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Abstract20

Continents drift across latitudinal climate zones that are themselves shifting as Earth’s21
climate evolves [1–5]. The relative speed of these two motions (tectonic versus climatic22
velocity) determines how much climate change a given landmass experiences over geological23
time: where plates and climate zones move in concert, local climates can remain stable for24
millions of years, allowing lineages to persist and diversify. However, whether this interplay25
has shaped deep-time environmental stability and, in turn, present-day biodiversity patterns26
remains untested. Here, using a Lagrangian framework to track land parcels through 6027
million years of palaeogeographic, palaeoclimatic, and palaeoproductivity reconstructions,28
we show that in amphibians, reptiles, birds, and mammals, species richness increases with29
the time a parcel has spent within a stable environmental envelope. This accumulation30
shows no sign of saturation, instead accelerating across nearly all combinations of taxonomic31
group and environment. Integrating stability along tectonic trajectories identifies modern32
macroevolutionary refugia (>20 Myr of cumulative stability). Of these refugia, 77.9% lack33
legal protection—rising to 91.5% in Asia—and just 2.1% fall within strictly protected34
areas. Refugia are only modestly better protected than unstable land (22.1% versus 15.8%),35
with over three-quarters of this difference driven by the weakest protection tiers. Having36
assembled while their environments moved at centimetres to metres per year, these biotas37
face present-day climate velocities of hundreds of metres to kilometres per year [6, 7], a38
kinematic debt that protecting static coordinates alone cannot address.39

Keywords: Plate tectonics, Climate velocity, Lagrangian framework, Macroevolution,40
Biogeography, Conservation.41
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Main42

Environmental history has long been recognised as a primary driver of macroevolutionary43

and biogeographic patterns [8? –10]. Yet explanations of biodiversity have largely rested on44

present-day geography or on climate history measured at fixed locations. MacArthur and45

Wilson’s equilibrium theory of island biogeography, for example, attributes species richness to46

contemporary area and isolation, with extinction and immigration rates falling, respectively, as47

area and isolation increase [11]. Later frameworks added a temporal dimension through island48

ontogeny and sea-level-driven changes in island area [12, 13] and through the time-integrated49

area and productivity of biomes [14]. In parallel, regions of long-term climatic stability, typically50

quantified as low magnitude or velocity of climate change since the Last Glacial Maximum,51

have been linked to high endemism and the persistence of old lineages [15–18]. All of these52

approaches share an implicitly Eulerian (fixed-frame) perspective, they measure environmental53

change at fixed geographic coordinates.54

Over tens of millions of years, however, the ground itself moves. Drifting at a few centimetres55

per year, tectonic plates carry any given land parcel hundreds to thousands of kilometres,56

often across climate zones. Consequently, the environmental change a parcel experiences has57

two components: climate changing in place, and the parcel moving through spatial climatic58

gradients. Palaeobiologists routinely rotate fossil occurrences into palaeocoordinates [19–21],59

and historical biogeography has long incorporated plate tectonics, from vicariance biogeography60

to phylogenetic models with time-variable dispersal [22, 23]. In both cases, however, plate61

tectonic reconstructions are used mainly to place occurrences in their past settings or to62

model changing connectivity between areas, but rarely to quantify the environmental change63

accumulated along a parcel’s path. A Lagrangian (moving-frame) framework makes this history64

explicit by tracking land parcels through time. It extends the stability hypothesis to deep time65

and to a moving frame, casting biodiversity hotspots as products of the environmental histories66

landmasses accumulate as they drift.67

Recent advances in plate tectonic modelling make such a Lagrangian perspective on macroevo-68

lution feasible at global scale. Full-plate reconstructions now resolve land–ocean configurations69

and plate boundaries continuously through deep time [24–26]. Because they model the entire70

plate mosaic rather than isolated continental blocks, they yield global velocity fields from71

which the trajectory of any location can be reconstructed. Coupling these plate motions to72

palaeoclimate simulations from Earth System Models yields the path of each location through73

climate space, linking Earth’s physical dynamics to the environmental histories that shape74

biodiversity [27].75

Here we introduce a kinematic framework for biogeography that treats Earth’s lithosphere as76

a moving reference frame for the evolution of biodiversity. Using a time-integrated Lagrangian77

metric of environmental stability, we show that the interplay between continental drift and78

climate velocity explains global variation in terrestrial vertebrate richness beyond that explained79

by contemporary climate. If deep-time stability underpins present-day diversity, the most stable80

regions should be conservation priorities, yet most lie outside protected areas and very few are81

strictly protected. Many of these regions now face climate velocities that exceed the dispersal82

capacities of resident taxa [28–30], so their biotas risk becoming decoupled from conditions that83

have persisted there for millions of years. We call this mismatch kinematic debt. Like extinction84

debt [31], its consequences may not yet be visible, and conservation frameworks built on fixed85

locations and contemporary climate are not designed to detect it.86

The Lagrangian shift: moving beyond static biogeography87

We define a tectonic parcel as a discrete, mobile unit of Earth’s surface, whose trajectory is88

governed by the global tectonic velocity field. Although a parcel remains physically coherent,89

its environmental conditions are transient, changing as it moves through shifting climatic zones90

and productivity gradients. We therefore expect both the diversification rate of its biota and91

its carrying capacity (the maximum species richness it can support) to be constrained by the92

conditions encountered along its path. As a result, present-day biodiversity is a path-dependent93

state variable that records the evolutionary history accumulated along the parcel’s trajectory.94

This Lagrangian approach reveals phenomena invisible to a fixed-frame, Eulerian approach.95

Because habitability is a property of the parcel’s position within the global climate field, the96
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biota exists in a state of perpetual transit and adaptation governed by the interplay between97

tectonic velocity (vtec) and climate velocity (vclim) (see Methods). We formalize this relation98

as the kinematic lag (L), the speed at which a lineage’s thermal optimum moves away faster99

than the lineage can follow, either by dispersal (Vdisp) or by adaptation of its thermal tolerance100

(radpt):101

L = max

(

0,

∣

∣

∣

∣

(vclim − vtec) · ∇T

|∇T |

∣

∣

∣

∣

−

(

Vdisp +
radpt

|∇T |

))

The numerator of the first term is the rate of temperature change experienced by the moving102

parcel; dividing it by |∇T | converts this rate into the speed at which the lineage’s thermal103

optimum moves away along the steepest temperature gradient. Likewise, radpt/|∇T | converts104

the rate of thermal adaptation into the distance per unit time a lineage effectively covers by105

shifting its tolerance (see Methods and Extended Data Table 1 for variables and units).106

A parcel’s biota remains within its niche whenever L = 0. This can occur along a continuum107

between two end-members. At one end, the components of vtec and vclim along the temperature108

gradient are closely aligned, so the parcel’s drift directly offsets the shifting climate. For example,109

as the tropical belt contracted during Cenozoic cooling, a parcel drifting equatorward at a110

comparable rate would have kept its resident lineages in a nearly constant thermal environment111

despite substantial geographic movement. At the other end, the two velocities do not cancel,112

but the residual thermal mismatch stays within the biota’s capacity to maintain its position in113

niche space, whether by spatial dispersal or by local adaptation.114

Where L > 0, the biota falls behind its shifting climate, and once the accumulated lag115

exceeds its thermal tolerance, resident lineages are pushed beyond their limits. This occurs116

when a parcel is nearly stationary while its climate belt migrates, and most acutely when the117

parcel drifts against the climatic shift. A parallel constraint operates through food resources.118

Where primary productivity declines along a parcel’s trajectory faster than richness can adjust,119

carrying capacity falls below standing richness. This creates an extinction debt that persists120

until the biota relaxes towards a new equilibrium.121

We operationalize this framework through cumulative stability, a Lagrangian metric that122

integrates thermal and resource continuity along each parcel’s palaeogeographic trajectory (Box123

1; Methods). Applying it globally, we test whether the long-term environmental histories of124

parcels explain the present-day richness patterns of terrestrial vertebrates, and use the metric125

to map modern macroevolutionary refugia.126

Box 1 | Quantifying deep-time environmental stability

Our Lagrangian framework examines the interplay of continental drift, climate dynamics and
resource availability under generic biological constraints. To quantify it, we introduce cumulative
stability (CS), a Lagrangian metric that integrates the duration of thermal and resource continuity
experienced by a parcel in tectonic transit. Evaluated at discrete time steps (∆t), CS is updated
iteratively as:

CSi(t) = CSi(t−∆t)Ri(t) + Si(t) min

(

1,
Bi(t−∆t)

Bthresh

)

∆t,

with three components:

• Instantaneous thermal stability (Si): Quantifies the thermal mismatch generated by the
divergence of tectonic and climate velocities. It decays exponentially with the ratio of the
temperature change experienced by the moving parcel over a time step (|∆Ti(t)|, computed
along its palaeogeographic trajectory) to a representative thermal niche breadth (∆Tbreadth):

Si(t) = exp

(

−kT
|∆Ti(t)|

∆Tbreadth

)

,

where kT is a thermal sensitivity constant. Because dispersal and adaptation rates cannot be
estimated globally, kT and ∆Tbreadth jointly represent the biota’s capacity to buffer thermal
change.

• Resource retention factor (Ri): Sets the fraction of previously accumulated stability carried
forward across a time step. It depends on the relative decline in vegetation biomass density (B)
over the step, δi(t) = −∆Bi(t)/Bi(t−∆t), beyond a resilience tolerance ρ:

Ri(t) = exp (−kR max (0, δi(t)− ρ)) ,
127
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where kR is a resource sensitivity constant. When biomass is stable (i.e., increases or declines by
less than ρ), Ri equals 1 and accumulated stability is fully retained; larger declines discount it
exponentially.

• Ecological capacity limit [min(1, Bi(t − ∆t)/Bthresh)]: Imposes an energetic constraint
on stability accumulation, where Bthresh is a fixed fraction of Cenozoic vegetation biomass,
representing the minimum resource density required to sustain stable ecosystems. This term
reduces accumulation in barren regions and caps the contribution at 1.

Reported CS values are ensemble means across 100,000 combinations of kT , ∆Tbreadth, kR, ρ and
Bthresh (Methods).

128

Deep-time stability and macroevolutionary refugia129

By coupling a global plate tectonic model with palaeoclimate and palaeovegetation simulations130

over the last 60 Myr, sampled at 5-Myr intervals (Methods), we tracked individual land131

parcels along their palaeogeographic trajectories. Sampling temperature along each trajectory132

yields the signed thermal mismatch, the rate at which a parcel’s thermal environment changed133

as it moved (Fig. 1). This rate is the net outcome of two velocities: that at which isotherms134

migrate and that at which the parcel itself moves (Extended Data Fig. 1). During the early135

Cenozoic (60–50 Ma), thermal mismatch remained weak across the major continental plates.136

This likely reflects the reduced equator-to-pole temperature gradients of the early Eocene137

greenhouse [5]. From the mid-Eocene, it increased markedly with the onset of Cenozoic cooling,138

with widespread negative rates persisting into the late Cenozoic, predominantly where plate139

motion opposed isotherm displacement (Fig. 1).140

Fig. 1: Signed thermal mismatch experienced along land trajectories. Experienced temperature
change in six representative 5 Myr intervals over the last 60 Myr. Colours show the rate of temperature
change experienced by each land parcel as it moves with its plate (°C Myr−1), which combines climate
change in place with drift across spatial temperature gradients. Negative values indicate cooling; positive
values indicate warming. A parcel can warm while global climate cools if it migrates equatorward fast
enough, and can hold near-zero mismatch under strong climate change if its motion happens to track
the shifting isotherms. Near-zero values identify land where the thermal regime persisted.

Combining these thermal mismatch trends with palaeovegetation biomass reconstructed141

using the model of Gurung et al. [32], we mapped interval stability gain, the stability accrued142

within each successive 5-Myr interval (Fig. 2a–f). Between 60 and 50 Ma, expansive biomes143

achieved peak stability gains, interspersed with localized instability. As global climate underwent144

major reorganization in the mid-Eocene, these spatial configurations shifted abruptly, imposing145

a severe macroevolutionary bottleneck on biotas trapped within expanding zones of low stability146

gain. By the late Cenozoic, intensifying aridification had depressed primary productivity across147
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the modern Saharan, Arabian, and major Southern Hemisphere deserts, establishing them as148

enduring geographic barriers of limited habitability.149

We quantified the long-term environmental continuity experienced by present-day land150

parcels as cumulative stability (CS; Box 1). Because CS depends on how biota respond to151

environmental change, we sampled 100,000 combinations of plausible values for its five biological152

parameters (thermal and resource sensitivities, thermal niche breadth, resilience tolerance153

and biomass threshold) and report the ensemble mean (Fig. 2g). The resulting map shows a154

pronounced latitudinal gradient, with CS highest in the tropics, most notably in Amazonia,155

central Africa and parts of Australasia, and secondary maxima in western North America and156

East Asia. This latitudinal structure persists across the parameter ensemble (Fig. 2h).157

Regions with CS > 20 Myr, which we define as macroevolutionary refugia (Methods),158

cover about 42.2 ×106 km2 of present-day land. To isolate the contribution of plate motion to159

this pattern, we evaluated thermal change at fixed coordinates within each time step, thereby160

removing the effect of continental drift. Compared with this counterfactual, plate motion161

reduces the area of refugia by about 5.4× 106 km2, roughly half the area of Europe (Extended162

Data Fig. 2).163

Fig. 2: Cumulative stability, its uncertainty and environmental volatility over the last 60
million years. a–f, Stability gained within six representative 5 Myr intervals, from 60–55 Ma (a) to 5–
0 Ma (f), in Myr. Accumulation reflects the thermal stability experienced by each land parcel, weighted
by the ecological capacity limit (Box 1). g, Present-day cumulative stability (CS) integrated from 60 Ma
to the present (Myr), shown as the ensemble mean across 100,000 parameter combinations (Box 1;
Methods). h, Latitudinal profile of mean CS and ensemble uncertainty, given as the interquartile
range (IQR; 25th–75th percentiles, Myr) across ensemble members, averaged within 5° latitudinal bands.
i,j, Latitudinal profiles of environmental volatility over the past 60 Myr for experienced thermal change
(°C Myr−1; i), and resource collapse severity, 1−R (dimensionless; j). Black lines show the standard
deviation of each variable within 5° latitudinal bands; dashed vertical lines mark the mean of these
band standard deviations.

To understand the latitudinal pattern of CS, we examined how experienced thermal change164

and resource collapse severity varied across palaeolatitudinal bands over the past 60 Myr165

(Fig. 2i,j). Variability in experienced thermal change was lowest near the equator and at166

southern high palaeolatitudes, and highest in two subtropical bands centred near 25°N and167
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15°S, with northern high latitudes moderately above the global mean (Fig. 2i). The equatorial168

minimum is consistent with the weak spatial temperature gradients of the tropics, which limit169

the thermal change produced by drift, whereas the subtropical maxima coincide with the170

palaeolatitudes traversed by India during its rapid northward drift. Resource collapse severity171

showed a different pattern, with the highest variability at both polar extremes and in a northern172

tropical band near 10–15°N, and the lowest in the southern subtropics (Fig. 2j). High-latitude173

resource volatility is consistent with Cenozoic cooling and vegetation loss (Fig. 2a–f), whereas174

low-latitude volatility is linked to Miocene–Pliocene aridification (ca. 10–2.5 Ma). Thus, the175

equatorial CS maximum reflects low thermal and moderate resource volatility, whereas low CS176

at high latitudes arises mainly from high thermal volatility and repeated resource collapse.177

The effect of deep-time stability on modern biodiversity178

CS integrates two constraints with distinct temporal structure (Box 1). Thermal continuity179

(CST ), the time a parcel remains within its biota’s thermal tolerance, only accumulates: once180

gained, it is never lost. Resource continuity (CSR), the time a parcel sustains sufficient vegetation181

biomass, can instead be lost retroactively, as each resource collapse reduces its accumulated total182

(Fig. 3a). Comparing the two partitions the terrestrial surface into parcels limited by thermal183

continuity (CST < CSR) and parcels limited by resource continuity (CSR < CST ). Resource-184

limited parcels concentrate in high-latitude and arid regions, where modelled vegetation biomass185

collapses are largest (Fig. 3b). Parcels retaining CS above 30 Myr are concentrated in tropical186

and equatorial regions, where both thermal stability and biomass density remain near their187

maxima throughout the the last 60 Myr (see Supplementary Information for reconstructions188

of temperature and vegetation biomass density across the full time series).189

Empirical species richness [33–35] increases with CS in amphibians, reptiles, birds and190

mammals (Fig. 3c,d; Extended Data Table 2). In all four groups, the relationship accelerates191

where thermal continuity is the limiting component of CS. Where resource continuity is limiting,192

it accelerates in amphibians, reptiles and birds, and decelerates only in mammals, under both193

the bounded and the unbounded fit (Extended Data Table 3). Model selection with the194

Akaike information criterion (AIC) favoured bounded over unbounded models in five of eight195

group–regime combinations: all four groups under thermal limitation and reptiles under resource196

limitation (Extended Data Table 2). This preference, however, provides weak evidence197

for ecological ceilings on species richness. First, the bounded fits are constrained mainly by198

the accelerating part of the curve: no combination yielded a model that both decelerated199

and reached ≥ 90% of its ceiling within the observed range of CS (10–45 Myr; Extended200

Data Table 3). Second, residual spatial autocorrelation reduces the effective sample size by201

more than two orders of magnitude. Once ∆AIC is adjusted accordingly, every comparison202

becomes statistically inconclusive (|∆AICeff| ≤ 0.6). Third, when models are instead judged203

by their ability to predict withheld geographic regions, unbounded models are favoured in204

five of eight combinations. Bounded model win in amphibians and mammals under thermal205

limitation, where the fitted curves are still accelerating at 89% of their asymptotes, and in206

mammals under resource limitation, the only case in which the relationship decelerates; there,207

however, the bounded fit reaches only 75% of its asymptote within the data, and AIC favours208

the unbounded model (∆AIC = +38.7). Conversely, where a bounded model came closest to209

its ceiling (effectively 100% in reptiles under thermal limitation), the unbounded alternative210

predicted better (Extended Data Table 2). None of the eight combinations therefore indicates211

a ceiling. These patterns are largely insensitive to position along the generalist–specialist212

continuum (Extended Data Fig. 3).213
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Fig. 3: Cumulative environmental stability, its limiting constraints, and their relation to
modern species richness. a, Constraint space comparing thermal continuity (CST ) and resource
continuity (CSR) for each habitat parcel, coloured by its cumulative stability (CS) in Myr. b, Global
map of the difference between resource and thermal continuity (CSR−CST , Myr), highlighting thermally
limited (red) and resource-limited (blue) parcels. c,d, Marginal scaling of species richness against
CS for four terrestrial vertebrate clades, in thermally limited parcels (CST < CSR; c) and resource-
limited parcels (CSR < CST ; d). Black dots are binned means; solid lines show the selected model
(red, bounded; blue, unbounded), dashed lines display the rival family. e, Ternary plot of explained-
variance composition among time, temperature and vegetation biomass, for endotherms (blue) and
ectotherms (red). f, Uniquely attributable variance (absolute R2) for time against temperature. g,
Variance decomposition showing unique contributions of time (green), contemporary temperature (red)
and vegetation biomass (yellow), with shared/confounded variance (grey), by clade and limitation
regime.

Partitioning variance among CS (or time) and two contemporary variables, temperature and214

vegetation biomass, reveals a broad metabolic divide in the environmental correlates of species215
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richness (Fig. 3e–g and Extended Data Table 4). Endotherm richness is predominantly216

associated with time and biomass (74–88% of explained variance), whereas ectotherm richness217

is more closely tied to contemporary conditions (Fig. 3e). Temperature is the leading factor for218

reptiles in both regimes (54–55%), and temperature and biomass together account for 86% in219

amphibians under thermal limitation. Amphibians under resource limitation are the exception.220

Their partitioning resembles that of endotherms (time 31%, biomass 48%, temperature 21%).221

This divide is even clearer in uniquely attributable variance (Fig. 3f, Extended Data Table 4),222

although most explained variance is shared among predictors in every group–regime combination.223

Unique temperature effects are near-zero for endotherms, leaving time and biomass as their224

main unique contributors, whereas ectotherms rely primarily on contemporary conditions.225

Total explained variance drops under resource limitation for amphibians, birds and mammals226

(R2
tot = 0.41–0.42, versus 0.57–0.72), but it remains high for reptiles (0.78–0.85) (Fig. 3g).227

Together, these results suggest that deep-time stability contributes more to modern species228

richness in endotherms, whereas contemporary climate is the stronger correlate of ectotherm229

richness, particularly in reptiles.230

Nature conservation infrastructure fails to capture231

macroevolutionary refugia232

Our analysis identifies the present-day land areas that have accumulated the most thermal and233

resource stability over the past 60 Myr (Fig. 2g). To determine whether current conservation234

frameworks safeguard these macroevolutionary refugia (CS > 20 Myr), we intersected the CS235

map with terrestrial protected areas from the World Database on Protected Areas (WDPA) and236

other effective area-based conservation measures (OECMs) [36]. We considered the full gradient237

of conservation strictness, from IUCN Categories I–VI to sites without a reported category238

(‘Other/Unreported’). We classified CS independently within each of 100,000 simulations, so239

that the regional area estimates propagate species-response uncertainty into the reported240

interquartile ranges.241

Globally, 77.9% of macroevolutionary refugia lie outside protected areas, leaving a median242

unprotected extent of 32.9 million km2 (IQR: 16.0–53.1 million km2; Fig. 4). Asia shows both243

the largest absolute gap and the most severe proportional deficit, with 91.5% of its stable regions244

unprotected (10.0 million km2, IQR: 4.5–16.7), followed proportionally by North America at245

87.8% (5.7 million km2, IQR: 1.3–11.7). In absolute terms, Asia is followed by Africa (9.0246

million km2, IQR: 5.4–13.6), and by South America & the Caribbean (7.9 million km2, IQR:247

4.8–10.3). Africa and South America & the Caribbean nevertheless show the lowest proportional248

deficits (77.5% and 61.8%), indicating comparatively broader coverage. Europe, West Asia and249

the Polar region are absent from this comparison because they retain negligible land above the250

20 Myr CS threshold.251

8



Global

0 10 20 30 40 50

A
re
a
	(
M
	k
m
2
)

0

5

10

15

20

	Unprotected:	77.9%

32.9	M	km
2
	[16.0-53.1]

Asia

0 10 20 30 40 50
0

2

4

6

8

10

	Unprotected:	91.5%

10.0	M	km
2
	[4.5-16.7]

Africa

Cumulative	stability	(Myr)
0 10 20 30 40 50

0

1

2

3

4

5

P
ro
te
c
ti
o
n
	(
%
)

0

15

30

45

60	Unprotected:	77.5%

9.0	M	km
2
	[5.4-13.6]

South	America	&	Caribbean

Cumulative	stability	(Myr)
0 10 20 30 40 50

A
re
a
	(
M
	k
m
2
)

0

1

2

3

4

	Unprotected:	61.8%

7.9	M	km
2
	[4.8-10.3]

North	America

Cumulative	stability	(Myr)
0 10 20 30 40 50

0

1

2

3

4

5

P
ro
te
c
ti
o
n
	(
%
)

0

15

30

45

60	Unprotected:	87.8%

5.7	M	km
2
	[1.3-11.7]

Total	land	area

IUCN	Category	I

IUCN	Category	II

IUCN	Category	III

IUCN	Category	IV

IUCN	Category	V

IUCN	Category	VI

Other	/	unreported

Fig. 4: Cumulative stability and current protection coverage. Global land and regions containing
land above the cumulative stability (CS) threshold (CS > 20 Myr). Light grey bars show the distribution
of land area across 2.5-Myr bins of CS (left axis, million km2). Stacked bars show the protected area
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Annotations give the percentage and area of stable land outside any protected area, as medians across
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Full results are given in Extended Data Tables 5–7.

Protected areas cover 22.1% (IQR: 20.3–27.9%) of Earth’s most stable environments,252

compared with 15.8% (IQR: 15.6–16.0%) of the remaining unstable land (Fig. 5a). The median253

per-simulation gap is 6.6 percentage points (pp; IQR: 5.0–12.2) and is positive in 95.6% of254

simulations. Decomposing coverage along the IUCN management gradient, however, shows255

that this advantage rests largely on the weakest protection categories. The gap is already256

present at the strictest tier (Category I; +0.6 pp) and across strict designations as a whole257

(Categories I–IV; +1.7 pp, IQR: 1.1–3.2; positive in 90% of simulations), but these account for258

only a quarter of the final gap. Within the strict tiers, National Parks (Category II) widen the259

gap by 1.7 pp, whereas Category IV narrows it by 0.7 pp, the only step that favours unstable260

land. The remaining three quarters come from the weakest designations (Categories V, VI and261

‘Other/Unreported’): Category VI adds 2.0 pp and ‘Other/Unreported’ areas a further 2.7 pp,262

the latter alone accounting for 41% of the final gap. Protection of stable environments thus263

depends disproportionately on weakly managed land. Strict nature reserves and wilderness areas264

(Category I) cover just 2.1% of these environments, whereas ‘Other/Unreported’ designations265

provide the largest single increase in coverage (7.7 pp). This reliance is more pronounced in266

Africa and in South America & the Caribbean, where Category VI and ‘Other/Unreported’267

areas supply 58% and 62% of the protection of stable land, respectively (Fig. 5a).268
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Fig. 5: Protection of macroevolutionary refugia. a, Cumulative protected area percentage across
IUCN management categories (left axis) and the marginal change in coverage per step (right axis, grey
bars). Blue squares, land with cumulative stability (CS) > 20 Myr (median 42.2 M km2); orange circles,
CS ≤20 Myr (86.3 M km2). Lines show ensemble medians and shading the interquartile range (IQR)
across 100,000 simulations, each carrying its own stability classification; values at the right give median
coverage with all categories included. Grey bars (right axis), placed between successive category sets,
show the change in the stable – unstable coverage gap as each category is added; error bars give the IQR
and numbers the median change in percentage points. b, Global map of the Protection Priority Index
(PPI), combining ensemble-mean CS with effectiveness-weighted protection coverage. High values (dark
red) identify regions that combine high environmental stability with low effective protection. White
land areas carry no PPI value: they either have no model cell or are excluded from the index (central
Andes and Himalaya–Tibetan Plateau; see Methods).

To translate this conservation gap into a map, we combined CS with current protection269

into a protection priority index (PPI; Fig. 5b; see Methods). For each grid cell, the PPI270

is the product of a stability value, given by the percentile rank of the cell’s CS among all271

land, and a protection shortfall, the fraction of the cell not effectively protected. Protection272

counts all WDPA areas, with less strict IUCN categories given lower weight to reflect weaker273

management. Because the two terms are multiplied, a cell scores highly only if it is both274

highly stable and poorly protected. The PPI therefore indicates where each additional square275

kilometre of protection would safeguard the most deep-time stability. The index is highest in276

eastern China, the Congo Basin and adjoining East and south-central Africa, Amazonia, much277

of the United States, Alaska and western Canada, and New Guinea and maritime Southeast278

Asia. Intermediate values extend across the West African forest belt, northern Australia and279

southern South America. The index is uniformly low across Europe, the Sahara, Arabia, and280

central and northern Asia, where there is little deep-time stability to protect. The ranking of281

regions by mean PPI was largely unchanged when we gave greater weight to stability or to the282

protection shortfall, counted only strictly managed protected areas, or weighted all protected283

areas equally (Extended Data Table 8).284

Implications for understanding and conserving biodiversity285

By quantifying the cumulative stability (CS) experienced by land parcels in tectonic transit, our286

Lagrangian framework changes both how present-day richness patterns should be interpreted287

and how their protection should be prioritised. First, terrestrial vertebrate diversity appears to288

be far from equilibrium. The absence of an asymptote in the species richness–CS relationship289

indicates that these groups have not reached ecological saturation, which helps reconcile the290

dispute over whether regional diversity is bounded [37–39]. Ecological limits may exist, but291

environmental continuity is rarely sustained long enough for biotas to reach them. Directional292

change, such as continental drift and long-term climatic shifts, alters the environmental293

conditions against which a diversity ceiling is defined. At finer time scales, Milankovitch-driven294

climatic oscillations, operating below our model’s temporal resolution, disrupt evolutionary295

trajectories [15] and truncate incipient lineages before speciation is complete [40]. As a result,296

present-day richness is a historically contingent accumulation, not an equilibrium to which biotas297

return after disturbance. Because macroevolutionary refugia consist of lineages accumulated over298
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millions of years, rather than assemblages that rebuild rapidly through recolonisation or recent299

diversification, their loss would be irreversible on any timescale relevant to human societies [41].300

Second, no single explanation of richness gradients holds across vertebrates. Deep-time301

stability and biomass explain most of the unique variance in endotherm richness, whereas302

contemporary climate dominates in ectotherms, consistent with physiological predictions [14, 42].303

Because endotherms evolve thermal niches faster and maintain wider latitudinal ranges [43],304

their richness integrates the full environmental history of a land parcel. Ectotherms, by contrast,305

are thermally conservative; contemporary climate closely approximates the conditions their306

surviving lineages have experienced, leaving little independent signal on the deep-time historical307

axis. The two groups are therefore exposed to different components of global change. Ectotherm308

diversity responds most directly to shifts in contemporary climate, while endotherm diversity309

depends more on long-term environmental stability and resource availability. In light of these310

results, regions that combine present-day climatic buffering with deep-time stability represent311

the strongest candidates for safeguarding both groups.312

Finally, our analysis shows that current protected area networks leave most macroevolu-313

tionary refugia unprotected. This gap leaves a disproportionate share of Earth’s phylogenetic314

heritage exposed to ongoing land-use change [44]. As countries work towards Target 3 of the315

Kunming–Montreal Global Biodiversity Framework, which calls for protecting at least 30%316

of land and inland waters by 2030 [45], where that 30% is placed will matter as much as how317

much is protected. Our analysis offers one axis along which sites of irreplaceable evolutionary318

value can be identified. Safeguarding these regions, however, requires more than static bound-319

aries. Treating fixed conservation networks as permanent biodiversity repositories overlooks320

the dynamic reality of a rapidly warming planet [6, 7]. Where a bioclimatic envelope exits321

a protected area faster than resident species can migrate or adapt, reserves risk functioning322

as climatic traps rather than refugia [28, 46]. Species in such reserves may persist long after323

the conditions that sustained them have moved on, accumulating a kinematic debt. As with324

extinction debt [31, 47], this lag is both a hazard, because the losses it implies are invisible to325

assessments based on current occurrence, and an opportunity, because they can still be averted.326

Averting these losses requires evaluating habitat connectivity not only as a spatial landscape327

property but also in relation to shifting climate and productivity gradients [48, 49].328

Caveats and future directions329

Our predictions rest on three simplifications, each of which defines a route for extending the330

framework. First, the palaeoenvironmental fields derive from a single climate–vegetation simu-331

lation, and therefore the reported uncertainty captures variability within that model rather332

than structural differences between models. Because the framework accepts any gridded palaeo-333

climate reconstruction as input, applying it across a multi-model ensemble would allow this334

structural uncertainty to be quantified. Second, relative plate motions and palaeolatitudes are335

well constrained for the Cenozoic, but palaeolongitudes are less so, and this uncertainty could336

affect the advective term vtec · ∇T where east–west temperature gradients are strong. Incorpo-337

rating emerging probabilistic plate reconstructions that explicitly represent palaeolongitudinal338

uncertainty would allow this to be propagated through the framework. Third, topography339

is prescribed rather than dynamically evolved, so mountain building, erosion and drainage340

reorganisation, which help shape the spatio-temporal evolution of biodiversity [50], are not yet341

explicitly resolved; coupling with landscape evolution models [51] would capture these processes.342

The protection priority index is therefore best viewed as a hypothesis rather than a final343

ranking. Because the proposed framework is agnostic to its inputs, multi-model palaeoclimate344

ensembles, probabilistic plate reconstructions and landscape evolution models can each be345

readily incorporated, allowing protection priority to be defined not by any single reconstruction346

but by agreement among independent realisations of Earth’s history. More broadly, this approach347

shifts conservation planning from mapping where biodiversity is today towards identifying348

where the deep-time processes that generated it are recorded. Such knowledge is essential for349

anticipating how ongoing environmental change may disrupt the processes that have shaped350

biodiversity over millions of years.351
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Methods352

Palaeogeographic model353

The palaeogeographic model underlying this study is an updated version of that described354

in ref. [27]. The base reconstruction model is that of Merdith et al. [24] (GPlates files v1.1;355

https://doi.org/10.5281/zenodo.13635864), defined in a palaeomagnetic reference frame.356

This frame places continents relative to Earth’s spin axis, so reconstructed palaeolatitudes are357

consistent with the latitudinal structure of climate simulated by Earth system models. From this358

reconstruction, we generated maps of palaeotopography and palaeobathymetry at 0.5◦ × 0.5◦359

resolution. Palaeotopography and shallow-marine bathymetry were taken from the PALEOMAP360

reconstructions of Scotese and Wright [52], available at 5-Myr intervals. Because the two361

reconstructions place the continents in slightly different positions, we shifted the PALEOMAP362

topography onto the plate configuration of ref. [24], following the procedure of ref. [27].363

Palaeoenvironmental reconstructions364

We reconstructed palaeoenvironmental conditions using the spatially resolved global climate-365

biogeochemical model SCION (version 1.3) [53], utilizing updated palaeogeographic maps366

defined at 5-million-year intervals (see Supplementary Information) To drive the surface367

processes within SCION, we updated its climate emulator using a large, newly generated lookup368

table of 1,090 climate simulations conducted with the Fast Ocean Atmosphere Model (FOAM369

v1.5). Our FOAM setup consists in an atmospheric model coupled to a 50-meter mixed-layer370

“slab” ocean and a thermodynamic sea-ice model. This gridded ensemble spans 109 time slices371

(540 to 0 Ma) and 10 atmospheric CO2 concentrations (0.25 to 128 times pre-industrial levels),372

providing a comprehensive matrix of climatic responses to continuous continental shifts and373

varying greenhouse gas forcing.374

To capture the terrestrial biosphere’s active role in deep-time climate, SCION was dynam-375

ically coupled with the FLORA vegetation model [32]. Based on the LPJ dynamic global376

vegetation model [54], FLORA utilizes regional environmental outputs from SCION (e.g. surface377

temperature, runoff, insolation, and atmospheric CO2 and O2) to calculate spatially resolved378

terrestrial photosynthesis and carbon allocation. These regional vegetation metrics are recal-379

culated at every model time step and feedback directly into SCION to inform land-derived380

organic carbon burial and continental weathering rates. This bidirectional coupling creates381

a self-consistent global loop where vegetation biogeography directly regulates the long-term382

C-O-P-N-S cycles.383

Because standard forward-model outputs did not perfectly align with proxy-derived Cenozoic384

global temperature records, we applied a targeted model inversion approach to construct an385

accurate, proxy-matched baseline for the Cenozoic. We modified the global rate of tectonic386

CO2 degassing, implementing a 35% reduction over the era to reproduce the broad-timescale387

cooling trend. Baseline degassing rates were also adjusted to account for FOAM’s inherently388

lower preindustrial global average temperature (13 ◦C versus the 14 ◦C proxy consensus). This389

inversion yields modelled Cenozoic CO2 levels slightly above proxy estimates, arising in part390

from FOAM’s relatively low climatic sensitivity, which falls right between the multimodel391

mean values calculated by Zelinka et al. (2020) [55] for the CMIP5 and CMIP6 ensembles,392

but contrasts with higher-end members featured in these ensembles such as CESM2. In the393

model, the resulting CO2 fertilization of plants is counteracted by correspondingly elevated394

atmospheric O2, which limits vegetation through photorespiration and wildfires. This dynamic395

ensures our global biomass predictions remain robust and self-consistent. The final modelled396

outputs for surface air temperature and terrestrial biomass were subsequently mapped onto a397

high-resolution grid using linear interpolation.398

Comprehensive details regarding model setup, boundary conditions, orbital configura-399

tions, and comparisons against proxy records are provided in the Supplementary Information,400

(Supplementary Methods and Figs. S1–S5).401

Climate velocity402

To quantify the geographic speed and direction required for a species to maintain its thermal403

niche over time, we calculated climate velocity (vclim) following Loarie et al. [6], using global404
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temperature fields derived from SCION model simulations. Because our simulated parcels405

represent moving tectonic plates over geological time, we adopted a framework that isolates406

the local geographic climate signal from tectonic advection.407

To address numerical instability in climatically uniform regions and mitigate coordinate408

distortion at the poles, we implemented a 3D-projected neighbourhood tracking algorithm.409

Palaeo-coordinates were projected into a 3D Cartesian system using Earth’s radius (R = 6371410

km):411

X = R cos(θlat) cos(ϕlon) Y = R cos(θlat) sin(ϕlon) Z = R sin(θlat) (1)

For each parcel, we identified its 20 nearest neighbours in this Cartesian frame.412

To calculate the spatial gradient (∇T = [glon, glat]) and the local Eulerian temporal413

tendency (∂T/∂t), we solved local least-squares regressions. For the spatial gradient at time t,414

we calculated the relative spatial displacement (∆x,∆y) of the valid neighbourhood points. To415

prevent artefacts across the anti-meridian, longitudinal differences were wrapped to the interval416

[−180◦, 180◦] before conversion to distance (∆x = R cos θlat ∆ϕlon, ∆y = R∆θlat, angles in417

radians). To suppress baseline noise, neighbours closer than 100 km were excluded from the418

spatial gradient fit, and the fit was attempted only where at least three valid neighbours419

remained beyond that separation. Note that the plane fits used for local temperature estimates420

retained the full 20-neighbour set.421

We then fitted the local plane:422

∆T ≈ c0 + glon∆x+ glat∆y (2)

where c0 is a fitted intercept absorbing any local offset. This was solved via QR decomposition423

(A \∆T), which provides better numerical conditioning than the normal-equations form. Fits424

returning implausible slopes (|∇T | ≥ 5 ◦Ckm−1) were rejected. Where no stable fit could be425

obtained, the gradient was left undefined and the parcel excluded from velocity calculations for426

that specific interval.427

The Eulerian temporal tendency was obtained by fitting an equivalent local plane to the428

t+ 1 temperature field. Crucially, this was anchored to the parcel’s geographic position at time429

t by finding the t+ 1 neighbours nearest to the parcel’s past location, thereby factoring out430

the parcel’s tectonic displacement. The temporal tendency was calculated by differencing this431

intercept against the plane-fitted temperature at t:432

∂T

∂t
≈

T̂t+1(xt)− T̂t(xt)

∆t
(3)

We computed climate velocity as the local rate of temperature change divided by the433

spatial temperature gradient [6], adopting the vector form of Burrows et al. [7]. Because434

this ratio diverges where the climate surface is flat, we imposed a minimum spatial gradient435

gmin = 0.0015 ◦Ckm−1 to set the speed, while preserving the direction of the unfloored gradient:436

vclim = −
∂T/∂t

max(|∇T |, gmin)

(

∇T

max(|∇T |, ϵ)

)

(4)

Here, ∂T/∂t is in ◦CMyr−1, |∇T | is in ◦Ckm−1, so vclim is in kmMyr−1, and ϵ = 10−6437

prevents division by zero in the direction vector. When |∇T | ≥ gmin, this formulation satisfies438

the isotherm-displacement condition ∂T/∂t+ vclim ·∇T = 0; otherwise, the speed is capped to439

provide a bounded estimate of isotherm displacement. The full time series of global climate440

velocity maps is displayed in Supplementary Information (Fig. S6).441

Tectonic velocity442

Tectonic velocity was calculated by tracking the Lagrangian displacement of coordinate parcels443

between consecutive time slices (t and t+ 1). To correct for boundary artefacts when tracking444

parcels across the anti-meridian (dateline), a modulo transformation was applied to the445

longitudinal delta. The latitudinal and longitudinal components of the tectonic velocity vector446

were computed in physical space (km/Myr), correcting the longitudinal distance for spherical447

13



geometry at the midpoint latitude of the interval, θ̄ = (θt + θt+1)/2, rather than at its start,448

since a parcel may traverse several degrees of latitude within a single 5-Myr step:449

vtec,lat =
c (θt+1 − θt)

∆t
(5)

vtec,lon =
c [((ϕt+1 − ϕt + 180) mod 360)− 180] cos(θ̄)

∆t
(6)

where θ represents latitude, ϕ represents longitude in degrees, c = πR/180 ≈ 111.19 km deg−1450

is the physical distance conversion factor per degree (with R = 6371 km), and ∆t is the 5-Myr451

time step. The full time series of global tectonic velocity maps is displayed in Supplementary452

Information (Fig. S7).453

Kinematic offset and thermal mismatch454

To quantify the true physiological stress exerted on sedentary lineages, we decoupled absolute455

climate velocity from tectonic velocity. From a macroevolutionary perspective, climate velocity456

(vclim) overestimates the dispersal requirements if the tectonic plate is drifting in the same457

direction as the shifting climate, and underestimates it if the plate is drifting in the opposite458

direction. We first calculated the kinematic offset (∆v) as the vector difference between climate459

and tectonic velocities:460

∆v = vclim − vtec (7)

This vector difference conceptually drives the thermal mismatch (Mthermal) experienced461

by a lineage. In an Eulerian framework, thermal mismatch is approximated by adding the462

local temporal tendency to the advection of the parcel across the spatial temperature gradient463

(∂T∂t + vtec ·∇T ). We instead calculated Mthermal directly as the absolute material derivative464

(DT
Dt ) along each land parcel’s tectonic trajectory:465

Mthermal =

∣

∣

∣

∣

DT

Dt

∣

∣

∣

∣

=

∣

∣

∣

∣

T (t+ 1)− T (t)

∆t

∣

∣

∣

∣

(8)

By taking the first difference of temperature for the identical material point across consecutive466

time slices, this approach intrinsically captures both the geographic drift across climatic467

gradients and the global temporal shift in climate. Because it follows the exact Lagrangian468

trajectory, it requires no neighbourhood search, no spatial gradient estimation, and no velocity469

ceiling. The full time series of vector difference maps and the signed thermal mismatch are470

displayed in Extended Data Fig. 1 and Fig. S8.471

Cumulative stability472

We calculated the uninterrupted environmental persistence of modern landscapes as cumulative473

stability (CS), a Lagrangian metric that integrates the duration of thermal and resource conti-474

nuity experienced by a parcel of land in tectonic transit. This metric is evaluated dynamically at475

discrete time steps and is governed by two primary constraints: instantaneous thermal stability476

and a resource retention factor.477

Instantaneous thermal stability (Si(t)) quantifies the thermal mismatch generated by the478

divergence of tectonic and climate velocities over a given time step (∆t). We modelled this479

stability as an exponential decay function:480

Si(t) = exp

(

−kT
|∆Ti(t)|

∆Tbreadth

)

(9)

where |∆Ti(t)| is the absolute temperature change experienced by the moving parcel i, ∆Tbreadth481

is a representative thermal niche breadth (representing a generalised macroscopic tolerance482

limit), and kT is the thermal sensitivity constant. Si(t) therefore decays exponentially with the483

ratio of |∆Ti(t)| to ∆Tbreadth, at a rate modulated by kT . Si(t) = 1 when the parcel experiences484

no thermal change, and higher values of kT produce a steeper loss of stability for a given485

thermal mismatch.486
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While instantaneous thermal stability tracks continuous climatic stress, accumulated stability487

can also be lost abruptly through resource collapse. To model this, we defined a resource488

retention factor, Ri(t), which sets the fraction of previously accumulated stability carried489

forward across a time step. Ri(t) depends on the relative decline in vegetation biomass (B)490

along each parcel’s trajectory between consecutive time steps:491

δi(t) = −
Bi(t)−Bi(t−∆t)

Bi(t−∆t)
(10)

Normalising by prior biomass (Bi(t−∆t)) means that retention reflects the relative severity of492

collapse experienced by the local ecosystem rather than its absolute magnitude. To represent493

the buffering capacity of ecosystems, declines smaller than a resilience tolerance, ρ, are ignored,494

and the retention factor decays exponentially with the part of the decline exceeding it:495

Ri(t) = exp (−kR max (0, δi(t)− ρ)) (11)

where kR is a resource sensitivity constant. When biomass is stable (i.e., increases or declines496

by less than ρ), Ri(t) = 1 and accumulated stability is fully retained. Larger declines discount497

it exponentially at a rate modulated by kR.498

To evaluate the immediate environmental stress experienced by a tracked parcel at any499

specific geological time slice, we calculated the interval stability gain (ISi(t)), defined as the500

thermal stability (Si(t)) realised over the interval, weighted by the ecological capacity of the501

parcel:502

ISi(t) = Si(t)Pi(t)∆t, Pi(t) = max

[

0.01, min

(

1,
Bi(t)

Bthresh

)]

(12)

where Pi(t) is a productivity weight and Bthresh = β B95 is a viability threshold, defined as a503

fraction β of the 95th percentile of vegetation biomass across all parcels and time steps. Parcels504

with biomass at or above Bthresh realise their full thermal stability (Pi = 1), whereas stability505

gains in less productive parcels are scaled down in proportion to their biomass. ISi(t) quantifies506

the stability gain realised by the parcel over each 5-Myr interval and therefore ranges from 0 to507

5 Myr.508

Finally, we calculated the cumulative stability of each parcel (CSi) recursively along its509

palaeogeographic trajectory, from 60 Ma (CSi = 0) to the present. CSi quantifies the thermal510

stability accumulated by a parcel, discounted by its history of resource collapse. Rather than a511

simple time integration, at each time step the prior accumulation is multiplied by the resource512

retention factor before the new interval stability gain is added:513

CSi(t) = CSi(t−∆t), Ri(t) + ISi(t) (13)

where Ri(t) is the resource retention factor and ISi(t) is the interval stability gain. Because Ri(t)514

multiplies the entire accumulated stock rather than the current increment, a severe resource515

collapse proportionally discounts a parcel’s full prior history. Conversely, because the thermal516

stability, productivity weight and retention factor are all bounded by 1, a parcel can gain at517

most 5 Myr of stability per 5-Myr interval, so stability cannot accumulate faster than elapsed518

time and CSi ranges from 0 to 60 Myr.519

Macroevolutionary refugia520

We define macroevolutionary refugia as present-day land with CS > 20 Myr. The area-weighted521

distribution of ensemble-mean CS shows no clear bimodality (Fig. S9), so no natural break522

separates refugia from other land. We therefore evaluated the refugium threshold (θ) against523

two independent references. First, six partition criteria applied to that distribution place the524

break between 16.9 and 23.4 Myr: the median (16.9 Myr); two-class Jenks natural breaks, which525

minimise within-class variance and for two classes coincide with Otsu’s method (19.1 Myr)526

[56, 57]; the midpoint of the robust, percentile-trimmed range (19.7 Myr); the upper tercile527

(20.7 Myr); the midpoint of the full observed range (22.9 Myr); and the upper quartile (23.4 Myr).528

A two-component Gaussian mixture (16.8 Myr) is also shown for reference. Second, 20 Myr is529

one-third of the maximum stability attainable in the model (60 Myr, i.e. twelve 5-Myr intervals530
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from 60 to 0 Ma). At this threshold, refugia occupy about 33% of land, and roughly half of531

that area remains a refugium in at least 75% of simulations (P25 > θ). Raising the threshold532

increasingly restricts refugia to thermally limited land, from 66% at 20 Myr to 95% at 30 Myr533

(Fig. S10), and refugia defined at higher thresholds are nested subsets of those defined at534

lower ones (Figs. S11-S12).535

Sensitivity analyses536

We ran 100,000 coupled simulations as a full factorial design, sampling ten levels of each of the five537

model parameters across ecologically plausible ranges to capture the physiological and trophic538

tolerances of terrestrial biota. The thermal niche breadth (∆Tbreadth ∈ [2, 10]◦C) reflects the539

spectrum of fundamental thermal niches, from specialised taxa with narrow thermal envelopes540

to adaptable generalists. The thermal and resource sensitivity constants (kT ∈ [1, 6]; kR ∈ [1, 3])541

set the steepness of stability decay in Si and Ri, respectively. The biomass threshold fraction542

(β ∈ [0.15, 0.23], such that Bthresh = β B95) and the resilience tolerance (ρ ∈ [0, 0.1]) account543

for differing baseline energy requirements and ecosystem buffering capacity. All parameters544

were sampled at evenly spaced levels, except kR, which was sampled at log-spaced levels.545

To ensure that the ensemble reflects plausible biological uncertainty rather than mathe-546

matically degenerate extremes, we evaluated all parameter ranges with a series of diagnostic547

tests before running the simulations. Because β is the only parameter with a direct external548

referent, its upper bound was calibrated against modern observations of terrestrial productivity549

[58], so that no more than 60% of the modern, non-glaciated land surface was classified as550

productivity-limited (Pi < 1). Because kR and ρ act multiplicatively on accumulated stability,551

their limits were evaluated through their compounding effect over time: the upper bound of kR552

was constrained so that the median parcel retained at least 5% of its accumulated stability over553

the full record, preventing a global collapse towards zero that would erase regional variance.554

Similarly, the bounds of kT and ∆Tbreadth were restricted so that Si did not fall to near zero555

in more than 20% of parcel-steps. Finally, we checked the level spacing within the parameter556

grid to avoid skewing the ensemble mean and interquartile range, ensuring that the effect557

ratio between adjacent levels of kR, the most sensitive parameter, did not exceed a factor of 4.558

This approach ensures that the identified macroevolutionary refugia are robust across varying559

degrees of ecological specialisation and vulnerability.560

For each parcel, we calculated the mean, median and interquartile range (IQR) of CSi561

across the 100,000 simulations. The mean across simulations is the value mapped and used562

for refugia classification. Zonal profiles of the mean and IQR were obtained by averaging563

parcel values within 1◦ latitudinal bins, which were aggregated into 5◦ bands for illustration564

purposes. To examine the drivers of CSi, we additionally computed, for every parcel and time565

step, the resource collapse severity (1−Ri), using the mean of each sampled parameter range.566

The variability of thermal mismatch (|∆Ti|/∆t) and of resource collapse severity was then567

summarised as the standard deviation within 5◦ latitudinal bands, pooling all time steps.568

Species richness data acquisition569

Global species richness data for amphibians, reptiles, birds and mammals were obtained as 10-km570

resolution rasters in the World Eckert IV equal-area projection from BiodiversityMapping.org571

[33]. For amphibians, birds and mammals, these rasters are derived from species range polygons572

compiled by the IUCN Red List of Threatened Species [59] and BirdLife International; for573

reptiles, they are derived from the range maps of the Global Assessment of Reptile Distributions574

(GARD) [34]. We used the December 2017 release for amphibians, the March 2018 release for575

mammals and version 7 for birds. The bird richness data are restricted to breeding ranges and576

exclude seabirds, so that they reflect terrestrial patterns. Before resampling, pixels carrying577

each raster’s nodata value (255 for the 8-bit amphibian and mammal rasters; 65,535 for the578

16-bit reptile and bird rasters) were excluded.579

The richness rasters are defined in projected Eckert IV coordinates (ESRI:54012), whereas580

the climate and stability data are defined in geographic coordinates. We therefore wrapped581

longitudes to [−180◦, 180◦], projected the geographic coordinates forward into Eckert IV metres,582

converted them to raster pixel positions, and assigned each location the value of the nearest583

raster cell (nearest-neighbour sampling). This was done both at the land data points used in584
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the statistical analyses and on the regular longitude–latitude grid used for mapping, where grid585

cells without a stability estimate were masked.586

Model selection587

To quantify the relationship between species richness and CS under different environmental588

limitations, we first divided land parcels into thermally limited and resource-limited regimes.589

Thermal cumulative stability (CST ) accumulates instantaneous thermal stability, Si(t), along590

each parcel’s trajectory,591

CST,i(t) = CST,i(t−∆t) + Si(t)∆t, (14)

whereas resource continuity (CSR) accumulates biomass-limited capacity and discounts the592

accumulated stock at each collapse,593

CSR,i(t) = CSR,i(t−∆t)Ri(t) + min

(

1,
Bi(t)

Bthresh

)

∆t, (15)

where Ri(t) is the resource retention factor and Bthresh is the ecological capacity threshold594

(Methods, section Cumulative stability). Both CST and CSR were initialised at zero and, like595

CS, averaged across the 100, 000 simulations. Their difference defines the limitation metric,596

∆i = CSR,i − CST,i: parcels with ∆i > 0 are thermally limited and those with ∆i < 0 are597

resource limited.598

We excluded two regions where topography prevents palaeo-reconstructions from being599

reliably assigned to the locations they represent: the Andes (68 parcels; 0.47% of the data) and600

the Himalayas–Tibetan Plateau (207 parcels; 1.42%). Our plate-tectonic model operates on a601

two-dimensional surface and does not represent relief, so it inherently overestimates stability602

in active subduction zones such as the Andes and underestimates it in continent-to-continent603

collision zones such as the Himalayas.604

We evaluated CS–richness relationships with two formulations. Marginal models describe605

how richness scales with CS without conditioning on contemporary environment:606

h(Y ) = β0 + β1 ϕ(CS;ψ) + ε. (16)

Partial models estimate the effect of CS conditional on modern mean annual temperature (Tz)607

and vegetation biomass density (Bz), both z-scored with global means and standard deviations:608

h(Y ) = β0 + β1Tz + β2Bz + β3 ϕ(CS;ψ) + ε. (17)

In both, Y is species richness and h(Y ) is either Y (additive error) or ln(Y + 1) (multiplicative609

error); ε ∼ N (0, σ2) is the residual error; and ϕ(CS;ψ) is a function of untransformed CS610

(Myr) with shape parameters ψ (k, p, r, Km or CS0, depending on the form). For any fixed611

ψ, ϕ evaluated at each parcel’s CS is a known covariate, so the β coefficients follow from612

ordinary least squares; ψ was chosen to minimise the residual sum of squares over a grid and,613

for one-parameter forms, refined by golden-section search. Analyses were run separately for each614

clade and regime, after removing parcels in 1-Myr CS bins containing fewer than 25 parcels;615

clade–regime combinations with fewer than 200 parcels were not analysed.616

Candidate forms of ϕ represent two macroevolutionary hypotheses. Unbounded (non-617

equilibrium) models assume no ceiling to species accumulation [37, 39]: on the identity scale,618

ϕ = CS (linear), ekCS (exponential) and CSp (power); on the log scale, ϕ = CS (exponential)619

and ln(CS+c) (power). Bounded (equilibrium) models assume diversification slows as a carrying620

capacity is approached [60]: ϕ = 1−e−rCS (monomolecular), CS/(Km+CS) (Michaelis–Menten)621

and 1/{1 + e−r(CS−CS0)} (logistic), each fitted on both scales. Null models without a CS term622

were included as a reference.623

AIC was computed from the Gaussian log-likelihood, counting the profiled parameters ψ as624

estimated parameters. Because likelihoods are not comparable across response transformations625

without accounting for the change of variables [61], log-scale models received a Jacobian626

correction,627

AICcorr = AIClog + 2

n
∑

i=1

ln(Yi + 1), (18)

17



placing all models on the likelihood scale of Y . For each clade and regime, we identified the628

best unbounded and best bounded model and quantified the evidence as ∆AIC = AICbounded−629

AICunbounded, with positive values favouring unbounded accumulation. To account for spatial630

autocorrelation, we deflated ∆AIC by λ = neff/n, with the effective sample size neff estimated631

from the residuals of the best unbounded model by permutation, and compared predictive632

performance by spatial block cross-validation (10◦ blocks, 10 folds). Finally, we applied a633

saturation diagnostic to the best bounded model: a bounded fit was taken as evidence of a634

ceiling only if it reached more than 90% of its asymptote within the observed range of CS and635

its shape was decelerating.636

Spatial correction for autocorrelation637

Macroecological data are inherently spatially autocorrelated. Because AIC differences scale638

with the number of independent observations, autocorrelated residuals inflate ∆AIC and639

make model selection overconfident [62, 63]. We therefore deflated all AIC differences by640

an estimate of the effective sample size. For the best-fitting unbounded marginal model in641

each taxon× regime subset of n parcels, we computed Moran’s I on the model residuals and642

estimated the range of residual autocorrelation, from which we derived an effective sample643

size neff following Clifford et al. [64]. The significance of residual autocorrelation was assessed644

against 199 random permutations of the residuals across parcel locations. This yields a deflation645

factor λ = neff/n ∈ (0, 1], and we report646

∆AICeff = λ∆AIC (19)

where ∆AIC = AICbounded − AICunbounded as defined above, so that positive values favour647

unbounded scaling. This rescales the evidence to that expected from neff spatially independent648

observations, shrinking apparent support that arises from autocorrelated residuals. We treated649

∆AICeff > 2 as support for the unbounded family. Where the neff estimate was not valid,650

∆AICeff was recorded as missing rather than defaulting to the uncorrected value. The same651

deflation was applied to the partial models, h(Y ) ∼ Tz + Bz + ϕ(CS; θ), using the residuals of652

the corresponding best unbounded partial fit; no permutation test was performed for these.653

Spatial block cross-validation654

Parametric adjustments for spatial autocorrelation can be sensitive to the assumed form of655

the correlogram, so we also compared the bounded and unbounded families by spatial block656

cross-validation, which assesses out-of-sample predictive performance without depending on657

λ [65]. Parcels were grouped into 10◦ × 10◦ blocks, and blocks were randomly assigned to658

10 folds. Each fold was held out in turn: all candidate marginal models were refitted on the659

remaining blocks, with their non-linear parameters re-estimated on the training data, and used660

to predict richness in the held-out parcels. Folds with fewer than 20 test or 200 training parcels661

were skipped. Because whole blocks rather than individual parcels are withheld, training and662

test data are separated in space, which removes most of the optimism that spatial dependence663

introduces into parcel-wise cross-validation.664

Predictions from log-scale models were back-transformed to the richness scale using Duan’s665

smearing estimator [66], which corrects the retransformation bias that would otherwise penalise666

these models, and negative predictions were truncated at zero. Performance was summarised as667

the root mean square error (RMSE) of the pooled out-of-fold predictions on the original species-668

richness scale, so that models fitted on the log and identity scales are directly comparable669

without relying on the Jacobian correction. Models with fewer than 100 out-of-fold predictions670

were not scored. For each taxon and regime, the best unbounded and the best bounded671

model were identified by RMSE, and the family with the lower RMSE was recorded as the672

cross-validated winner.673

Variance decomposition674

To quantify the relative importance of deep-time environmental history versus contemporary675

climate and vegetation biomass density, we partitioned the explained variance of the partial676

richness models (Eq.17) using the Lindeman–Merenda–Gold (LMG) metric [67, 68]. For each677
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clade and regime, we took the best-fitting partial model selected by AIC. Holding ψ at its full-678

model estimate makes ϕ(CS;ψ) a fixed regressor, so the model is linear in its parameters and can679

be decomposed exactly by ordinary least squares over all subsets of the three predictors (Tz, Bz680

and ϕ). Because macroecological predictors are frequently collinear, a predictor’s contribution681

to R2 depends on the order in which it enters the model. LMG removes this dependence by682

averaging each predictor’s sequential R2 increment over all 3! = 6 entry orderings, yielding683

order-independent shares that sum to the R2 of the full model. We complemented LMG with a684

commonality analysis, which separates the variance explained uniquely by each predictor from685

that shared among them.686

Spatial intersection with modern conservation networks687

To evaluate whether present-day conservation networks protect regions with long histories of688

environmental stability, we intersected our modelled macroevolutionary refugia with protected689

areas and other effective area-based conservation measures (OECMs). We defined macroevolu-690

tionary refugia as land with CS > 20 Myr (Methods and Supplementary Information).691

Protected-area and OECM boundaries were obtained from the World Database on Protected692

Areas (WDPA) and the World Database on OECMs [36], downloaded from Protected Planet693

(https://www.protectedplanet.net) on 29 June 2026 and filtered to terrestrial and inland-694

water sites. Antarctica south of 60° S was excluded. Protected and total land area from a695

high-resolution reference grid were assigned to the nearest model cell within 125 km. Our696

gridded estimate of global terrestrial coverage (16.8% for protected areas alone and 17.9%697

including OECMs) agrees with the coverage published by Protected Planet (17.33%) to within698

0.6 percentage points.699

To account for differences in protection strictness, we evaluated the overlap across seven700

cumulative tiers of IUCN management categories:701

• Tier 1: strict nature reserves and wilderness areas (Categories Ia and Ib).702
• Tier 2: adding national parks (Categories I–II).703
• Tier 3: adding natural monuments or features (Categories I–III).704
• Tier 4: adding habitat and species management areas (Categories I–IV).705
• Tier 5: adding protected landscapes and seascapes (Categories I–V).706
• Tier 6: adding protected areas with sustainable use of natural resources (Categories I–VI).707
• Tier 7: all sites, including protected areas without a reported IUCN category and OECMs.708

Coverage was calculated as the fraction of refugia area falling within protected areas or709

OECMs at each tier. To assess geographic disparities, results were disaggregated into the seven710

Protected Planet regions: Africa, Asia, Europe, South America and the Caribbean, North711

America, Polar, and West Asia.712

To propagate uncertainty in the model’s biological parameters, we repeated the intersection713

for each of the 100,000 simulations, each with its own refugia mask. For each simulation, we714

computed the total refugia area and the area outside any protected area or OECM. We report715

the median of these 100,000 outcomes and their interquartile range (25th–75th percentiles),716

so that the reported protection gaps, globally and by region, reflect uncertainty in species’717

thermal breadths and environmental sensitivities.718

Protection of stable versus unstable land across IUCN categories719

To test whether macroevolutionary refugia are associated with greater conservation coverage,720

we partitioned all land cells (excluding Antarctica) into stable (CS > 20 Myr) and unstable721

(CS < 20 Myr) classes and compared their protected fractions across the seven cumulative722

IUCN tiers defined above. For each class c and tier t, coverage was calculated as the protected723

share of that class’s total area,724

covc,t = 100×

∑

i mi,c ai fi,t
∑

i mi,c ai
(20)

where ai is the land area of cell i, fi,t is its protected fraction at cumulative tier t, and mi,c is725

a binary membership indicator taking the value 1 if cell i belongs to class c and 0 otherwise.726
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The protection gap was defined as the difference in coverage between the two classes,727

gapt = covstable,t − covunstable,t, expressed in percentage points; a positive gap indicates that728

stable land is better protected than unstable land at that tier. We additionally computed729

the marginal contribution of each IUCN category as the first difference of coverage between730

consecutive tiers, which isolates how much each category adds to the coverage of each class.731

Uncertainty was propagated from the full ensemble of 100,000 parameter combinations. We732

recomputed the stable/unstable partition independently within each simulation, and evaluated733

equation 20 separately for each. Central values are reported as the median across simulations734

of the statistic itself, with uncertainty as the 25th–75th percentiles of the same distribution.735

The gap was taken as the median of the per-simulation gap rather than the difference of the736

two medians, so reported gaps are not exactly additive with the reported coverages. As a737

non-parametric measure of consistency, we also report the proportion of simulations in which738

the gap was positive at each tier.739

Protection priority index740

The Protection Priority Index (PPI) was computed for each land grid cell i as the product741

of a stability value term and a protection shortfall term, PPIi = vαi g
β
i , with α = β = 1. It742

can be read as the marginal conservation return of protecting an additional unit area in that743

cell. The value term vi ∈ [0, 1] is the area-weighted percentile rank of the cell’s ensemble-744

mean cumulative stability (CS) among all retained land cells, obtained from an area-weighted745

empirical cumulative distribution function (mid-rank convention, linearly interpolated between746

nodes). Cells with zero land area or undefined CS were omitted, as were those within the Andean747

and Himalayan exclusion masks. The protection term pi ∈ [0, 1] was derived from WDPA748

coverage. We first isolated the fraction of each cell under each IUCN management category,749

fi,k, assigning overlapping protected areas to the strictest category. We then summed these750

fractions weighted by an assumed effectiveness factor wk (1.00 for categories Ia–Ib and II, 0.90751

for III, 0.80 for IV, 0.50 for V and VI, and 0.25 for unassigned areas): pi = min(1,
∑

k wkfi,k).752

The protection shortfall is gi = 1− pi. The PPI therefore ranges from 0 to 1 and is high only753

where land is both highly stable and poorly protected.754

Regional PPI was computed as the area-weighted mean of cell values within each region;755

Antarctica was excluded from the global summary and from the regional ranking. To propagate756

stability uncertainty, the value transform was held fixed and the CS field of each of the 100,000757

ensemble members was mapped through it; the shortfall term does not depend on CS and was758

held constant. Regional PPI is reported as the ensemble median and interquartile range. We759

tested the robustness of the regional ranking to the index’s construction by recomputing it with760

greater weight on stability (α = 2) or on the protection gap (β = 2), with protection restricted761

to categories I–IV, and with all protected areas weighted equally. For readability, PPI values in762

figures and tables are multiplied by 100.763
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Extended Data Figure 1: Global vector difference maps between tectonic and climate
velocities at 5 Myr time intervals spanning the last 60 Myr. The arrows denote the net
directional trajectory of the vector difference (vdiff) and the underlying colour gradient represents the
absolute magnitude of this divergence in km/Myr. A critical implication of this vector relationship
is that thermal mismatch is maximized when tectonic and climate velocities are moving in opposite
directions. Conversely, if a plate and its climate envelope are moving in the same direction at similar
speeds, the resulting vdiff approaches zero, indicating a stable local environment despite high absolute
global velocities.
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Extended Data Figure 2: Plate motion reshapes terrestrial thermal refugia, with a net
destabilising effect consistent with randomly oriented drift. Cumulative stability (CS) over
the past 60 Myr was computed twice for every terrestrial cell, differing only in thermal forcing: the
Lagrangian run uses the temperature change along each parcel’s reconstructed trajectory (|DT/Dt|),
the Eulerian run the change at its position had it not moved (|∂T/∂t|). The resource channel is identical,
so ∆CS = CSLagrangian − CSEulerian isolates the thermal effect of tectonic transport. a, ∆CS on a 1◦

grid masked to modern land, excluding Antarctica. Red, continental drift added stability; blue, drift
removed it. Drift lowers CS on average (mean −0.65 Myr, IQR −2.63 to +1.03 Myr) but raises it in 39%
of land cells. b, Refugium status under a 20 Myr threshold. Red cells qualify only because the parcel
moved (3.91× 106 km2); blue cells would have qualified had it remained stationary (8.21× 106 km2), so
continental drift removes about twice the area of refugia it creates. c, Cell-wise comparison against the
1:1 line, with cells that change status in colour. d, Null distribution of mean ∆CS from 1,000 replicates
that preserve parcel speeds but randomise drift direction coherently in space and time; dotted lines
mark its 95% interval (−2.14 to 0.00 Myr). The observed value (−0.66 Myr, red; two-sided p = 0.51)
lies within it: the loss of stability is consistent with drift of the same speed in any direction, and its
orientation relative to Cenozoic climate gradients is indistinguishable from random.
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Extended Data Figure 3: Sensitivity of the bounded versus unbounded verdict across the
generalist–specialist continuum. Each panel shows the percentage of simulations in the parameter
ensemble meeting a given criterion, as a function of thermal sensitivity (kT , vertical axis) and resource
sensitivity (kE , horizontal axis); low values denote generalists and high values specialists. Rows are
taxa (top to bottom: amphibians, reptiles, birds, mammals). Column pairs correspond to three criteria:
the AIC verdict on the marginal fits (a–b, g–h, m–n, s–t), the spatial block cross-validation verdict
(c–d, i–j, o–p, u–v), and the proportion of simulations showing a genuine ceiling, defined as a bounded
win accompanied by saturation within the observed stability range (e–f, k–l, q–r, w–x). Within each
pair the left panel is the thermally limited regime and the right panel the resource-limited regime.
White dotted lines mark the 50% isoline, at which the two model families are selected equally often.
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Extended Data Table 1: Variables, parameters and units

Symbol Description Units Value / range

Velocities and thermal rates

vtec Plate (tectonic) velocity km Myr−1 –

vclim Climate velocity (isotherm displacement) km Myr−1 –

vdiff Velocity difference, vclim − vtec km Myr−1 –

∇T Spatial temperature gradient ◦Ckm−1 –

∂T/∂t Eulerian rate of temperature change ◦CMyr−1 –

DT/Dt Lagrangian rate of temperature change (signed
thermal mismatch)

◦CMyr−1 –

∆Ti Temperature change over a step ◦C –

L Kinematic lag km Myr−1 –

Biological capacities (conceptual framework only)

Vdisp Dispersal velocity km Myr−1 0a

radpt Rate of thermal adaptation ◦CMyr−1 0a

Thermal stability
Si Instantaneous thermal stability – 0–1
∆Tbreadth Representative thermal niche breadth ◦C 2–10
kT Thermal sensitivity constant – 1–6

Resources

Bi(t) Vegetation biomass density g Cm−2 –

B95 95th percentile of B (all parcels and steps) g C m−2 –

∆Bi(t) Biomass change over a step g Cm−2 –
δi(t) Relative biomass decline – –
ρ Resilience tolerance (fraction of prior biomass) – 0–0.1

∆Bloss
i (t) Biomass decline beyond tolerance g Cm−2 –

kR Resource sensitivity constant – 1–3b

Ri Resource retention factor – 0–1

Bthresh Ecological capacity threshold g Cm−2 (0.15–0.23)B95

min(1, Bi/Bthresh) Ecological capacity limit – 0.01–1

Stability metrics
ISi(t) Interval stability gain Myr 0–5
CSi(t) Cumulative stability Myr 0–60

Notes: Bold symbols denote horizontal vectors; – in the Units column denotes a dimensionless quantity.
∆Bi(t) = Bi(t) − Bi(t − ∆t); δi(t) = −∆Bi(t)/Bi(t − ∆t); ISi(t) = Si min(1, Bi/Bthresh)∆t. Ranges for ∆Tbreadth,
kT , kR, ρ and the Bthresh fraction were each sampled at ten values (100,000 combinations); reported CS values are

ensemble means. aSet to zero in all analyses, for which L |∇T | = |DT/Dt|. bLog-spaced; all other ranges linearly spaced.

Extended Data Table 2: Marginal Y ∼ ϕ(S) – the bounded vs unbounded test. ∆AIC > 0
favours unbounded. ∆AICeff applies the spatial deflation λ = neff/n.

Taxon n Best unbounded Best bounded ∆AIC ∆AICeff CV winner

Thermally limited

Amphibians 3886 lg_Exponential lg_Logistic −90.5 −0.3 bounded
Reptiles 4222 lg_Exponential lg_Logistic −220.7 −0.6 unbounded
Birds 4237 id_Power id_Logistic −24.2 −0.1 unbounded
Mammals 4222 lg_Exponential lg_Logistic −102.8 −0.3 bounded

Resource limited

Amphibians 4706 lg_Exponential lg_Monomolec +2.5 +0.0 unbounded
Reptiles 6239 lg_Power lg_MichMenten −41.9 −0.1 unbounded
Birds 6201 id_Exponential id_Logistic +3.8 +0.0 unbounded
Mammals 6239 lg_Power lg_MichMenten +38.8 +0.1 bounded
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Extended Data Table 3: Is a bounded win actually evidence of a ceiling?

Taxon AIC says Best bounded satFrac bounded shape unbounded shape

Thermally limited

Amphibians bounded lg_Logistic 0.89 accelerating accelerating ← no ceiling in range
Reptiles bounded lg_Logistic 1.00 accelerating accelerating ← no ceiling in range
Birds bounded id_Logistic 0.77 accelerating accelerating ← no ceiling in range
Mammals bounded lg_Logistic 0.89 accelerating accelerating ← no ceiling in range

Resource limited

Amphibians unbounded lg_Monomolec 0.05 accelerating accelerating
Reptiles bounded lg_MichMenten 0.81 accelerating accelerating ← no ceiling in range
Birds unbounded id_Logistic 0.51 accelerating accelerating
Mammals unbounded lg_MichMenten 0.75 decelerating decelerating

Extended Data Table 4: Variance decomposition and commonality components of the selected partial models.
LMG shares are % of explained variance, while commonality components are in absolute R2 units.

Thermally limited Resource limited

Metric Amph. Rept. Birds Mamm. Amph. Rept. Birds Mamm.

Model Specifications
Model lg_Logistic lg_Logistic id_Logistic lg_Logistic lg_Expon. lg_Power id_Logistic lg_MichM.
Scale log log identity log log log identity log
R

2
tot

0.716 0.849 0.600 0.567 0.413 0.782 0.418 0.421

LMG / Shapley Variance (%)
Time 13.6 20.3 30.6 34.3 31.4 31.8 41.3 41.7
Temp 45.6 53.8 25.6 23.7 21.2 55.3 11.8 15.9
Biomass 40.8 25.9 43.8 42.1 47.5 12.9 46.9 42.4

Commonality Components (absolute R
2)

U(Time) 0.007 0.003 0.044 0.034 0.030 0.015 0.067 0.087
U(Temp) 0.084 0.218 0.005 0.001 0.015 0.196 0.001 0.004
U(Biomass) 0.044 0.004 0.079 0.064 0.110 0.008 0.097 0.108
Shared 0.580 0.624 0.472 0.468 0.260 0.564 0.254 0.223
C(T,N) 0.321 0.142 0.095 0.035 0.015 0.014 0.000 −0.004

C(T,Time) 0.007 0.050 0.006 0.007 0.042 0.298 0.013 0.033
C(N,Time) 0.016 0.004 0.076 0.091 0.069 0.010 0.114 0.047
C(all) 0.237 0.428 0.294 0.335 0.133 0.241 0.126 0.147

Extended Data Table 5: Global land and protection statistics

Total Stable land characteristics

Region
Land

(Mkm2)
Prot.
(%)

Land
(Mkm2)

p25 p75
Prot.
(%)

Unprot.
(%)

Unprot.
area

(Mkm2)

Unprot.
Q1

Unprot.
Q3

Global 128.5 17.8 42.2 22.2 66.7 22.1 77.9 32.86 16.02 53.15
Asia 42.3 11.4 10.9 4.8 19.2 8.5 91.5 9.96 4.48 16.71
Africa 30.2 19.4 11.6 7.2 17.3 22.5 77.5 8.99 5.36 13.65
South America & Caribbean 17.6 35.4 12.7 8.7 16.1 38.2 61.8 7.88 4.81 10.30
North America 21.2 13.5 6.5 1.6 13.2 12.2 87.8 5.73 1.34 11.66
Polar 3.2 30.1 0.0 0.0 0.0 – – 0.00 0.00 0.00
West Asia 8.4 10.8 0.0 0.0 1.0 – – 0.00 0.00 0.88
Europe 5.5 22.6 0.0 0.0 0.0 – – 0.00 0.00 0.01
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Extended Data Table 6: Distribution by protection categories (total vs. stable)

Total categories Stable categories

Region I II III IV V VI Other I II III IV V VI Other

Global 1.7 3.7 0.2 1.5 1.4 3.3 5.9 2.1 4.8 0.3 1.0 1.7 4.5 7.7
Asia 1.6 2.0 0.2 1.5 0.3 4.0 1.8 1.0 2.5 0.2 0.7 0.5 2.5 1.1
Africa 0.6 3.3 0.1 2.4 0.2 2.2 10.7 0.7 6.3 0.1 2.2 0.3 4.5 8.5
South America & Caribbean 2.0 6.0 0.8 0.5 5.2 7.0 14.0 2.7 6.4 0.9 0.4 4.2 7.8 15.9
North America 4.2 3.3 0.1 1.1 1.2 1.3 2.3 4.1 3.0 0.0 0.6 1.5 0.7 2.1
Polar 0.6 29.2 0.0 0.2 0.0 0.0 0.1 – – – – – – –
West Asia 0.4 1.5 0.0 1.2 0.6 4.9 2.3 – – – – – – –
Europe 1.6 1.8 0.1 3.0 6.6 0.3 9.3 – – – – – – –

Extended Data Table 7: Ensemble uncertainty on the stable-
land result (per-simulation median [p25 – p75] across 100,000
simulations).

Metric / IUCN category Median IQR [p25 – p75]

Total stable area (M km2) 42.16 [22.24 – 66.73]

Protected area distribution (%)
Cat Ia+Ib (strict) 2.1 [2.0 – 2.2]
Cat I–II 6.9 [6.3 – 8.2]
Cat I–III 7.2 [6.6 – 8.7]
Cat I–IV 8.2 [7.7 – 9.8]
Cat I–V 9.9 [9.5 – 11.3]
Cat I–VI 14.5 [13.7 – 17.2]
All (incl. uncategorised) 22.1 [20.3 – 27.9]

Extended Data Table 8: Regional protection priority and sensitivity of the regional ranking. Land area,
mean cumulative stability (CS) and protection coverage for each region, with the protection priority index averaged over
the region’s land, weighted by area.

Protected (%)
Ensemble

PPI
PPI (rank) under

alternative index settings

Region
Land

(M km2)
Mean CS

(Myr) All Effective
Median
[IQR] Rank Baseline α = 2 β = 2

I–IV
only

All
equal

Global
(excl. Polar) 121.6 17.5 17.8 10.4

43.7
[30.2–57.3] – – – – – –

South America
& Caribbean 16.7 25.8 36.9 19.5

61.4
[50.5–69.1] 1 61.9 (1) 50.2 (1) 53.0 (1) 69.7 (1) 47.7 (1)

Africa 30.2 18.7 19.4 9.7
47.7

[34.9–59.8] 2 49.0 (2) 33.8 (2) 45.2 (2) 51.0 (2) 44.0 (3)

North America 21.2 16.5 13.5 10.3
44.4

[26.9–59.0] 3 45.8 (3) 29.1 (3) 42.5 (3) 46.6 (3) 44.3 (2)

Asia 39.7 15.8 11.7 7.8
40.4

[26.7–55.4] 4 42.1 (4) 26.2 (4) 39.6 (4) 43.2 (4) 40.4 (4)

West Asia 8.4 12.4 10.8 6.1
26.8

[12.5–46.0] 5 29.6 (5) 10.5 (5) 28.3 (5) 30.5 (5) 28.3 (5)

Europe 5.5 9.4 22.6 11.6
13.7

[5.5–32.3] 6 17.3 (6) 4.3 (6) 15.4 (6) 18.6 (6) 14.7 (6)

Polar 3.2 3.5 30.1 30.0
2.3

[0.7–6.8] – – – – – –

Notes: Protected, all: share of land within any protected area or OECM [36]. Protected, effective: the same share with IUCN categories
weighted by assumed management effectiveness (Methods). Ensemble PPI : median and interquartile range (25th–75th percentiles) across
the simulation ensemble; regions are ranked by the median. Alternative index settings: regional PPI and rank (in parentheses) recomputed
from a single CS field (the cell-wise ensemble median) under the baseline index and four alternatives: stability term squared (α = 2),
shortfall term squared (β = 2), only Categories I–IV counted as protected, and all categories weighted equally. Bold ranks differ from the
baseline. The Andes and Himalayas are excluded throughout; Polar land is excluded from the global row and the ranking.
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