed greater divergence than hunting or harvesting (β
(l)
Introduction−Hunting =237

0.282, [0.026, 0.543]) and in situ natural variation (β
(l)
Introduction−Natural = 0.287, [0.038, 0.537]). Evidence238

for the remaining pairwise location contrasts was inconclusive. However, Oke et al. (2020) contributed 811 of239

the 913 hunting or harvesting contrasts, and not all of the salmon populations it represents may be subject240

to hunting or harvesting (Sanderson et al., 2022). In the non-preregistered sensitivity analysis excluding241

contrasts from Oke et al. (2020), the hunting or harvesting estimate shifted from β(l) = −0.81 to −0.22242

(95% CrI: [−1.13, 0.66]), and its pairwise differences from landscape change and introductions were no243

longer supported. Hunting or harvesting instead showed greater average divergence than in situ natural244

variation (β
(l)
Hunting−Natural = 0.646, [0.352, 0.935]). The differences between in situ natural variation and245

both landscape change and introductions were retained.246

Predictability in the magnitude of divergence differed more broadly among disturbance contexts (Fig. 4B).247

In the preregistered analysis, hunting or harvesting showed greater residual variation, and therefore lower pre-248

dictability, than climate change (β
(s)
Hunting−Climate = 0.365, 95% CrI: [0.189, 0.554]), introductions (β

(s)
Hunting−Introduction =249

0.350, [0.278, 0.421]), natural variation (β
(s)
Hunting−Natural = 0.227, [0.142, 0.311]), landscape change (β

(s)
Hunting−Landscape =250

0.796, [0.563, 1.054]), and pollution (β
(s)
Hunting−Pollution = 0.549, [0.307, 0.821]). After excluding contrasts251

from Oke et al. (2020), the differences from climate change and introductions were no longer supported,252

whereas hunting or harvesting remained less predictable than landscape change, pollution, and in situ nat-253

ural variation.254

Responses to introduced species showed lower predictability than climate change (β
(s)
Response−Climate = 0.256,255

[0.028, 0.486]), introductions (β
(s)
Response−Introduction = 0.241, [0.090, 0.393]), landscape change (β

(s)
Response−Landscape =256
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0.687, [0.419, 0.976]), and pollution (β
(s)
Response−Pollution = 0.440, [0.166, 0.746]), and all four differences were257

retained after excluding Oke et al. (2020). Climate change (β
(s)
Climate−Landscape = 0.431, [0.142, 0.737]) and in-258

troductions (β
(s)
Introduction−Landscape = 0.447, [0.222, 0.702]) were also less predictable than landscape change,259

and these differences were likewise retained after that exclusion. In the preregistered analysis, in situ natu-260

ral variation showed lower predictability than introductions (β
(s)
Natural−Introduction = 0.123, [0.053, 0.191]),261

landscape change (β
(s)
Natural−Landscape = 0.570, [0.340, 0.826]), and pollution (β

(s)
Natural−Pollution = 0.322,262

[0.080, 0.597]). These differences were, however, sensitive to the 473 natural-variation contrasts contributed263

by Oke et al. (2020). Excluding these contrasts reduced the residual standard deviation for natural variation264

from 0.58 to 0.42; natural variation then remained less predictable than landscape change (β(s) = 0.252,265

[0.009, 0.525]), no longer differed from pollution (β(s) = −0.001, [−0.262, 0.283]), and became more pre-266

dictable than introductions (β
(s)
Natural−Introduction = −0.198, [−0.305, −0.094]) and responses to introduced267

species (β
(s)
Natural−Response = −0.440, [−0.617, −0.262]).268
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Figure 4: Magnitude and predictability of within-species phenotypic divergence across distur-
bance contexts. (A) Average phenotypic divergence between paired samples for each context. The refer-
ence line at lnM = 0 corresponds to an absolute standardized mean difference of approximately deq = 1.41;
the upper axis translates lnM into these approximate values. (B) Predictability of this divergence across
contrasts within each context, where a larger σ indicates lower predictability. White circles and black lines
represent posterior estimates and 95% credible intervals, respectively. Bubble size is proportional to precision
(1/SE).
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4.4 Other moderator analyses269

In the preregistered analysis, comparison design was associated with both the magnitude and predictability270

of phenotypic divergence (Fig. S4). For both designs, average lnM was negative, but the credible intervals271

overlapped zero, only marginally so for allochronic contrasts (allochronic: β
(l)
Allochronic = −0.72, 95% CrI:272

[−1.47, 0.02]; synchronic: β
(l)
Synchronic = −0.47, [−1.22, 0.28]). Synchronic contrasts showed greater average273

divergence than allochronic contrasts (β
(l)
Synchronic−Allochronic = 0.250, 95% CrI: [0.077, 0.418]). This difference274

was attenuated but remained supported after adjusting for elapsed time, both when expressed in years (β(l) =275

0.21, 95% CrI: [0.08, 0.35]) and generations (β(l) = 0.18, [0.04, 0.31]). Synchronic contrasts also showed lower276

residual variation in the preregistered model (β
(s)
Synchronic−Allochronic = −0.208, 95% CrI: [−0.260, −0.157]).277

This difference remained after adjustment for elapsed years (β(s) = −0.23, [−0.30, −0.16]), but not after278

adjustment for elapsed generations (β(s) = 0.06, [−0.02, 0.14]).279

Elapsed time was positively associated with average divergence and negatively associated with residual280

variation among contrasts (Fig. 5). Because both components are modelled on the log scale, a slope β281

corresponds to a multiplicative change of eβ per tenfold increase in elapsed time. A tenfold increase in elapsed282

years was thus associated with a 36% increase in the ratio of the between-group to the within-group standard283

deviation (e0.307 = 1.36; β
(l)
log10(years)

= 0.307, 95% CrI: [0.235, 0.381]) and a 15% reduction in the residual284

standard deviation (e−0.167 = 0.85; β
(s)
log10(years)

= −0.167, [−0.215, −0.119]). Elapsed generations produced285

a similar pattern: a tenfold increase was associated with a 33% increase in this ratio (β
(l)
log10(generations)

=286

0.286, [0.215, 0.359]) and a 14% reduction in the residual standard deviation (β
(s)
log10(generations)

= −0.149,287

[−0.182, −0.117]).288
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Figure 5: Elapsed time is associated with the magnitude and predictability of within-species
phenotypic divergence. (A) Average divergence between paired samples over elapsed time (log10 years).
The reference line at lnM = 0 corresponds to an absolute standardized mean difference of approximately
|d| = 1.41, which is also indicated on the right axis. (B) Predictability of divergence among contrasts over
elapsed time. A larger σ indicates lower predictability. The solid line and shaded ribbon show the posterior
estimate and 95% credible interval, respectively. One horizontal unit represents a tenfold increase in time,
and bubble size reflects precision (1/SE).
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Trait types also differed in their average magnitude and predictability of phenotypic divergence (Fig. 6A).289

Behavioural traits were the only category for which average lnM was clearly below zero, indicating that av-290

erage divergence between samples was smaller than the phenotypic variation retained within them, although291

this category comprised only 19 contrasts. For the remaining trait types, credible intervals overlapped292

lnM = 0, so between-sample divergence could not be distinguished from within-sample variation; the two293

were of broadly comparable magnitude. Pairwise comparisons showed that behavioural traits had lower av-294

erage divergence than all other trait types except phenology and physiology. Other life-history and response295

traits also showed greater divergence than several morphological and physiological categories. Differences296

were more extensive in the scale component (Fig. 6B). Behavioural and body-size traits were among the297

least predictable categories, whereas growth traits produced comparatively predictable estimates. Other298

life-history traits also showed greater residual variation than other morphological, growth, and physiological299

traits.300
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Figure 6: Magnitude and predictability of within-species phenotypic divergence across trait
types (A) Average phenotypic divergence between paired population samples for each trait type. The
upper axis displays approximate absolute standardized mean differences. (B) Predictability of divergence
among contrasts within each trait type. White circles and black intervals represent posterior estimates and
95% credible intervals, respectively. Bubble size indicates precision (1/SE). Response traits denote measures
of performance expressed as ratios.
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Study type was similarly associated with both model components in the preregistered analysis. Field-301

based contrasts involving individuals that developed under natural conditions showed smaller average di-302

vergence than contrasts based on common-garden breeding, quantitative-genetic methods, or related ap-303

proaches (β
(l)
Common garden/QG−Field = 0.210, 95% CrI: [0.063, 0.355]), and greater residual heterogeneity304

(β
(s)
Field−Common garden/QG = 0.338, [0.278, 0.398]; parameterized as field relative to common-garden/QG).305

However, this location difference was no longer supported after accounting for elapsed time, whether ex-306

pressed in years (β(l) = −0.07, 95% CrI: [−0.17, 0.03]; parameterized as field relative to common-garden/QG)307

or generations (β(l) = −0.06, [−0.15, 0.04]). In contrast, the difference in predictability persisted after308

time adjustment. Field-based contrasts retained greater residual heterogeneity than common-garden or309

quantitative-genetic contrasts when controlling for elapsed years (β(s) = 0.40, [0.33, 0.47]) and elapsed gen-310

erations (β(s) = 0.34, [0.27, 0.41]). Thus, the apparent difference in average divergence between study types311

was not robust to adjustment for elapsed time, whereas the difference in predictability was.312

4.5 Excluded analyses and sensitivity analyses313

Four preregistered moderator analyses were excluded because they did not meet the convergence criteria of314

R̂ ≤ 1.01, effective sample sizes ≥ 400, and no divergent transitions (Vehtarh et al., 2021). These models315

tested whether the average magnitude and predictability of divergence differed among broad taxonomic316

groups, mathematical forms of trait measurement, transformed and untransformed trait values, and ongoing317

versus novel environmental change; their estimates were not interpreted.318

Prespecified sensitivity analyses were run for the six reported moderator models under each of the three319

alternative specifications (18 models); sensitivity models for the excluded environmental-change model were320

not interpreted. Most conclusions were stable, particularly the location effects of comparison design, elapsed321

time, study type, and disturbance context. Of 34 non-intercept coefficients per specification, 3 (minimum322

sample size), 5 (no phylogeny), and 5 (study system) changed sign or changed whether their 95% CrI included323

zero. These changes were concentrated in trait-type location coefficients (growth, other morphology, and324

body size relative to behaviour; phenology under the minimum-sample-size specification) and a small number325

of scale effects: the scale coefficients for introductions and responses to introductions relative to climate326

change under the minimum-sample-size and no-phylogeny specifications, and the scale effects of comparison327

design and elapsed years under the study-system specification. Several sensitivity models did not meet our328

convergence criteria (two of six under the minimum-sample-size specification, three under the no-phylogeny329

specification, and five under the study-system specification), so departures from the primary results were330
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interpreted cautiously. Model-specific exclusions, coefficient-level comparisons, and convergence diagnostics331

are reported in the online supplement (https://santiago-0rtega.github.io/Magnitude_pace_modern_332

life/).333

5 Discussion334

5.1 Phenotypic divergence is heterogeneous rather than universal335

We asked whether environmental change leaves a general and predictable signature of within-species phe-336

notypic divergence. Across 7,186 contrasts, paired population samples showed substantial average diver-337

gence, but this divergence did not consistently exceed the phenotypic variation retained within populations338

(Fig. 3A). This does not imply that phenotypic differences among samples were small or biologically unimpor-339

tant. Many individual contrasts showed strong phenotypic divergence, but its magnitude varied substantially340

across the evidence base. Rather, the overall estimate shows that even appreciable differences between sample341

averages often coexist with substantial variation among individuals within populations. The key result was342

therefore not an absence of phenotypic change, but the lack of a universal relationship between differences343

among samples and variation within populations. This result complements previous syntheses showing that344

contemporary phenotypic change is widespread but highly variable across taxa, traits, and environmental345

contexts (Hendry et al., 2008; Sanderson et al., 2022, 2023).346

The clearest pattern was the extent of this variation (Fig. 3B). Total heterogeneity exceeded 96%, meaning347

that sampling error accounted for less than 4% of the variation in lnM and that nearly all of it reflected gen-348

uine differences in the magnitude of divergence. These differences were distributed across levels: comparable349

shares were attributable to source references and to phylogenetically structured species effects, and about350

one fifth remained among individual contrasts. Residual variation in lnM also differed among disturbance351

contexts, comparison designs, elapsed intervals, trait types, and study types. Similar average divergence can352

therefore reflect either comparable differences across systems or a mixture of weak and extreme responses353

(Sanderson et al., 2023). By modelling both the expected lnM and its residual variation, the location–scale354

models showed not only where phenotypic divergence tended to be greater, but also where it was more355

predictable across the evidence base (Nakagawa et al., 2025).356
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5.2 Disturbance context shapes the magnitude and predictability of phenotypic357

divergence358

Disturbance contexts differed in the average phenotypic divergence between population samples. In the359

preregistered analysis, landscape-change contrasts showed greater divergence than hunting or harvesting360

and in situ natural variation, while introduced populations also showed greater divergence than these two361

contexts (Fig. 4A). However, the hunting or harvesting category was dominated by Oke et al. (2020), and362

the corresponding pairwise differences with landscape change and introduced populations were no longer363

supported after excluding that reference. In contrast, the location differences involving in situ natural364

variation were retained. These results complement previous syntheses based on rates of phenotypic change,365

typically expressed in darwins or haldanes (Gingerich, 1993; Haldane, 1949; Hendry and Kinnison, 1999;366

Hendry et al., 2008; Sanderson et al., 2022). Darwins measure proportional change in the average trait value367

per unit time, whereas haldanes measure change in the average trait value in units of the within-population368

standard deviation per generation (Hendry and Kinnison, 1999). A population average can change rapidly369

without producing strong phenotypic divergence when substantial variation among individuals is retained,370

although directional selection and other processes producing average shifts may also alter within-population371

variation. For example, two populations could differ markedly in average body size while still overlapping372

extensively if both retain broad phenotypic distributions. Rates of change and lnM therefore describe related373

but distinct features of population responses. Rates scale the change in trait averages by elapsed time and,374

for haldanes, also by within-population variation. By contrast, lnM is not scaled by time: it quantifies375

how distinct two samples are relative to the variation retained within them, irrespective of the direction of376

change.377

Differences among disturbance contexts were even clearer in the predictability of divergence (Fig. 4B).378

Landscape change produced comparatively predictable divergence across both the preregistered and leave-379

one-reference-out analyses. Hunting or harvesting appeared less predictable in the preregistered analysis, but380

its differences from climate change and introduced populations were no longer supported after excluding Oke381

et al. (2020), indicating that this pattern should be interpreted cautiously. In situ natural variation also ap-382

peared comparatively unpredictable in the preregistered analysis, but this depended on the salmon contrasts383

contributed by the same reference: once they were excluded, natural variation was more predictable than384

introduced populations and responses to introduced species, and was less predictable only than landscape385

change. Responses of resident populations to introduced species consistently showed relatively high variation386

among contrasts. Introduced populations themselves were intermediate, emphasizing that phenotypic diver-387
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gence following an introduction differs from the response of resident populations exposed to an introduced388

species. Thus, disturbance categories with comparable average divergence can still differ substantially in389

how well that average generalizes across populations.390

Several biological mechanisms could generate these differences. Harvesting can impose strong selection, but391

the traits targeted, the direction and intensity of selection, associated demographic effects, and management392

histories differ among systems (Campbell-Staton et al., 2021; Conover and Munch, 2002; Festa-Bianchet,393

2017). Such variation could contribute to heterogeneous phenotypic responses, although the present evidence394

for particularly low predictability under hunting or harvesting is sensitive to the strong representation of a395

single reference. Responses to introduced species may likewise depend on whether the introduced organism396

acts as a predator, competitor, parasite, host, or prey, and on its ecological overlap with the focal population397

(Strauss et al., 2006). Landscape change, in contrast, can create persistent differences in habitat structure,398

connectivity, cover, and resource distribution (Fischer and Lindenmayer, 2007; Smokorowski and Pratt, 2007),399

potentially generating more repeatable degrees of phenotypic divergence across populations. Moreover, each400

contrast was assigned to a single disturbance context, whereas many populations are exposed to several401

disturbances simultaneously, such as harvesting combined with climate change or habitat alteration. Such co-402

occurring pressures could themselves contribute to the low predictability of some contexts. These mechanisms403

remain hypotheses, however, because our models describe differences among disturbance contexts rather than404

the processes generating them.405

5.3 Temporal, biological, and methodological correlates of phenotypic diver-406

gence407

Comparison design and elapsed time captured related but different aspects of phenotypic divergence. Syn-408

chronic contrasts showed greater average divergence than allochronic contrasts, and this difference persisted409

after adjustment for elapsed time expressed in either years or generations, although its magnitude was re-410

duced. This attenuation suggests that part of the design difference reflects the longer intervals typically411

represented by synchronic comparisons, but that elapsed time alone does not explain it. Synchronic con-412

trasts also showed greater predictability in the preregistered model and after adjustment for elapsed years,413

but this difference was not supported when elapsed time was expressed in generations. The difference in pre-414

dictability between designs therefore appears to reflect differences in the number of generations represented415

by synchronic and allochronic contrasts, rather than a property of the designs themselves. This interpre-416
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tation is plausible because neither design is expected a priori to be more predictable: synchronic contrasts417

integrate the distinct histories of two populations since they split, including uncertainty in both trajectories,418

whereas allochronic contrasts may be sensitive to short-term fluctuations within a single population. More-419

over, comparison design was strongly associated with disturbance context (Cramér’s V = 0.90; Fig. S1), and420

therefore should not be interpreted as an independent test of spatial versus temporal divergence.421

Longer elapsed intervals were associated with greater and more predictable divergence (Fig. 5). Similar results422

were obtained when time was expressed in years or generations. This pattern is consistent with persistent423

environmental differences becoming clearer as plastic responses, demographic turnover, and selection act over424

longer periods (Crozier et al., 2011; Losos et al., 1997; Ozgul et al., 2010; Reznick et al., 1997). This pattern425

also contrasts informatively with the well-established finding that rates of phenotypic change decline as the426

interval over which they are measured increases (Gingerich, 1993; Hendry and Kinnison, 1999): although427

change per unit time tends to be lower over longer intervals, the divergence accumulated between samples428

tended to increase. However, years and generations are closely related measures, so their agreement is429

supportive rather than an independent replication. Moreover, these models do not estimate a causal rate430

of divergence. Elapsed time describes the interval between endpoints or since the populations split, not the431

path of change between them, and it was unevenly distributed across disturbance contexts and study designs.432

Trait type and study type further showed how biological variation and environmental control influence lnM .433

Behavioural traits had low average divergence and some of the least predictable estimates (Fig. 6), although434

they were represented by only 19 contrasts. Although behaviour can be repeatable, it can also change435

rapidly with environmental conditions, social context, and individual state, and individuals may differ in436

their responses to these conditions (Bell et al., 2009; Dingemanse and Wolf, 2013; Dingemanse et al., 2010).437

Behavioural contrasts may therefore combine persistent population differences with short-term variation at438

the time of measurement. Growth traits, by contrast, produced the most predictable estimates. Growth439

integrates physiological and environmental conditions over a developmental period and is limited by trade-440

offs among energy acquisition, maintenance, development, and reproduction (Dmitriew, 2011). These shared441

constraints may restrict the range of viable responses, although this explanation was not tested directly.442

A related pattern appeared across study types. In the preregistered analysis, field-based contrasts showed443

smaller and less predictable divergence than common-garden and quantitative-genetic contrasts. However,444

the difference in average divergence was no longer supported after adjustment for elapsed time, whether445

expressed in years or generations, showing that the original location difference was sensitive to the temporal446

intervals represented by the two study types. In contrast, field-based contrasts remained less predictable447
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after adjustment for either measure of elapsed time. Individuals developing in natural conditions experience448

variation in climate, food, density, age, condition, and developmental history, which can maintain substan-449

tial variation within populations (Gienapp et al., 2008; Merilä and Hendry, 2014). Common-garden and450

quantitative-genetic approaches standardize or model some of this variation, potentially producing more451

consistent estimates of phenotypic divergence across systems. Because lnM measures between-group diver-452

gence relative to within-group variation, reducing environmentally induced variation within groups could453

contribute to greater predictability. The study-type results therefore support a difference in predictability454

rather than evidence that persistent or heritable divergence is generally greater than phenotypic divergence455

observed in the field.456

5.4 Limitations and future opportunities457

Several limitations provide context for these findings. First, disturbance context, comparison design, trait458

type, and study type were closely associated with one another and with elapsed time within the dataset.459

Additional analyses showed that some associations were robust to adjustment for elapsed time, whereas others460

were not. In particular, the average difference between comparison designs persisted after adjustment, while461

the average difference between study types did not. However, the effects of these moderators could not be462

fully separated, and equivalent time-adjusted models for disturbance context and trait type did not meet463

our convergence criteria. Moderator associations should therefore be interpreted as patterns in the available464

evidence rather than independent causal effects. Better-balanced data across moderator combinations would465

allow these influences to be separated more effectively. Second, the evidence base was unevenly distributed466

across contexts, designs, traits, and taxa, with introductions, synchronic comparisons, morphological traits,467

and a small number of taxonomic groups contributing disproportionately to the dataset (Figs. 1 and 2). More468

balanced representation of sparsely sampled disturbance contexts, trait categories, and taxonomic groups469

would help test whether the patterns identified here extend beyond the best-sampled portions of the dataset.470

Third, most records compared only two endpoints. Long-term studies that repeatedly measure both trait471

averages and variation among individuals are needed to distinguish gradual accumulation from short-term472

plasticity, abrupt shifts, and reversals.473

Small-study effects provide an additional reason for caution. Smaller studies tended to report larger lnM474

values but lower residual heterogeneity, suggesting that they may portray phenotypic divergence as both475

stronger and more predictable than larger studies (Nakagawa et al., 2022). These patterns do not demonstrate476

publication bias, because small-study effects can also arise from differences in study design, taxa, traits, or477

27



biological systems, but they suggest that the absolute magnitude and predictability of divergence reported478

here may be somewhat overstated.479

Finally, several preregistered moderator models did not meet our convergence criteria, and the phylogenetic480

reconstruction required approximations for unresolved relationships and branch lengths. Conclusions were481

generally stable across the 18 prespecified sensitivity models, particularly for the location effects of compar-482

ison design, elapsed time, and disturbance context. Changes were concentrated in trait-type comparisons483

and a small number of scale effects, including the lower predictability of responses to introduced species rel-484

ative to climate change and the scale effects of comparison design and elapsed years when study system was485

modelled. The additional non-preregistered time-adjustment analyses further showed that some apparent486

moderator differences depended on elapsed-time structure, particularly the average difference between study487

types. Similarly, the leave-one-reference-out analysis showed that the location and scale results for hunting488

or harvesting and in situ natural variation depended substantially on a single large salmon dataset. Several489

sensitivity models, particularly under the study-system specification, did not meet our convergence criteria,490

so their departures from the primary results should be interpreted cautiously. Our findings support broad491

comparative patterns but should not be treated as precise predictions for particular species or systems.492

5.5 Conclusions493

Phenotypic responses to environmental change can be substantial, but their magnitude relative to within-494

population variation is neither uniform nor uniformly predictable across systems. Similar average differences495

can arise from broadly repeatable responses or from mixtures of weak and extreme divergence, making an496

average response a limited guide to what should be expected in any particular population. By combining497

lnM with phylogenetic location–scale meta-regression, we showed that disturbance context, elapsed time,498

comparison design, trait type, and study type were associated with variation in the magnitude, predictability,499

or both of phenotypic divergence. Studies of global change should therefore retain and report within-500

population variation, while syntheses should treat heterogeneity as information about how reliably responses501

generalize across systems rather than simply as statistical noise. Understanding and anticipating phenotypic502

responses requires knowing not only how much populations are expected to differ, but also how confidently503

that expectation can be extended to another population.504
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