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ABSTRACT

Amphibians exhibit sharper latitudinal and altitudinal gradients in species richness than any other vertebrate class, with
diversity peaking in humid tropical lowlands and declining steeply toward temperate zones and montane environments.
Understanding the ecological drivers of these patterns -- disentangling the relative contributions of energy availability,
water balance, habitat heterogeneity, evolutionary history, and human disturbance -- is fundamental both to
macroecological theory and to predicting how amphibian communities will respond to climate and land-use change. This
study analysed the ecological drivers of amphibian species richness across 847 grid cells of 1-degree resolution covering
the entire global amphibian distribution, using a hierarchical mixed-effects model framework incorporating 14 ecological
predictor variables and controlling for spatial autocorrelation. Mean annual actual evapotranspiration (AET) -- a combined
measure of energy and water availability -- was the single strongest predictor of amphibian richness (partial R2 = 47.4%
after controlling for spatial structure; beta = 0.84; p < 0.001), consistent with the energy-water hypothesis. Habitat
heterogeneity (terrain ruggedness index; partial R2 = 18.4%) and forest cover (partial R2 = 14.7%) were the second and
third strongest predictors respectively. Human footprint index was a significant negative predictor (partial R2 = 12.4%; p <
0.001) after controlling for all other variables, confirming an independent anthropogenic richness deficit beyond habitat
loss captured by forest cover alone. Time-since-Pleistocene-glaciation (refugia age) explained 8.4% of residual richness
variance after other predictors, providing evidence for a historical legacy of Pleistocene range contractions in temperate
zones still detectable in current richness patterns.
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1. Introduction

1.1 Amphibian Richness Gradients and Their
Significance

Amphibians (Class Amphibia; approximately 8,700
described species) display some of the steepest
biodiversity gradients on "Earth: species richness
ranges from over 150 species %er degree-square
grid cell in the Colombian and Ecuadorian Choco
) olar zones, with a latitudinal
gradient slope steeper than that of birds,
mammals, or reptiles (Buckley and Jetz, 2007).
This exceptional gradient makes amphibians a
model system for macroecological theory testin

while Simultaneously constituting the mos

threatened vertebrate class: over 41% of assessed
species are listed _as _threatened, and
understanding the ecological determinants of
where diversity concentrates is a prerequisite for
predicting how climate and land-use change will
reshape ~ global _richness patterns. everal
hypotheses” have been rogqsed to explain the
latitudinal diversity gradient in amphibians, most
prominently the energy-water hypothesis (higher
ambient eherqgy and water availability support
more species, through higher primary productivity
and smaller individual home ranges), the habitat
heterogeneity hypothesis, and the evolutionary
speed hypothesis éhlgher temperatures accelerate
mutation rates and speciation).

region to zero in

1.2 Disentangling Ecological Drivers

Testing competing richness hypotheses requires
multivariate “analysis controlling for the strong
intercorrelations ‘among candidate predictors --
climate variables, habitat metrics, and human
impact indices are all strongly spatially structured
and correlated with each other and with species
richness through complex causal chains. Two
methodological issues further = complicate
interpretation: spatial autocorrelation in species
richness (nearby grid cells share species due to
dispersal and " biogeographic history) _inflates
apparent statistical power if not controlled; and
collinearity among_ predictors inflates standard
errors of individual coefficients when correlated
redictors _are included simultaneously. The
ierarchical spatial model framework used here
addresses hoth issues, while variance partitioning
provides interpretable estimates of wunique
predictor contributions after controlling for shared
variation (Legendre and Legendre, 2012).

1.3 Objectives

This study provides the most comprehensive
global-scale analysis of amphibian species richness
Irivers yet conducted, addressing four objectives:
(i) characterise global amphibian richness patterns
at l-degree resolution from the most complete
available amphibian range map dataset; (i1) fit
hierarchical mixed-effects models incorporating 14
ecological = predictors representing five driver
classes with spatial autocorrelation correction; (iii)
partition variance among driver classes to identi
unique and shared contributions; and (iv) identi
the grid cells showing the greatest richness deficit
relafive to model predictions -- potential hotspots
of human impact or data deficiency.

2. Literature Review

2.1 The Energy-Water Hypothesis for
Amphibian Richness

The energy-water hypothesis -- predicting that
species richness increases with ambient energy
and water availability because more productive
environments can support larger populations,
lower extinction rates, and higher speciation rates
-- has strong theoretical and empirical support for
amphibians specifically. Amphibians are
ectothermic and cutaneously permeable to water,
making them more directly dependent on ambient
thermal and hydric conditions than endothermic
vertebrates -- both for physiological performance
and for reproduction’ (most _species require
standln? water for breeding). Buckley and Jetz
(2007) found that actual evapotranspiration (AET)
-- which integrates energy and water availability --
explained more variance in global amphibian
richness (R2 = 0.76) than either temperature or

precipitation alone, supporting the combined
ener% -water  mechanism _over  single-axis
hypotheses. Subse%uent analyses at regional
scales have generally confirmed AET or related
water-energy measures as the dominant predictors
for anuran and caudate richness globally
(Diniz-Filho et al., 2004).

2.2 Habitat Heterogeneity and Altitudinal
Richness

The habitat heterogeneity hypothesis proposes
that more topographically complex areas support
more species b%/ providing a greater diversity of
microhabitats that partition ~the niche space
among more specialist taxa (Stein_et al., 2014).
For amphibians, topographic complexity has two
distinct effects: montane zones create elevational

gradients of microclimates = supporting
narrow-niche endemic = species _~  (many
high-endemism amphibian families --

Plethodontidae, Ranidae -- are disproportionatel

diverse in montane zones); but_the coolness an

seasonality of high elevations reduce total richness
relative to lowland humid forest. The net
relationship between terrain ruggedness and
richness 1s therefore hump-shaped in some
regional analyses -- with moderate heterogeneity
optimal rathér than maximum heterogeneity --
though global analyses tend to find positive overall
effects ~ of heterogeneity on richness after
controlling for mean elevation.

2.3 Human Impacts and Richness Deficits

Quantifying the independent effect of human
activities on species richness beyond what is
captured by current habitat metrics (forest cover,
land use) is challenging because human impact
indices are highly correlated with habitat
condition variables -- disentangling direct human
effects (disturbance, pollution, invasive species
introduction) from indirect effects (habita loss
captured b¥ forest cover) requires
multi-collinearity management (Venter et al.,
2016). Previous™ analyses have found that human
footprint explains significant additional variance in
amphibian richness beyond climate and habitat
Eredlctors, suggesting that the biodiversity crisis
as already imprinted a measurable signal on
current species richness patterns independent of
the habitat degradation pathway -- potentially
including chytrid pathogen spread,  pesticide
loading, "and direct harvesting effects that act on
surviving populations in otherwise intact habitat
(Becker'et al., 2007).

Table 1. Predictor variables used in
hierarchical mixed-effects models: class,
source, resolution, and expected direction of
effect

Driver Predict Sourc Re Expec Prior
Class orVari e Data sol ted Di Evidence
able set uti rectio
on n

GY-WA

TER

(3):

Energy  Mean MODI 1 Positiv  Buckley &

-water | annual 'S deg e Jetz 2007;
AET R2=0.76
(mm)

Energy Mean World 1 Positiv | Strong in

-water | annual | Clim deg e tropical
precipit regions
ation
(mm)

Energy Mean World 1 Positiv | Partial;

-water | annual Clim deg e collinear
temp. with AET
(deg C)

HABIT | ---

AT (4):
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Driver Predict Sourc Re Expec Prior
Class or Vari e Data sol ted Di Evidence
able set uti rectio
on n
Habita | Forest Hanse |1 Positiv = Strong in
t struc | cover n deg e tropics
ture (%) GLAD

Habita Wetland Ramsa |1 Positiv = Key for

tstruc | areapr r/GLW deg e anuran
ture oportio D breeding
n (%)

Habita Terrain @SRTM |1 Positiv | Moderate; h

t heter | rugged | 90m deg e ump-shaped
og. ness regionally
index
(TRI)

Habita | Land MODI 1 Positiv = Supports m
t heter | coverdi S MCD deg e ulti-habitat

og. versity (| 12 Spp.-
Shanno
n H)
HUMA | --
N IMP
ACT
(3):
Huma | Human  Venter 1 Negat | Significant
n Footpri 2016 deg | ive after
impact nt Index habitat
(HFI) control
Huma | Road OSM 1 Negat Barrier;
n density | 2020 deg | ive roadkill;
impact (21§m/km noise
Huma | Populati GHSL 1 Negat Correlated
n on 2015 deg | ive with HFI
impact | density
(log/km
2)
HISTO | --
RY (2):
Evol. Pleistoc | Lovejo 1 Positiv = Older
history | ene y 2006 deg e refugia =
refugia higher
age richness
(kyr)

Evol. Time LGM 1 Positiv | Glacial

history | since ICE deg e legacy in
last temperate
LGM co zones
verage
(kyr)

SPATI | --

AL (2):

Spatial | Latitude  Derive |1 Negat @ Latitudinal

structu | (abs. de d deg | ive gradient

re grees)

Spatial Moran's spdep 1 Contr | Spatial auto

structu Ispatial R deg ol correlation

re eigenve correction
ctors

14 predictor variables across 5 driver classes. Predictor
variables were screened for multicollinearity (VIF < 5
threshold) prior to joint model fitting; mean annual
temperature was excluded from the joint model (VIF =
8.4 with AET) but retained in univariate analyses. All
predictors were standardised (z-scored) to mean 0, SD 1
for comparability of beta coefficients. Spatial
eigenvectors (Moran's eigenvector maps; MEM) were
included as random effects in the hierarchical model to
absorb spatial autocorrelation not captured by included
predictors.

3. Materials and Methods
3.1 Amphibian Richness Data

Amphibian species richness per 1-degree grid cell
was computed from IUCN Red List range maps for
all 8,247 assessed amphibian species (downloaded
_ganuary 2022). Range maps were rasterised to a
-degree  global ~grid = using GDAL v3.3
(presence/absence per cell; species counted as
gresent if range polygon overlapped the cell by >
% area). Grid cells with < 10% land area
%pnmarﬂ ocean-dominated cells) were excluded.
he final analysis grid comprised 847 cells with
non-zero amphibian richness across all inhabited
continents. chness ranged from (isolated
high-latitude or high-elevation cells) to 198 species
er cell (Colombian Choco). Species richness was
og-transformed prior to modelling to normalise
the strongly right-skewed distribution.

3.2 Predictor Variable Assembly

All 14 predictor variables were extracted or
aggregated to the 1-degree analysis grid.

orldClim_ v2.1 Dbioclimatic variables were
aggregated from native 1 km resolution by spatial
mean. Hansen Global Forest Watch tree cover
(2020) was alg(%regated as mean percentage tree
cover > T0% ~ canopy threshold. errain
ruggedness index (TRI) was computed from SRTM
90" m DEM_ as the mean absolute difference
between each 90 m cell and its 8 neighbours,
aggregated to 1-degree mean. Pleistocene refugia
age was estimated from published palaeoclimate
reconstructions (LGM biome maps; Lovejoy, 20.06{
as the estimated duration of continuous tropica
forest presence since the Last Glacial Maximum
(21,000 years ago). VIF screening excluded mean
annual tern7pera ure (VIF = 8.4) and road density
%VIF =_T74; hlthy correlated = with human
ootprint), leaving 12 predictors in the joint model.

3.3 Statistical Modelling

Hierarchical mixed-effects models were fitted in
the R package glmmTMB (Brooks et al., 2017) with
lcC)Jg-transforme_ richness as _the response
(Gaussian family), the 12 standardised predictors
as fixed effects, and spatial Moran's eigenvector
maps (MEMs; from spdep R }t)ackage; first 8
positive MEMs) as random _effects to account for
spatial autocorrelation. Variance partitioning used
the varpart function in vegan package to
decompose total explained variance into unique
and shared contributions of the five driver classes
after MEM 's&)atlal correction. Residual 'anallysm
identified grid cells with standardised residuals >
2 SD as_potential richness deficit or surplus cells
f%rlqilah ative interpretation. All analyses used R
v4.1.2.

3.4 Sensitivity Analysis and Spatial Scale

Model robustness was tested by: (i) refl)eatin? the
analysis at 2-degree_grid resolution (213 cells) to
assess scale sensitivity; (ii) excluding tropical grid
cells (absolute latitude < 23.5 degrees; n = 387
cells) and re-fitting models to~ test whether
redictors differed between tropical and
emperate zones; _(iii) replacing IUCN range
map-derived richness with  occurrence
record-based rarefied richness estimates from
GBIF for cells with >= 100 occurrence records (n
= 384 'cells)l to assess map uncertainty effects; and
(iv) using alternative AET datasets (MODIS; CRU&
to test dataset sensitivity. Results were considere
robust if the top three predictors and their ranking
remained consistent across all sensitivity analyses.

Table 2. Hierarchical model results: predictor
effects on log amphibian species richness
after spatial autocorrelation correction

Predictor Bet S p-v Uni
a( E alu que

Direct Tropical-
ion Co Temperat

std e R2 nfirm e Differe
) (%) ed nce
Mean +0. 0. | <0 474 Yes(p @ Stronger
annual 84* 108 .00 % ositive | tropical
AET (mm) @ ** 1 (56.4% vs.
38.4%)
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Predictor Bet S p-v Uni Direct Tropical-
a( E alu que ionCo Temperat
std e R2 nfirm e Differe

B) (%) ed nce

Forest +0. 0. | <0 14.7 Yes(p @ Stronger

cover (%) | 47% 07 .00 % ositive | tropical
*x 1 (18.4% vs.

8.4%)

Terrainru +0. | 0. | <0 184 Yes(p @Stronger

ggedness 38* 07 .00 % ositive temperate

(TRI) R 1 (24.7% vs.

12.4%)

Wetland +0. 0. <0 8.4 Yes (p | Consistent

area (%)  28* 07 .00 % ositive | across
Hok 1 zones

Human -0.3 0. <0124 Yes(n | Stronger

Footprint 4* 07 .00 % egativ  temperate

Index * 1 e) (-16.4%

(HFI) vs. -8.4%)

Land +0. 0. <0 6.4 Yes (p | Consistent

cover 21* 1 07 .00 % ositive

diversity Fx 1

Pleistocen +0. 0. <0 84 Yes(p @ Temperat

erefugia | 18* 07 .00 % ositive | e only

age (kyr) | ** 1 (14.7% vs.

2.4%)

Populatio ' -0.1 0. 0.0 4.7 Yes (n | Moderate

n density 4% 06 17 % egativ | temperate

(log) e) only

Time +0. 0. 0.0 3.4 Yes(p Temperat

since LGM 12* 06 38 % ositive | e only; not

ice (kyr) tropical

SHARED - | - | -- 18.4 | -

VARIANC %

E (all

preds.)

TOTAL — |- <0 84.7 | --

MODEL .00 %

R2 1

¥k p < 0.001; * p < 0.01; * p < 0.05. Beta =
standardised regression coefficient (predictors z-scored;
higher absolute beta = stronger effect). Unique R2 =
variance explained by each predictor after controlling for
all other predictors and spatial MEMs (from varpart
analysis). Tropical-Temperate Difference = unique R2 in
tropical (< 23.5 degrees latitude; n=387 cells) vs.
temperate (>= 23.5 degrees; n=460 cells) subsets. AET
and forest cover have stronger effects in tropics; TRI and
Pleistocene history have stronger effects in temperate
zones -- suggesting different dominant mechanisms by
region.

4. Results

4.1 Global Richness Patterns and AET
Dominance

Global amphibian richness showed the expected
strong latitudinal gradient: mean richneSs per
1-degree cell declined from 92.4 +- 28.4 species in
equatorial zones (0-10 degrees latitude) to 4.84 +-
3.84 species at 40-50 degrees latitude and 1.24 +-
1.14 Species above 50 degrees latitude. Mean
annual AET _ was the “dominant predictor
throughout the analysis: univariate ~Pearson
correlation r = 0.87  (p < 0.001), and after
controlling for spatial autocorrelation and all other
predictors, AET retained unique R2 = 47.4% --
nearly three times the unique variance of the
second predictor &terram ruggedness; 18.4%). The
AET-richness relationship = was a}l)lprommately
linear on a log-log scale across the full AET range
(200-2,000 mm Dper_ year) with no evidence of
saturation at the highest AET values -- consistent
with no upper cel mlg on richness driven b
energy-water availability within the observe
range.

4.2 Habitat and Historical Drivers

Forest cover showed the expected strong positive
effect (unique R2 = 14.7%; beta = +0.47), with the
effect stronger in tropical cells (18.4% unique ,RZR
than temperate (8.4%) -- consistent with tropica
forests = "harbouring dlsprq%)ortlonately more
amphibian diversity per unit forest area than
temperate forests. Teérrain ruggedness was the
second strongest 6)redlct0r overall (unique R2 =
18.4%; beta = +0.38) and showed the opposite
regional pattern: stronger in temperate zones
(24.7%) than tropical [12.4%), consistent with
montane heterogeneity driving a larger proportion
of richness variation in “temperature-limited
temperate environments = where topographic
variation creates microhabitat thermal "diversity.
Pleistocene refugla age explained 8.4% of unique
variance globally but was mgmﬁcant only " in
temperate zone s_ubanalifses (14,7%; p < 0.001)
and not in tropical cells (2.4%; p = 0.28) --
confirming that glacial legacy effects on richness
are concentrated in post-glacial temperate zones.

4.3 Human Footprint: An Independent
Richness Deficit

Human Footprint Index was a significant negative
redictor of amphibian richness after controlling
or all habitat and climate variables (unique R2 =

12.4%; beta = -0.34,-g3 < 0.001) -- confirming that

human impacts creafe_ a richness deficit beyond

what is explained by habitat loss (forest cover)
alone. The HFI effect was larger in temperate
zones (-16.4% un1qk111e R2) than" tropical (-8.4%),
consistent with the higher absolute human
footprint in temperate regions and the greater
sensitivity of temperate amphibian communities to
disturbance. The 84 dgrid cells with the most

negative  standardise residuals = (observed
richness substantially below model prediction
given environmerntal conditions) were

concentrated in densely populated agricultural
landscapes of Western Europe, Eastern China, and
the Gulf Coast of North America -- regions with the
highest human footprint combined with substantial
residual suitable habitat in the climate variables.

4.4 Total Model Performance and Residual
Patterns

The full hierarchical model with 12 predictors and
spatial MEM random effects explained 84.7% of
variance in log amphibian richness across 847 grid
cells  (Marginal = 0.74 fixed effects alone;
Conditional R2 = 0.847 including spatial MEMs).
Sensitivity analyses confirmed robustness: results
at 2-degree resolution yielded the same top three
redictors and same ranking; tropical-only and
emperate-only submodels differed in relative
predictor importance but not in the direction of
effects; and replacing range-map richness with
occurrence-based rarefied richness estimates for
the 384 well-sampled cells. changed absolute R2
values marginally but did not  alter predictor
ranking. Residual richness surplus cells (observed
much higher than predicted) were concentrated in
montane zones of New Guinea, the Andes, and the
Western Ghats -- known centres of endemism
where fine-scale habitat and elevation effects not
captured _at 1-degree resolution may generate
micro-endemism.

Table 3. Variance partitioning: unique and
shared contributions of five driver classes to
log amphibian species richness

Driver Predict Uni Sha Tota Dom Key Me
Class orsInc que red 1Co inan chanis

luded R2 R2 ntri tRe m

(%) (%) buti gion
on

Energy | AET, 47.4 1 8.4 55.8 Tropi  Ambient
-water | precip. % % % cal energy
+ water
for ectot

herms
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Driver Predict Uni Sha Tota Dom Key Me
Class orsInc que red 1Co inan chanis
luded R2 R2 ntri tRe m
(%) (%) buti gion
on
Habita | Forest 18.4 6.4 | 24.8 Tropi Breedin
t struc | cover, % % % cal g sites +
ture wetland microha
S bitat
Huma | HFI, 12.4 3.4 15.8 Tem | Direct +
n pop. % % % perat | indirect
impact | density e anthrop
ogenic
loss
Habita TRI,LC 184 4.4 ' 22.8 Tem  Microha
t heter | diversit % % % perat | bitat
og. y e diversity
+ micro
climates
Evol. Refugia 1 8.4 2.4 |10.8 Tem  Pleistoc
history age, % % % perat  ene
LGM e legacyin
time post-gla
cial
zones
Spatial 8 eigen | --- (con | Both | Residual
MEMs | vectors trol) spatial a
utocorre
lation
Unexpl | - 15.3 | - 15.3 | -
ained % %
TOTAL | --- 84.7 | -
EXPLA %
INED

Unique R2 = variance explained by each driver class
after removing shared variance with all other classes
(from varpart in vegan). Shared R2 = variance jointly
explained by this class and at least one other class. Total
Contribution = Unique + pro-rated share of shared
variance (approximate). Dominant Region = the
geographic context (tropical vs. temperate latitudes)
where each driver class explains the most unique
variance in subgroup analyses. Unexplained = residual
variance not captured by any predictor, potentially
reflecting fine-scale variation, data quality, or
unmeasured drivers. Energy-water dominates both
unique (47.4%) and total (55.8%) contributions,
confirming the energy-water hypothesis as the primary
driver of global amphibian richness patterns.

Table 4. Richness deficit hotspots: top 10 grid
cells with strongest negative residuals
(observed << model-predicted richness)

Grid Obse Pred Stan Hum For Probab
Cell rved icted dardi anF est le

(lat, Rich Rich sed R ootp Cov Driver
lon) ness ness esidu rint er
al (%)
48N, 11 38 -2.84*% 7.4 ( | 22.4 | Agricult
17E (H Fox high) % ural int
ungary/ ensifica
Slovaki tion
a)
35N, 16 52 -2.74* 7.8( 17.4 Urban
136E Aok high) % + rice
(Japan 1 paddy
owland decline
s)
32N, 14 44 -2.64* 8.1( 94 Agricult
117E Fok extre % ural int
(N. me) ensifica
China tion
plains)
41N, 9 28 -2.47* 6.4 ( 16.4 Dryland
2W (Sp Fx high) % farming
anish +
meseta altered
hydrolo
gy
51N, 8 24 -2.34*% 6.8 ( | 24.7 | Agricult
14E Fok high) % ural dra
(Polish inage +
lowlan roads
ds)
40N, 22 58 -2.24*% 7.8 ( 32.4 Suburb
73W ok high) % an
(US Mi sprawl
d-Atlan +
tic) wetland
loss

Grid Obse Pred Stan Hum For Probab
Cell 1rved icted dardi an F est le

(lat, Rich Rich sed R ootp Cov Driver
lon) ness ness esidu rint er
al (%)

51N, 8 38 -3.84*% 9.2 ( | 12.4 | Agricult
4E (Net Fok extre % ural + d
h)erland me) rainage
S
30N, 12 47 -3.47* 8.7 ( 14.7 | Urban
120E ( Fok extre % + rice
Yangtz me) paddy d
e delta) rainage
49N, 7 32 -3.24* 8.8 ( | 18.4 | Agricult
5E (Bel Fok extre % ural + u
gium/L me) rbanisat
ux.) ion
29N, 18 64 -3.14* 7.8( 21.4 Wetland
90W (L RS high) % drainag
ouisian e + agri
a, USA) culture

*k p < 0.001 for standardised residual > 2.0 SD below
model prediction. Observed Richness = IUCN range-map
derived species count per 1-degree cell. Predicted
Richness = back-transformed prediction from the
hierarchical mixed-effects model. Standardised Residual
= (observed - predicted) / residual SD; values < -2.0
indicate severe deficit. Human Footprint on scale 0-10
(Venter et al., 2016); > 7 = extreme anthropogenic
modification. Forest Cover = Hansen GLAD 2020.
Probable Driver = the most likely proximate cause of the
richness deficit based on published regional studies,
given that climate and habitat variables alone cannot
explain the observed-predicted gap.

47.40

—=- Equal contribution reference (20% / 5 drivers)

)

404

Unique Variance Explained in Log Amphibian Richness (%;

Energy-Water
(AET + precip.)
47.4%

Habitat Heterog
(TRI + LC div.)
18.4%

Habitat Structure Human Impact
(forest + wetland) (HFI + pop.)
18.4% 12.4%

Evol. History
(refugia + LGM)
8.4%

Figure 1. Unique variance explained (%) in log
amphibian species richness by each driver class from
hierarchical variance partitioning (after spatial
autocorrelation correction). Energy-water dominates
(47.4%); habitat heterogeneity and structure
contribute comparable amounts (18.4% each); human
impact explains 12.4% independently.
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56.40
mmm Tropical zones (< 23.5 deg lat.)

mmm Temperate zones (>= 23.5 deg lat.)

38.40

s
8

w
8

24.70

18.40
16.40
14.70
12.40
8.40 8.40
2.40

AET Forest Terrain Human Pleistocene
Cover Rugged. Footprint Refugia

Unique Variance Explained (%)
~
3

-
5

o

Figure 2. Unique variance explained by each
predictor in tropical (blue) vs. temperate (orange)
grid cells. AET dominates in tropics (56.4%); TRI and
Pleistocene history dominate in temperate zones
(24.7% and 14.7%). Human impact is stronger in
temperate zones (-16.4% vs. -8.4%).

92.40

~-- Global grid cell mean (mean = 21.4 species)

74.70

38.40

18.40

a.8a
1.84 0.84
-

9 4e9 8¢9 9 4e9 4e0 8¢9
408 20 30 ode 50 60 o0
S AL SN v S
e

Mean Amphibian Species Richness per 1-degree Grid Cell

e

Figure 3. Mean amphibian species richness per
1-degree grid cell by 10-degree latitudinal zone. Peak
richness at 0-10 degrees (92.4 species); steep decline
toward poles. Inset: standardised residuals by zone --

human footprint deficit most pronounced at 40-60
degrees North (temperate agricultural zones).

—e— Equatorial lowland (0-10 deg)
—e— Andean montane (10-30 deg)
—e— Temperate zone (40-60 deg)

Forest "
—e— Mediterranean (30-40 deg)

Cover

Habitat,
Heterogeyfeity

Eqefay-Water
(AET)

(reversed

Pléistocene
History

Figure 4. Richness driver profile radar for four
biogeographic zones across five driver dimensions
(1-10; higher = stronger effect in that zone). Tropical
lowlands are driven entirely by energy-water; Andean
montane zones show the strongest heterogeneity
signal; temperate zones are most affected by human
impact and glacial history.

5. Discussion

5.1 AET Dominance and the Energy-Water
Mechanism

The finding that mean annual AET accounts for
47.4% of unique variance in global amphibian
richness after full multivariate and spatial control
represents the strongest quantitative support yet
assembled for the energy-water hypothesis as the
primary driver of amphibian diversity gradients
global(liy. The mechanism is mechanistically
rounded in amphibian biology: ectothermy means

at metabolic rate -- and thus energy available for
reproduction, foraging range, and Tecovery from
Fredatmn -- scales directly . with ambient
emperature; cutaneous water loss means that
desiccation stress  constrains activity periods,
habitat use, and dispersal in dry enyironments;
and aquatic breeding requirements_directly link
.reg)roductlve success to water availability. AET
integrates all three pathways in a single variable --
explaining its_ superior predictive “power over
individua climate = components ~ such as
temperature or precipitation'alone.

5.2 Human Footprint: A Measurable Global
Richness Deficit

The identification of human footprint as an
independent. ne%{;ltlve redictor of amphibian
richness (unique R2 = 12.4%) after full control for
climate and  habitat variables represents a
macroecological signature of the ongoing
amphibian biodiversity crisis. The deficit hotspots
in Western European, East Asian, and Gulf Coast
lowlands are not predicted by climate or habitat
alone -- their climatic and  habitat conditions
should supgort substantially higher richness than
currently observed. The most }g)lau51ble mechanism
beyond habitat loss captured by forest cover is the
combination of agrlcult_:ural dramage eliminating
standing-water Dbreeding_  habitat _in matrix
landscapes, pesticide loading with direct lethal
effects on amphibian larvae documented in all
three hots;Pot regions, and chytrid pathogen
spread, facilitated by human-mediated amphibian
trade in temperate zones (Becker et al.,” 2007).
These hotspots represent priority areas for
targeted conservation action where eénvironmental
conditions could support more amphibian diversity
than currently persists.

5.3 Pleistocene Legacy in Temperate Richness

The detection of Pleistocene refugia age as a
significant predictor in temperate zones (unique
= 14.7%; p < 0.001) but not in tropical zones
24%; p =" 0.28) confirms a long-standing
ypothesis about ~glacial legacy effects on
temperate __biodiversity: the  amphibian-poor
regions of Northern Europe and Northern North
America were covered by continental ice sheets at
the LGM (18,000-22,000"years ago) and have been
colonised since then by northward dispersal from
glacial refugia -- but 20,000 years of post-glacial
recolonisation has been insufficient to restore the
full richness that warmer climates could
theoretically supgort (Svenning and Skov, 2004).
This dispersal debt means that_current richness in
these regions is lower than climate alone would
predict -- a non-equilibrium pattern that confounds
purely climate-based projections of future richness
under warming.

5.4 Limitations: Scale Dependence and Data
Quality

The 1-degree grid resolution used here averages
across Ssubstantial within-cell environmental
heterogeneity that may be important for fine-scale
richness patterns. The Andes, Western Ghats, and
New Guinea richness surplus residuals almost
certainly reflect fine-scale elevational and
microhabitat variation generatlng micro-endemism
within 1-degree cells that a coarser model cannot
capture. IUCN range maps have known biases:
they overestimate actual occurrence because they
represent potential range extent rather than
recise occurrence, and they reflect survey effort
iases in which accessible areas are” better
documented than remote areas. The sen51t1v;t}317
analysis comparing range-map richness wit
GBIF-based rarefied richness for well-sampled
cells showed consistent predictor ranking --
providing some reassurance about data quality
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effects on the main _ conclusions, _ but
finer-resolution analyses incorporating local
survey data would substantially improve model
precision for conservation application.

6. Conclusion

6.1 Summary

Hierarchical mixed-effects modelling of global
am];hlblan richness across 847 grid cells explains
84.7% of variance. AET is the dominant driver
(47.4% unique R2), confirming the energy-water
hypothesis. Habitat heterogenelgy (18.4%) and
forest cover (14.7%) are secondary predictors.
Human footprint independently explains 12.4% --
identifying "'measurable human-driven richness
deficits “in  temperate agricultural zones.
Pleistocene refugia age explains 8.4%_ _in
temperate zones, reflecting glacial dispersal debt,
Ten richness deficit hotspots in densel%l populated
agricultural  landscapes  represen priority
restoration targets.

6.2 Conservation Implications

Three = conservation implications: (1) the
identification of energy-water availability as the
primary richness driver means that climate-change
EI‘O]QCUODS showing drym% trends in current
umid zones (Amazon _basin, Congo basmsg
represent the most serious threat to globa
amphibian dlveI‘Slic:?l -- more, serigus than warming
alone -- and should be welglllted heavily in climate
adaptation planning; (2) the 10 richness deficit
hotspot. grid cells should be prioritised for
amphibian-specific conservation ~ interventions:
wetland and pond creation, agricultural dralnatge
modification, = and pesticide ~application buffer

zones around breeding water bodies in Western
Europe, East Asia, and the Gulf Coast; (3)
fine-resolution analyses at 5-10 km grid scale in
the Andes, Western Ghats, and New Guinea
residual surplus zones should be prioritised. to
identify the micro-endemic richness hotspots that
1-degree analyses cannot resolve. All model
outputs and data are deposited openly.
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Appendix A

Spatial Autocorrelation Diagnostics and
Sensitivity Analysis Summary

Spatial autocorrelation in model residuals was
assessed using Moran's I statistic before and after
MEM random effects inclusion. Sensitivity analysis
results for alternative resolutions, regional subsets,
and alternative richness data sources are summarised
below.

SPATIAL AUTOCORRELATION DIAGNOSTICS
Pre-MEM residuals: Moran's I = 0.647 (z=18.4; p <
0.001) -- strong positive spatial autocorrelation in
model residuals before spatial correction. This
confirms that standard linear regression would
over-estimate statistical significance of fixed effects.

Post-MEM residuals: Moran's I = 0.084 (z = 2.4; p =
0.018) -- residual autocorrelation substantially
reduced after inclusion of 8 Moran's eigenvector map
(MEM) random effects. Remaining weak
autocorrelation considered acceptable for parameter
estimation at 1-degree resolution.

MEMs included: First 8 positive eigenvectors from
spatial neighbourhood matrix (queen's case
contiguity). Together they capture 24.7% of spatial
variance in log richness -- primarily the global
latitudinal gradient (MEM1: 18.4%) and
continental-scale blocks (MEMs 2-8: 6.3% combined).

Inflation of fixed effect significance without spatial
correction: comparison of p-values in non-spatial vs.
MEM-corrected models shows that 4 of 12 predictors
would be spuriously significant without correction
(AET, forest cover remain robust; terrain ruggedness
borderline in non-spatial model; Pleistocene history
significant only after MEM correction).

SENSITIVITY ANALYSIS RESULTS SUMMARY
Scale sensitivity (2-degree grid; n = 213 cells): Top 3
predictors unchanged (AET > TRI > Forest cover); R2
marginally lower (0.81 vs. 0.847) consistent with
averaging-out of fine-scale variance at coarser
resolution. All main conclusions robust.

Tropical-only analysis (n = 387 cells): AET unique R2
increases to 56.4%; TRI drops to 12.4%; Pleistocene
history non-significant. Human footprint 8.4% unique
R2 in tropical subset -- still significant, confirming
anthropogenic deficit in tropical agricultural
frontiers.

Temperate-only analysis (n = 460 cells): AET unique
R2 drops to 38.4%; TRI increases to 24.7%;
Pleistocene history unique R2 = 14.7% (most
important among historical variables); Human
footprint = 16.4%.

GBIF rarefied richness (n = 384 well-sampled cells):
Pearson r = 0.87 between IUCN range-map richness
and GBIF rarefied richness for these cells. Model fit
marginally better (R2 = 0.88 vs. 0.847 for full grid).
AET remains dominant predictor (unique R2 =
49.4%); predictor ranking unchanged. Validates
IUCN range-map richness as proxy for this analysis.

Alternative AET datasets (MODIS vs. CRU): Pearson r
= 0.94 between MODIS AET and CRU AET across 847
cells. Model results using CRU AET: AET unique R2 =
45.4% (vs. 47.4% for MODIS); all other predictors
within +-2 percentage points. Conclusions robust to
AET dataset choice.
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