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Title: Emergent properties and robustness of species-habitat networks for global
terrestrial vertebrates

Running title: species-habitat networks of terrestrial vertebrates

Abstract

Aim.

Habitat loss is the dominant cause of biodiversity decline around the world, yet the
complexity and stability of terrestrial assemblages related to suitable habitats have
been almost unknown on a global scale.

Location.

Global.

Time period.

Contemporary.

Major taxa studied

Mammalia, Aves, Reptilia, Amphibia.

Methods

We constructed gridded maps of species-habitat networks of terrestrial vertebrates
based on global species distributions and a recently-developed habitat type dataset.
Then we investigated the biogeographic patterns of emergent network structures and
analyzed network robustness to habitat loss by simulating habitat removals on a
global scale.

Results

We found that, compared with reptiles and amphibians, the species-habitat networks
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of mammals and birds were characterized by higher habitat diversity, connectance and
modularity. All four taxonomical groups have high robustness globally, but after
adjusting for species and habitat diversity, we found a variation of surplus and
deficiency of network structures and robustness. Temperature and precipitation
contributed most to relative network robustness globally, whereas geographical and
human population factors played important roles in scattered regions on all continents.
Main conclusions

Overall, we provide novel insights into the biogeographic patterns of species-habitat
connections through a network approach, which can help to identify gaps for
reestablishing species-habitat links to improve conservation outcomes.

Keywords: species-habitat network, network structure, habitat loss, robustness,

biogeography, macroecology
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Introduction

Global biodiversity is declining at unprecedented rates in human history, with several
studies suggesting we are in the middle of a sixth mass extinction event (Barnosky et
al., 2011; Ceballos et al., 2015; Cowie et al., 2022). The massive loss of species
threatens natural ecosystem function and stability, with widespread consequences for
humans and other life on Earth (Raftfaelli, 2004; Potts et al., 2010). Losing habitat for
a species can commit the species to extinction (Brooks ef al., 2002), and it is well
known that habitat loss has become the dominant driver for biodiversity loss
worldwide (Giam et al., 2010; Pimm et al., 2014; Powers & Jetz, 2019). Therefore,
increasingly habitats themselves are in the center of conservation focus (Jung ef al.,
2020; Keith et al., 2022), and it is essential to know how species are connected to
different types of habitats.

Species exhibit significant variation in their ranges, giving rise to broad-scale
patterns in species richness along environmental gradients (Rahbek, 2005; Fine,
2015). Given that species have habitat preferences and can only persist in their
suitable habitats, species’ geographical ranges (such as spatial ranges from [UCN) can
be refined by their preferred habitats, known as area of habitat (AOH) (Brooks et al.,
2019; Jung et al., 2021). Habitat diversity, defined as the number of habitats in each
territorial unit (Rosenzweig et al., 2003; Hortal ef al., 2009), has been recently
highlighted as a spatially explicit aspect of biodiversity, which drives species diversity
across a variety of taxa. Similar to species richness, habitat diversity itself also varies

with environmental conditions (Cervellini ez al., 2021). Although global patterns of



59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

7

78

79

80

both species and habitat diversity have been well investigated, the interactions
between them are largely unknown from a biogeographic perspective, and a
biogeographic network approach or thinking might facilitate further understanding of
this relationship.

Species-habitat networks have recently been investigated in studies conducted on
small spatial scales where complete species assemblages were sampled across sites
(Nardi et al., 2019; Astudillo et al., 2020; Palmeirim ef al., 2022). However, large-
scale studies can help to reveal the spatial variation of biodiversity broad-scale
ecological patterns and processes along geographic gradients (McGill, 2019). Metrics
of network structure, mostly utilized in previous studies on species interactions, can
also inform biodiversity assessments at broader scales (Doherty et al., 2023). A classic
index of network complexity is connectance, defined as the actual number of links
divided by the number of possible links. It was shown the richness- and connectance-
related structures were uncorrelated in space and were driven by different
environmental factors in European food webs (Braga ef al., 2019). Other network
emergent properties such as modularity also exhibited significant spatial variations
globally and were mediating community resilience to disturbance (Liu et al., 2021). In
a similar context, species and their habitats, in terms of their occurrence and amount,
are both expected to vary globally with natural conditions and human disturbance
(Rahbek, 2005; Fine, 2015; Cervellini ef al., 2021), which inevitably leads to spatial
variation of multi-level structures of species-habitat networks. For example, species-

level habitat specialization can imply how species use a range of resources across
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multiple habitat types, and connectance can indicate whether a species-habitat
network is dominated by habitat generalists or specialists (Lami et al., 2021).
Ultimately a network approach could thus lead us towards a better understanding of
community responses to habitat composition and changes. Currently, the broad-scale
variations of species-habitat networks and the associated drivers have not been
investigated, leading to a knowledge gap on how terrestrial community respond to the
global threats of species habitats from climate change and human encroachment.
Based on global species distribution and a recently-developed habitat type
dataset (Jung et al., 2020), we constructed gridded maps of species-habitat networks
of terrestrial vertebrates and investigated the biogeographic patterns of network
structures and robustness on a global scale. Here, a species-habitat network refers to a
bipartite network with two sets of nodes: species and their suitable habitats (Fig. 1a-
e), and network robustness refers to species’ capacity to withstand the removal of
habitats in a network. Because of their distinct physiological systems and behavioral
flexibility, the four major classes of terrestrial vertebrates have adapted to various
habitats and might exhibit different degrees of habitat generalism/specialism across
the globe, which might shape the organization of species-habitat links in different
ways. Thus we expected taxonomical classes to differ in the average levels and spatial
patterns of network structures. The robustness can be indicative of the tolerance of
species pools subject to habitat disturbance, and we expect that robustness varies with
environmental gradients due to the heterogeneous spatial distribution of species. Thus,

we also mapped network robustness and identified the dominant environmental
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factors affecting them on the global and regional scales.

Methods

Construction of terrestrial species-habitat networks

Similar to the habitat refinement of species distribution undertaken by Jung et al.
(2021), we formatted the connections between species and habitats as bipartite
networks through habitat preference (Fig. 1a). The two parties of nodes in a network
are species and habitats respectively.

The spatial range data of mammals and amphibians were retrieved from the
International Union for Conservation of Nature (IUCN, 2022). The spatial range data
of birds was requested from BirdLife International (2023), which was compiled by
BirdLife International and Handbook of the Birds of the World. The spatial range data
of reptiles was obtained from GARD 1.7 dataset (Global Assessment of Reptile
Distributions), which is an updated version of global reptile distributions and collated
from various sources and had expert validation and curation (Roll ef al., 2017). All
vertebrate spatial range maps were pre-processed following common practice by
selecting only those parts of a species’ range where (1) it is extant, (2) it is native,
reintroduced or assisted colonization, and (3) it is resident or breeding distribution
(Jetz et al., 2012; Jenkins et al., 2013). We focused on terrestrial vertebrate species
and subsequently excluded those that live only in marine habitats. The nonbreeding
ranges and extinct species were also excluded.

We used a recently developed global habitat database with a spatially explicit
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characterization of terrestrial habitat types (Jung et al., 2020). The terrestrial habitat
classes were delineated by intersecting data on land cover, climate and land use, and
they are in the broadest sense consistent with [IUCN classification, and can assist with
the quantification of area of habitat estimates (Brooks et al., 2019). The habitat data
have two levels: level 1 and level 2 (see Table S1 for details). For example, ‘1. Forest’
is a level-1 habitat, and the level-2 habitats include ‘1.1. Forest — Boreal’, ‘1.2. Forest
— Subarctic’, ‘1.3. Forest — Subantarctic’, ‘1.4. Forest — Temperate’, etc. Because
level-1 data led to very few habitat nodes (mostly one node) at 1-degree grid cells and
provided little information on species-habitat links, we used the level-2 habitats as
habitat nodes for constructing species-habitat networks.

The species-habitat networks were built at 1-degree grid cell which was common
in previous global-scale studies, providing a compromise between omission and
commission errors in the range maps (Jetz ef al., 2008) as well as allowing a sufficient
number of habitat nodes to construct networks along environmental gradients. By
matching the species spatial range maps and the habitat map, we generated the species
pool and habitat composition in each grid cell. A habitat with less than 0.01% of the
area was removed from each cell, which excluded those species with unrealistic areas
of habitats. To test the sensitivity of our results to area thresholds, 1% and 0.0001%
were also considered. Then, according to the species’ preferred suitable habitat types
from the IUCN Red List, the species nodes and habitat nodes were linked to form
bipartite species-habitat networks for each vertebrate class in grid cells. The species or

habitats that had no links were removed from the grid cells.
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Network structure metrics

In this study, we investigated the interlinkages between species pools and the
occurrence of their habitats at a macroecological scale. In contrast to studies that
quantified species interaction networks, we used network metrics to calculate where
and how species were interlinked with habitats. Network size was usually the number
of all nodes in networks. However, species nodes and habitat nodes have distinct
ecological meanings, and adding them together made little ecological sense. We
therefore used habitat diversity (number of habitat nodes) and species diversity
(number of species nodes) as two components of network size for a species-habitat
network. Preliminary analysis indicated habitat diversities (H) were moderately
correlated with species diversities (S) (Pearson correlation = 0.6 for mammals, 0.69
for birds, 0.6 for reptiles, 0.53 for amphibians, all P < 0.001) and have been already

mapped in previous studies (www.iucnredlist.org) (Fig. S2). Thus, we mapped the

relative habitat diversity in each cell using the residuals from the regression, habitat
diversity ~ rarity-weighted species diversity. The rarity-weighted species diversity
combines endemism and species diversity (Fig. S2), calculated by summing the rarity
values of all species in a cell. For each species, the rarity value is the proportion of the
species' range contained within that cell. The maps of relative habitat diversity
showed the areas where one would expect fewer or more habitats according to the
number of geographically rare (small-ranged) species.

We then measured network connectance and modularity that were commonly

used in literature and showed relationships with network robustness (Dunne et al.,
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2002; Landi et al., 2018; Liu et al., 2021; Palmeirim et al., 2022). Connectance was
measured as the realized proportion of species-habitat links (L) given all species
occurred in all habitats, C = L/ (SxH). A network with high connectance was
dominated by habitat generalists, and one with low connectance was dominated by
habitat specialists. In realistic networks like food webs and bipartite mutualistic
networks (Yodzis, 1980; Thébault & Fontaine, 2010), connectance is often negatively
correlated to network size, thus comparison of this metric needs to take the
dependence on network size into account (Bengtsson, 1994). Our preliminary analysis
found connectance was also strongly correlated to species and habitat diversity, so we
performed log-regression of the connectance against species diversity, habitat
diversity and their interaction terms, and used the residuals to represent the relative
connectance, which represents the degree of the higher or lower connectance than
expected for network size. Modularity tests the tendency of whether a network can be
divided into subgroups in which the nodes strongly interact among themselves
compared to other nodes within the network (Newman, 2006) (Fig. 1f). It has been
shown to buffer the spread of a perturbation across the entire network (Gilarranz et
al.,2017), and thus could potentially buffer species extinctions from habitat loss in
species-habitat networks. We performed modularity analysis by using
computeModules from the bipartite package in R software (Dormann et al., 2008;
Beckett, 2016). Because modularity is not only related to network size and links, but
also related to nodes’ degree sequences, we standardized modularity relative to null

models by calculating the relative modularity (Sebastidn-Gonzélez ef al., 2015; Liu et
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al., 2021), (observed modularity - pnui)/ pnun, Where the pnun represents the mean of
modularity values from 100 null models. We chose to use the “quasiswap” null model
that generated random networks while preserving the degrees for both species and
habitat nodes, from the “vegan” package in R software. This null model is also called
fixed-fixed algorithm for randomizing matrices and often used in bipartite network
studies investigating modular patterns (Olesen et al., 2007; Thébault, 2013). To test
the sensitivity of modularity to null models, we also applied two other null models:
the “r1” null model algorithm preserves row totals (species number in each habitat)
and uses column totals as probabilities of selecting species (species’s habitat
generalism); the “c1” null model algorithm preserves column totals (habitat number
for each species) and uses row totals as probabilities of selecting habitat. The other
two null models can potentially create degenerate matrices, that is, matrices in which
one or more rows or columns are empty.

Robustness to habitat loss

Robustness is a widely used topological stability measure indicating the resilience of a
network to node loss (Landi ef al., 2018). The network robustness in this study was
interpreted as how the proportion of remaining species changed after the simulated
removal of habitats from the species-habitat network (Fig. 1g). We assumed that a
species went extinct in a given grid cell if all its suitable habitats were lost and a
losing habitat type could not be recovered or replaced by other suitable habitats
during the simulation. To assess this, we tested both random and sequential removal

scenarios. The random scenario was tested as a baseline, in which the habitat was



213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

removed randomly each time until no habitat existed. The sequential scenarios were
applied by removing habitats ordered by the total area of each habitat: one from the
lowest to largest ones (small-to-large) and the other from the largest to lowest ones
(large-to-small). Because large-sized habitats are thought to be more important for
species persistence than small ones, they are usually better maintained and less
disturbed (Tulloch et al., 2016). To put it another way, smaller habitats are easier to
lose than larger ones. Therefore, we assumed the low-to-large scenario was more
realistic than the large-to-small and random scenarios, and focused on the robustness
of this scenario in the following analysis. The raw robustness is calculated as the area
below the species extinction curve (Fig. 1g).

Because the robustness was highly correlated with species and habitat diversity,
its spatial pattern was redundant with that of diversities. We defined the relative
robustness using the residuals of regressions of robustness against species diversity,
habitat diversity and their interaction terms. The relative robustness revealed the
surpluses and deficits compared to the expected robustness of species pools with
given species and habitat diversity, indicating whether a species pool would face
lower- or higher-than-expected tolerance to habitat loss.

Environmental variables

We used climatic, geographical and human population density to test the spatial
change of relative robustness on environmental gradients. The 10-minute maps of
climate variables including annual mean temperature (in degrees Celsius), annual

precipitation (in millimeters), temperature seasonality, and precipitation seasonality
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were downloaded from worldclim.org. The 30 arc-second elevation data (in meters)
was downloaded from GLOBE database (Hastings ef al., 1999). The topography was
measured by the terrain ruggedness index, which is the mean of the absolute
differences in elevation, downloaded from Amatulli ef al. (2018). The 1-degree
human population density (persons per square kilometers) data for the years 2000,
2005, 2010, 2015, and 2020 were downloaded from SEDAC database (GPWv4,
2016). The mean value of human densities over 5 timeslices in each cell was
calculated to indicate average human disturbance over the last two decades. All the
maps of environmental variables were downscaled to the spatial resolution of species-
habitat networks.

Statistical analysis

We have three parts of statistical tests. First, we used Kruskal-Wallis rank sum test to
test the difference of average network structures or robustness among four taxonomic
classes, followed by Dunn’s tests for multiple comparisons. Second, Spearman
correlation analysis was performed to test the correlation of each network structure
among classes and the correlation among network structures in each class.

Third, random forest (RF) and linear models (LM) were applied to test the
associations of relative small-to-large robustness with environmental variables for
each class of species on the global and regional scales. RF is a commonly used
machine learning model, which has advantages such as nonlinear effect, high
prediction accuracy, and handling high-dimension large datasets in ecology (Prasad et

al., 2006; Cutler et al., 2007). Especially, the variable importance measure in RF can
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be used to subjectively identify ecologically important variables for interpretation. We
used the permutation importance that measures the difference in prediction accuracy
before and after permuting values of the variable, averaged over all trees (Nicodemus
et al., 2010). On the global scale, all available gridded cells were included in the RF
and LM. In both RF and LM, relative robustness was the response variable, and
environmental variables were independent variables. Elevation, ruggedness,
precipitation seasonality and human population density were log-transformed to
reduce the skewness, and temperature seasonality was excluded due to its high
correlation with annual temperature. We also checked that multicollinearity was low
by variance inflation factor (VIF) (all VIF <2.1) in linear models (Table S2). The
fitting performance of RF and LM was evaluated by the coefficient of determination
(R?). Due to the poor fitting of linear models and nonlinear associations detected in
multiple variables by RF models, we focused on the results of RF models. We also
tested the associations between the unadjusted robustness and environmental variables
using RF models with species and habitat diversities as covariates.

We applied the local version of RF models, also called the geographically
weighted random forest model (GWRF), to analyze the spatial variation of dominant
variables determining the relative robustness on the regional scale. The GWREF allows
for the investigation of the existence of spatial non-stationarity in the relationship
between dependent and independent variables. For this algorithm, we chose 100
nearest neighbor cells (bandwidth = 100) and 2000 trees. For global and regional RF

models, we showed partial dependence plots that visualized the relationship between



279  the response variable and environmental variables. The above analyses were

280  performed using the “ranger” and “SpatialML” packages in R 4.1.2 software (Wright
281 & Ziegler, 2017; Georganos et al., 2021; R-Core-Team, 2022).

282

283  Results

284  In total, we mapped 5162 mammals occurring across 49 habitats, 9807 birds in 50
285  habitats, 7944 reptiles in 44 habitats, and 6367 amphibians in 44 habitats around
286  the world (Fig. 1 and Table S1). Forested habitats (such as subtropical/tropical,

287  moist/dry, lowland/montane) were the habitats with most species, followed by

288 artificial terrestrial areas (Fig. S1, including rural gardens, plantations,

289  pasturelands, etc.) and inland wetlands. Overall, Kruskal-Wallis tests suggest all the
290 tested network structures and robustness had significant differences among four
291  classes (P <0.001), and the effect sizes varied with metrics (Fig. 2). On average,
292  reptiles and amphibians had lower habitat diversity than mammals and birds (Fig.
293  2a). On average, the connectance was lowest for birds, and highest for amphibians
294  (Fig. 2b). The average modularity values of birds and mammals were higher than
295  that of reptiles and amphibians by three null models. (Fig. 2¢ and Fig. S3). Finally,
296  there were significant differences among the three scenarios for robustness, ordered
297  as small-to-large > random > large-to-small scenarios (Fig. 2e).

298

299  Spatial patterns of network structures
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The network metrics of species-habitat networks all showed strong spatial variation
globally (Fig. 3, Fig. S4-S6) and were positively correlated among four terrestrial
classes in space (Fig. S7). The areas with high relative habitat diversity were mostly
located in North America (mainly for amphibians and reptiles), Europe and North
Asia, while those with low relative habitat diversity were mainly in Australia, Sahara,
Tibetan Plateau and North Canada (Fig. 3a, Fig. S4), suggesting the habitat types were
fewer than expected for the geographically rare species in these regions.

Connectance was negatively correlated to species and habitat diversity in all four
terrestrial classes (Fig. S8). The relative connectance was mostly close to zero
globally, suggesting most networks had expected connectance levels as species and
habitat diversity predicted. The networks with higher relative connectance were
mainly located in Europe and Africa, while those with lower relative connectance
were mainly located in North and Southeast Asia (Fig. 3b, Fig. S5).

The networks with high relative modularity from the “quasiswap’ null model
were mainly located in the USA, South Asia, East Africa and mountainous areas in
South America for four taxonomical classes, but the reptiles and amphibians showed
lower modularity than mammals and birds in Europe (Fig. 3¢, Fig. S6). The
modularities from the other two null models were positively correlated with that from
“quasiswap” model in spatial patterns (Table S3), but the results from the “r1” null
models were slightly different, with widespread high modularities in North America
and Eurasia for mammals and birds (Fig. S9-S10).

Spatial patterns of robustness
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The unadjusted robustness from three scenarios was positively correlated in space
(Fig. S8 and S11). The small-to-large (unadjusted) robustness was generally high in
most regions (Fig. 4a), and a few species-habitat networks with low robustness were
mainly located in low-diversity areas such as Tibetan Plateau, Sahara, and central
Australia. After adjustment by species diversity and habitat diversity, the relative
robustness showed greater spatial variations worldwide (Fig. 4b). The spatial
variations of relative robustness were weakly and positively correlated among four
classes (Fig. S7e). For mammals and birds, the species-habitat networks with low
relative robustness were mainly located in the Americas and middle-latitude Asia;
Australia has also low relative robustness for reptiles and amphibians (Fig. 4b).

The R? of Global RF models of relative robustness were around 50% in four
taxonomic groups (R? = 52% for Mammalia, 49% for Aves, 52% for Reptilia, and
45% for Amphibia). Annual temperature and precipitation were generally more
important than other variables in affecting relative robustness (Fig. 4c). Annual
temperature showed U-shaped effects for mammals, birds and reptiles, but a complex
wiggled effect for amphibians; annual precipitation showed nonlinear positive effects
except for reptiles; precipitation seasonality showed negative effects in mammals,
birds and for reptiles, but a dome-shaped effect for amphibians (Fig. 5a-c). For
geographical variables, elevation and ruggedness both showed dome-shaped effects
for mammals, reptiles and amphibians (Fig. 5d, ). Human population density mainly
showed dome-shaped effects for all four groups (Fig. 5f). The RF models for the

unadjusted robustness showed similar results (Fig. S12). Linear models suggested
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annual temperature showed negative effects, but annual precipitation showed positive
effects in all four groups; precipitation seasonality showed negative effects in
mammals and birds, positive effect in amphibians, and no effect in reptiles; elevation
and ruggedness showed negative or insignificant effects in all four groups; human
population density showed negative effects in mammals, birds and reptiles, but a
positive effect in amphibians (Table S4).

The regional-scale RFs showed different environmental variables were dominant
in different regions (Fig. 6). Temperature and precipitation were dominant in most
regions around the world, whereas elevation, ruggedness and human population were
dominant in scattered regions on all the continents (Fig. 6, Fig. S13). Along the
latitudinal gradient, annual temperature became increasingly important from the
Southern to Northern Hemisphere, and annual precipitation and ruggedness showed
similar trends before the drops from middle to high northern latitudes; human
population was most important at low northern latitudes for mammals and birds and at

middle northern latitudes for reptiles (Fig. 6, Fig. S14).

Discussion

Biodiversity, in all its dimensions and facets, is tied to habitats, but patterns of
interaction network complexity and topology between species and habitats have never
been investigated on a global scale. For the first time, we have revealed the global
spatial patterns of emergent network properties and robustness to habitat loss in

terrestrial vertebrates by applying the species-habitat network approach. The average
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levels and spatial patterns of network properties suggest the four classes of terrestrial
vertebrates differed in the degrees of habitat specialism and composition. Robustness
analysis further showed that the regional species pools varied in the tolerance to
habitat loss across the world. Temperature and precipitation were the most important
environmental factors affecting robustness globally, becoming increasingly important
from the Southern Hemisphere to mid-high northern latitudes; however, human
population and geography were also crucial in scattered regions worldwide.
Perspectively, these results could help to identify vulnerable regions subject to habitat
disturbance and loss.

Mammals and birds outperform reptiles and amphibians in thermoregulation and
dispersal ability (Hickman et al., 2019), which could explain their difference in
suitable habitat diversity of species-habitat networks. This could also lead to higher
connectance levels of reptiles and amphibians because connectance is usually
negatively correlated to network size in ecological networks (Thébault & Fontaine,
2010). The relative habitat diversity showed most regions had compatible or even
higher habitat diversity for rare species and the four taxa have similar spatial patterns
except for some regions in America. The geographically rare species in the regions
with lower-than-expected habitat diversity may be prone to extinction, such as South
America (for birds), Sahara, and central Australia. Besides, how species connect
habitats is also important. Connectance and modularity have been frequently
investigated in species interaction networks because of their relationships with

community stability and perturbation transportation (Delmas et al., 2019; Mariani et
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al., 2019). In the context of species-habitat networks, these network topologies can
reveal additional information on the species pool’s sensitivity to habitat change. The
species in the regions with low relative connectance tend to be habitat specialists. It is
also expected that the high modularity of species-habitat networks may lower their
risk of systematic collapse due to the buffering capacity of modular structures to
perturbations (Dormann et al., 2017; Gilarranz et al., 2017). Therefore, the regions
with lower connectance and modularity levels may be more vulnerable to habitat
disturbance.

Habitat destruction and degradation have become the dominant factors for
biodiversity loss. Through species-habitat networks, the simulation of sequential
removal of habitats can evaluate the overall risks of species pools under future habitat
loss. We found the robustness levels from the small-to-large scenario (small habitats
losing first) were higher than the random and large-to-small scenarios. This might not
be explained by the classic species-area relationship describes that larger areas host
more diverse species because we assumed a suitable habitat over an area threshold
could hold all the species that were expected to occur in that grid cell. Instead, our
results reflect that small-area habitat types occurred to be inhibited by fewer species
than large-area ones (Fig. S15). Furthermore, it is not surprising or new that the
unadjusted robustness was positively correlated with species and habitat diversity.
However, what is more informative is thus whether a species pool has expected
robustness for its species and habitat diversity. Compared with the generally high

levels of original small-to-large robustness, our maps of relative robustness showed
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many species pools had lower tolerance levels to habitat loss (Fig. 4b), which can
guide the conservation of terrestrial habitats for vertebrates at regional scales.

It has been suggested that various environmental conditions, including climate,
geography and anthropogenic pressure, affected both species and habitat diversity at
large spatial scales (Rahbek, 2005; McCain, 2009; Fine, 2015; Cervellini et al., 2021).
In this study, we found that environmental conditions could also affect the robustness
of species-habitat networks to habitat loss after the adjustment of species and habitat
diversity. The results from random forest models suggest nonlinear associations
between relative robustness and environmental factors, while linear models only
captured parts of those associations with poor fitting performance (all R? < 0.06, Table
S4). The associations between climate and robustness were likely caused by climate-
driven habitat specialization/generalization on the community level, namely, habitat
specialization leads to low robustness to habitat loss, and vice versa. However, two
contrasting hypotheses were proposed to underlie this relationship. On one hand,
extreme climate (high climatic seasonality, low/high rainfall and temperature) might
favor habitat specialists that adapted specifically to stressing environments
(Bastianelli et al., 2017; Rivas-Salvador et al., 2019); on the other hand, mild and
stable environment with high resource availability allow species subdivide the habitat
finely and promote coexistence of more specialized species (MacArthur et al., 1966;
Karr, 1971; Seoane et al., 2017; Rivas-Salvador ef al., 2019). For mammals, birds,
and reptiles, the effects of precipitation tend to coincide with the extreme-climate

hypothesis because high seasonality and low annual precipitation lead to low
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robustness, while the U-shaped effect of annual temperature in amphibians likely
supports the mild-climate hypothesis.

Temperature and precipitation were dominant in affecting the relative robustness
of all four classes in most regions of different continents, suggesting climate
predominantly shaped the connections between the species and habitats regardless of
their species or habitat diversity. However, this does not mean geographical and
anthropogenic factors are negligible, on the contrary, there were a considerable
number of regions where they played more important roles than climate (Fig. 5).
Especially, although human population density was a subordinate factor in affecting
robustness, we identified a few areas that were mostly affected by human population,
such as north-central Africa for mammals and reptiles, and scattered areas in Central
and South America for all four groups. The dome-shaped effects of human population
imply that moderate human disturbance might increase species’ tolerance to habitat
loss, probably providing suitable habitats for some human-adapted animals (Benton et
al.,2003; Fahrig et al., 2011), but strong human disturbance might cause massive
defaunation by destructing suitable habitats (Fischer & Lindenmayer, 2007; Buchadas
et al., 2023). Historically speaking, human disturbances have driven the defaunation
of terrestrial vertebrates including range contractions, population declines and
extinctions at local and global scales (Dirzo ef al., 2014), which reduced species
diversity, altered regional faunal communities and might even transform habitat types
through their interactions with vegetations (such as herbivory and seed predation).

This might have an impact on the spatial patterns of network structures and
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robustness, for example, some severely defaunated areas like East China and Atlantic
forest of South America showed low relative connectance and robustness in mammals
and birds (Galetti et al., 2021; Ferreiro-Arias et al., 2024).

As an attempt to analyze species-habitat interactions on a global scale, there are
two issues worth further investigation in our results. First, the threshold of habitat area
would affect the number of habitats in a network, which might affect network
structure and robustness. Since the exact habitat area to support species existence is
largely unknown for most species, we performed analyses with two other area
thresholds (1% and 0.0001%). The network structures and robustness using these two
area thresholds were highly correlated with those using the 0.01% threshold (Fig.
S16-S22), except that the correlation of relative modularity between 1% and 0.01%
was moderate (0.55-0.65) (Fig. S20), suggesting modularity was more sensitive to
habitat diversity than other metrics. In general, the area thresholds of habitats did not
affect our main results qualitatively (Fig. S23-S32). Second, the nonlinear effects
from global RF models were model-fitting relationships that reflected major trends of
relative robustness along the global ranges of environmental gradients and inevitably
overlooked details at regional scales. The regional RF models suggested the effects of
environmental variables on relative robustness were varying, being linear or nonlinear
within different ranges (Fig. S33-36). For example, the sharp increase of relative
robustness with temperature should not be interpreted as a boundless increase over
30 °C (Fig. 5a), because the partial dependence plots from regional RF models

showed flat or slightly decreasing trends within high-temperature ranges (Fig. S33-
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36a). This suggests the effects of environmental variables on robustness were scale-
dependent and we should be cautious to interpret them when switching between
global and regional scales.

In summary, through an extension of the recent species-habitat network approach
from local to global scales, we have demonstrated network metrics could uncover
novel geographical patterns for connections between species and habitats. The
network stability measures such as robustness can be used for studying how species
pools will respond to habitat change at different environmental conditions. In future
studies, realistic scenarios of habitat loss and incorporation of habitat recovery or
transformation (naturally and by human intervention) will facilitate the prediction of
dynamics of diversity and community stability under global climate and land use
changes. We believe the network approach can add to the current paradigm of
biogeographic investigations on biodiversity, and help to prioritize efforts and gaps

for halting or reversing current rates of biodiversity loss.
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Fig. 1. Construction of species-habitat networks (a), global species-habitat meta-

networks (b-e) and conceptual diagrams illustrating modularity (f) and robustness (g).

The left-side nodes of each bipartite network represent the species (here summarized

with orders), and the right-side nodes represent the habitats (level 1 habitat names

shown).
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713 Fig. 2. Comparison of structures(a-c) and robustness (d) of species-habitat networks
714 among four classes. The different low-case letters within plots indicate statistical
715  differences (P<0.05) among classes (a-c), and that indicate statistical differences
716 (P<0.05) among scenarios (d). Modularity is standardized by the “quasiswap” null

717  model.
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Fig. 3. Spatial patterns of species-habitat network structures of four classes.
Modularity is standardized by the “quasiswap” null models. The dark grey regions
show empty values due to no species distribution or insufficient data for calculating

network metrics.



725
726

727

728

729

730

731

(a) Mammalia Aves Reptilia Amphibia

Robustness

[%2]
(2]
(0]
c
®
35
Ke)
e
Q
2
&
Q
4
(c) Variables
Mammalia Aves Reptilia Amphibia
HP A
5 TRI 4 . APV
E ELE 4 . AT
E AT A
> APV | =i
AP I o
le} o o0 o 0 0 O 0. 0 0
‘Q QG G D G Gy G Gy G HP
o O, 0 Y 9 9 G W .

Importance score

Fig. 4. Spatial patterns of network robustness (a) and relative robustness (b) from the
small-to-large scenario and the importance of environmental variables (¢) in affecting
relative robustness from random forest models. AP, annual precipitation; APV,
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ruggedness index; HP, human population density.



732
733

734

735

0.01
(a) (b) (c)
a 0.000
7] 0.004
E 0.00 4
w
-0.0254

3 -0.01
e
.g 0.024 -0.050+ -0.02
®
& -0.075 4 0.034

-0.04

20 0 0 10 20 30 00 25 50 75 0 50 100 150 200
Annual temperature Annual precipitation Precipitation seasonality
@), ., @, )
v
v
g 0,014 0.00
2
3 -0.025 0024
= -0.02 4
g -0.03 1
©
B _0.050 1
2 -0.04 4 -0.04 4
T T 7005 ) T T T T T T T T T T
0 5 0 1 2 3 4 0 2 4 8 8
Elevation Ruggedness Human population

Fig. 5. The smoothed partial dependence plots showing the associations of

Class

= Mammalia
= Aves
— Reptilia

=== Amphibia

environmental variables with relative robustness from global random forest models.



736
737

738

739

740

741

742

(a) Mammalia

dominant factor [ + [ « [l » [ == B ~ [

Fig. 6. The spatial distributions of dominant factors for relative robustness (from the
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small-to-large scenario) in four classes. AP, annual precipitation; APV, precipitation
seasonality; AT, annual temperature; ELE, elevation; TRI, terrain ruggedness index;
HP, human population density. The dark grey regions show empty values due to no

species distribution or insufficient data for calculating network metrics.



