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Under standing how thewor|d’s biodiversity is organized and how it changes acr oss
geographic regionsiscritical to predicting the effects of global change®. Ecologists
have long documented that the world'sterrestrial fauna isorganized hierarchically
in largeregions- or realms - and continental scale subregions?®, with boundaries
shaped by geographic and climatic factors*’. However, littleis known about how
global biodiversity isassembled below the continental level and the factors,
including the potential role of human impacts, triggering faunistic differencesasthe
biogeogr aphical scale becomes smaller. Her e we show that the hierar chical
organization of global zoogeogr aphical regions extends coherently below theregion
level to reach alocal scale, and that multiple deter minants act across varying spatial
and tempor al scales. Among these deter minants, anthropogenic land use during the
L ate Holocene stands out showing a footprint acr oss biogeogr aphical scales and
explaining 22% of the faunistic differences among thelarger bioregions. The Late
Holocene coincided with the development of large cities and substantial

transfor mation of ecosystemsinto agricultural land®®. Our results show that past
human activity has played arolein the global organization of present-day animal
assemblages, leaving a detectable signal that war ns us about significant time-lag

effects of human-mediated impacts on biodiversity.

The questions of how the world’ s biodiversity is organized, and why large-scale patterns
of taxonomic diversity change through natural geographic regions have attracted the
attention of naturalists since the early 19" century*'>*®. The answers to these questions

are important to satisfy our curiosity about the natural world, but have also become
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critical to forecast the future of biodiversity in the face of global change™. A key stepin
understanding the organization of biodiversity is the assemblage of regions based on their
shared dements™. Alfred R. Wallace was among the first to propose that the world's
faunais organized hierarchically in broad regions shaped by geographic and climatic
factors’. About 150 years later, the development of multivariate analytical techniques has
led to the revaluation of Wallace's proposal®® and refining of the extrinsic factors
explaining the major dissimilarities among zooregions'. However, biogeographic
boundaries and the signal of evolutionary processes associated to species isolation are not
so evident at smaller scales, and importantly, still remain globally unexplored. Smaller
regions, which are generally the units of conservation actions, contain more similar biota
and thus, the factors determining faunistic dissimilarities among them are likely to be

more diverse and include spatial and taxonomic idiosyncracies’**’.

We hypothesize that global biodiversity patterns can be characterized by a hierarchical
system of biogeographic regions extending from global to local scales, with regions at
different levels explained by determinants that represent varying temporal scales. To test
this, we considered determinants already identified as important: plate tectonics, climate -
including Quaternary climate changes, orography and changes in habitat type'**’. But
critically, we also explore the role of largely overlooked predictors associated with
present and past anthropogenic global impacts. The effects of recent human actions on
current species distributions are undeniable'®, already affecting current biogeographic
patterns'®?, but past human actions are generally portrayed as localized and insignificant

in comparison®. The increasing evidence that Quaternary human impacts induced shifts
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in the plant and animal communities we see today***

challenges this view and poses the
guestion of whether past anthropogenic land impacts may have been large enough to

induce changes detectable today at biogeographical scales.

To address these questions we first applied an affinity propagation clustering algorithm?*
to a co-occurring species matrix of global terrestrial mammals generating a hierarchical
bioregionalization upscaling from the smallest detectable bioregions to the largest realms.
We then used random forest classification models to identify the determinants that best
predict taxonomic differences among bioregions within the framework of two
hypothesized scenarios (Fig. 1). These scenarios always consider remote past, recent past
and contemporary determinants but assume their influence will differ across the
hierarchical levels. Differentiation between large realms should require longer
evolutionary times, and therefore, both scenarios assume that factors related to historical
and macroevolutionary processes of speciation and extinction will be most important to
explain taxonomic dissmilarities of the largest realms. As bioregions decrease in size we
predict processes related to tolerances to given habitats or climates (which are also forged
over evolutionary time) and human impact would gain importance. The scenarios differ
in how we suggest this process may occur: linearly (Fig. 1A) or with a nested structure

(Fig. 1B).

The clustering algorithm generated a hierarchical system of biogeographic regions with
four levels showing that global biodiversity patterns can be cohesively shaped from local

(area of the smallest bioregions detected is ~93 km?) to regional and to realm scales
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(Extended Data Fig. 1 and Supplementary Fig. 1). The broadest delineation of nine large
bioregions was strikingly similar to the six zoogeographical regions and boundaries
proposed by Wallace?, showing our method is a suitable approach to define bioregions.
Particular differences include the delineation of Madagascar and Chilean subregions
(sensu Wallace) as regions?®, differences in the limits of the Palearctic also detected in
previous analytical regionalizations>>®, and an extension towards the arid steppes of

Mongolia of the 'Saharo-Arabian' realm*®,

We found a nested effect of temporal determinants of bioregion assemblages (Fig. 1C),
similar to our proposed nested scenario (Fig. 1B). The signal of events occurring millions
of years ago, such as tectonic movements or orographic barriers, remained apparent from
the largest to the smallest bioregions, while recent past and contemporaneous
determinants acquired importance at smaller scales. Overall, results for the two broadest
scales (nine and 27 bioregions respectively) supported findings from prior work’. Plate
tectonics drove the main taxonomic dissimilarities between large landmasses in interplay
with variability in climate and orographic barriers, the latter with less weight in the global
model but important for determining differences between specific regions (Figs. 1C, 2,
Extended Data Fig. 3 and Supplementary Table 1 and 2). For the smaller scales detected
(141 and 1128 bioregions), we found that a combination of multiple determinants, that
varied spatially in importance, was critical to predict assemblages (Fig. 1C, Extended
Data Fig. 4, and Supplementary Table 3 and 4). Among them, the association of
geological factors, past climate change and current variability in temperature resulted

decisive (Fig. 1C, Extended Data Table 1).
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Interestingly, we identified a prevalent footprint of past anthropogenic impacts,
particularly human land use 2000 years ago, across the hierarchical bioregionalization
(Figs. 1C, 3). Human land use 2000 years ago was the second most important
determinant for the largest bioregions showing a moderate but non-negligible predictive
value (~22%, Fig. 2). The importance of human land use 2000 years ago increased in the
global model for smaller bioregions but its individual predictive power was reduced
because differentiating smaller bioregions required many more determinants. Differences
in human land use 2000 years ago contribute to set boundaries separating bioregions
where human land use was noticeable (e.g. among the Neotropic/Nearctic,
Neotropic/Chilean, and the Oriental/Palagarctic) and bioregions where human land use
was negligible at that time (e.g. Madagascar, and the arctic boundary between the
Palearctic-Nearctic) (Fig. 3 and Extended Data Fig. 2). Current human land use was a
less relevant determinant, which is consistent with the hypothesis that anthropogenic
transformation of ecosystems has been extensive and started longer ago than is often

recognized™#,

What happened 2000 years ago that resulted in such as noticeable footprint in the Earth's
bioregions? This period coincides with the devel opment of mgor cities (populations >
100,000) in the Near East, Europe, and Asia®. At this time, human populations already
inhabited ecosystems reshaped by their ancestors to enhance agricultural productivity®.
Long-term impacts, including forest clearing, increased fire frequencies, megafaunal

extinctions, speciesinvasions, and soil erosion, were already apparent in some


https://doi.org/10.1101/586313

bioRxiv preprint doi: https://doi.org/10.1101/586313; this version posted March 24, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

regions®?*??, Indeed, reconstructions suggest that >20% of Earth’s temperate woodlands
had been already impacted by humans by the late-Holocene®™. Our results join recent
studies in revealing that anthropogenic impact during the Holocene played an important
role in how modern mammals' communities are assembled™ . Here we show for the
first timethat this signal can be detected in the configuration of realms, which are
traditionally assumed to reflect the natural organization of biodiversity that resulted from

ecological, historical, and evolutionary processes acting over millions of years.

Our results also highlight the increased importance of Quaternary climate for the smaller
bioregional levels (Fig. 1C). Thisisin line with previous work showing how strongly
climatic shifts during the Quaternary have determined changes on modern species
distributions™?. Among all the measures of past climate considered here, we found a
notable increase in importance of temperature change in the mid-Holocene. Thisis
remarkable as generally mid-Holocene climates are considered to be relatively stable and
similar to modern climate®. Paleodata indicate however, that around 6000 years ago
there were rapid climatic changes that triggered the northward expansion of boreal forest
and the greening of the Sahara’’, and accompanied by human societal collapses at local
and regional scales™®. Our results suggest these rapid climatic changes could have also
affected the distribution of modern species, resulting in a detectable signal of taxonomic

differentiation in the smaller bioregions.

Taken together, our results indicate that the world’ s biodiversity is organized with a

hierarchical structure of global biogeographical patterns that include alocal basis,
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which is determined by multiple and spatially heterogeneous factors. Geol ogical
events that occurred over millions of years permeate from the largest to the smaller
scales, yet understanding biogeographical delineations at more local scales requires
considering determinants acting at multiple temporal and spatial scales. At more local
levels, we also observed a reduced predictive capacity, which may reflect the
importance of biotic determinants, species traits and interactions, not considered in our
analyses but known to play arole in structuring community composition®. Previous
studies have documented lasting effects of human land changes during the last
millennia on current biodiversity patterns®, but thisis the first time the signal has been
recognized on the taxonomic differentiation of the largest realms. If human impacts
over the Late Holocene can result in such long-lasting and widely spread signals, we
should be concerned about the effects of the much more widespread and severe
changes that have occurred since the beginning of the industrial revolution. Current
human impact was not a strong determinant of current bioregions, but this likely
reflects atime-lag effect. The signal of current human land use will likely be detected
by the future generations of biogeographers. It isin our hands to ensure those future

bioregions are not solely determined by our impacts.
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Figure 1l | Hypothesized scenarios (A, B) and results describing variable impor tance
from random forest classification models (C). A) This scenario proposes that remote
past determinants are largely irrelevant to explain the assembly of speciesin smaller
bioregions. The signal of the past has been diluted as the biogeographic resolution
increases, such that large bioregions can be described by remote past determinants,
medium-sized bioregions by recent past determinants, and smaller bioregions by
contemporary determinants. B) This scenario proposes nested importance of
determinants, with remote past determinants being important at all scales, recent past
determinants being important at medium and small scales, and contemporary

determinants being only relevant at local scale. C) Observed global variable importance
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of geological, historical and environmental determinants of taxonomic differentiation
among bioregions and across hierarchical resolutions. Determinants are ordered by
decreased importance at the largest bioregion scale. Importance was measured by the
drop in classification accuracy after predictor randomization in random forests of 5000
trees. Higher values of mean decreased in accuracy indicate variables that are more
important to the classification. Percentages indicate prediction accuracy (percent
correctly classified, 1-OBB) of global models. BP = Before present; LIG = Last
interglacial; LGM = Last Glacial Maximum; MH = Mid Holocene; HANPP = Human

appropriation of the net primary productivity.
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Figure 2 | Venn diagrams describing the predictive power of the three most
important determinants of the two largest bioregion levels. Vaues indicate
percentages of samples correctly classified (1-OBB error) and are obtained from running
RF classification models for the individual determinants, by pairs and for the three most
important determinants together. Venn diagrams for the smaller bioregion levels (141 and
1128) are not shown because the predictive value of RF models using only the three most
important determinants was low (32.4% for the 141 bioregions model and 7.3% for the
1128 bioregions). But see Extended Data Table 1 for more complete information, where
the determinants needed to reach > 50% of samples correctly classified for each

biogeographical level is shown.
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Figure 3 | Local importance values of the human impact 2000 year s ago for thefour
biogeographical scales. The legends show the impact on correct classification of single
samples (grid cells): negative, O (the variable is neutral) and positive. See Extended Data

Fig. 2 to compare these results with the map showing human land use 2000 years ago.
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METHODS

Data. Range maps for non-volant terrestrial mammals were obtained from the IUCN
(IUCN 2015). We extracted species occurrences into aglobal grid with a 9309 km? grain
size — based on Behrmann’s projection — to generate a presence—-absence matrix in which
every row represents agrid cell and every column a species. We then excluded (1) cells
containing less than 50% of land area to approximate equal-size samples, and as aresult
small islands and coastal cells were not included in the analyses, and (2) cells containing
fewer than five species to reduce potential distortions caused by having few taxa>®. These
exclusion criteriarendered atotal of 14,097 cells representing 3960 terrestrial mammal

Species.

Predictors. To each of the above 14,097 cells we assigned a mean value of the following
predictors, which were grouped in contemporary (~ present day), recent past (~ from
130,000 until 2000 years ago) and remote past predictors (~65 Millions of years ago).
Contemporary predictors included current climate (annual total precipitation, mean
annual temperature, seasonality in temperature and seasonality in precipitation), habitat-
related predictors (primary productivity, main land cover type and tree cover), and human
impact related predictors (human appropriation of net primary production, and the human
influence index). The four climatic variables were extracted from the WorldClim
dataset®'. These variables represent both average conditions and variability within years
and have been shown to be determinants of vertebrate distributions®. Primary
productivity was represented by the net primary productivity in terrestrial ecosystems™.

Main land-cover type was obtained from Globcover 2009%* and tree cover from the

17
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Hansen et al. (2013) dataset™. These variables are surrogates of the vegetation structure
and composition and can be considered the habitat template on which animal life-history
strategies are shaped™. We acknowledge that the extent of tree cover may not directly
affect the distribution of non-forest mammalss, but here we assume that forest directly or
indirectly affect the number and species composition in mammals. The human
appropriation of net primary production from earth's terrestrial ecosystems (HANPP) was
obtained from Haberl et al. dataset®, and is considered an integrated socio-ecological
indicator quantifying effects of human-induced changes in productivity and harvest on
ecological biomass flows. The global human influence index (HIl) is a composite
predictor covering population density, human land use and infrastructure, and human
access®’. Net primary productivity and annual total precipitation, and HANPP and HIl
were highly correlated (Supplementary Table 5), so only annual total precipitation and

HANPP were included in the final modéls.

Recent past predictors were represented by Quaternary climate changes and past
anthropogenic land use. Both groups of determinants have been shown to play arolein
the present-day assemblages or biodiversity patterns of plants and animals™>%%2 We
selected six variables reflecting Quaternary climate changes, which represented the
anomalies (i.e., absolute differences) of temperature and preci pitations between the Mid
Holocene (MH; ~ 6000 years ago), the Last Glacial Maximum (LGM; ~22,000 years
ago), and the Last Interglacial (LIG; ~130,000 years ago) with the present. Mean annual
temperature and annual total precipitation for the MH and the LGM were calculated

using the Model for Interdisciplinary Research on Climate (MIROC-ESM)®, whereas for
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the LIG we used the model of Otto-Bliesner et al. (2006)™*. Past anthropogenic land use
was obtained from Ellis et al. (2013) dataset®. We chose the more realistic KK 1o model,
which assumes that humans use land more intensively when population density is high
and land scarce™. In counterpoint, the most popular HY DE model omits land-use
intensification and predicts that except for the developed regions of Europe, human use of
land was ingignificant in every biome and region before A.D. 1750. We calculated human
pressures at four different time spans (8000, 5000, 2000 years ago, and the present time)
and the differences between past human land use (8000, 5000 and 2000 years ago) and
the present time. These variables were, however, largely correlated among them
(Supplementary Table 5), and finally only human land use 8000 years ago, 2000 years
ago and the difference in the percentage of land used between 8000 years ago and the

present were included in the models.

Finally, remote past predictors were represented by orographic barriers and plate
tectonics. Mountain ranges represent major barriers to dispersal for most mammals,
whereas plate tectonics are responsible of the long-term isolation of the biotas on some
plates®. We use the GTOPO30 to calculate the mean elevation and the range in elevation
per grid cell. Plate tectonics were obtained from Bird (2003) dataset*®. Each grid cell was
assigned the tectonic plate to which it belongs. When a cell was represented by more than

one tectonic plate, it was assigned the one that occupied a greater percentage of the cell.

Building Biogeographical regionalizations. We applied a machine-learning algorithm

referred to as affinity propagation® to build zoogeographical regionalizations at different
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bi ogeographical resolution. Affinity propagation (AP hereafter) is a powerful clustering
algorithm extensively used in bioinformatics and astrophysics and is making inroadsin
ecology™ and biogeography®. One of its main advantagesis that it can compress massive
data sets very efficiently (i.e. with lower error). The algorithm detects special data points
called exemplars, and by a message-passing procedure it iteratively connects every data
point to the exemplar that best represent it until an optimal set of exemplars and clusters
emerges. Contrary to algorithmsin which exemplars are found by randomly choosing an
initial subset of data points, AP takes as input measures of ‘similarities’ between pairs of
data points (grid cells here) and ssimultaneously considers all the points as potential
exemplars. The optimal set of exemplarsisthe one for which the sum of similarities of
each point to its exemplar is maximized. Hence, detecting exemplars goes beyond smple

clustering because the exemplars themselves store compressed information®.

We devised a protocol based on a successive application of AP to obtain a
biogeographical upscaling from the smallest possible bioregions (i.e. the highest
biogeographical resolution) to the largest ones. We first used the mammals' presence-
absence matrix to calculate pairwise similarities between pairs of cells. Aswith clustering
algorithms, there are many similarities indices or taxonomic/phylogenetic turnover
metrics to choose from, and none can be said to be perfect from a biogeographical
perspective. Here we selected Hellinger distance®, which is calculated by first modifying
the species-presence data and then computing the Euclidean distance among pairs of cells
based on the modified data*’. The Hellinger distance is used to avoid the ‘ double-zero’

problem, i.e. when two sites or grid cells that have no speciesin common are assigned the
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same distance as two sites that share species; and the ‘ species-abundance paradox’, which
frequently occurs when two sites share only a small fraction of all the speciesin the same
regional pool*®*°, We performed an initial AP analysisinvolving all grid cells of the
similarity matrix. Thisfirst AP run generates the optimal solution of the highest
resolution bioregions, while also identifying its exemplars. We obtained 1128
clusters/exemplars. Then, using the exemplars (grid cells) as the new units of analysiswe
conducted again an AP, i.e., we calculated anew similarity matrix and re-run anew AP.
This process was repeated until a small and coherent number of large clusters emerged.
Finally, to obtain maps of each clustering result, we classified each grid cell (row) of
every presence-absence matrix according to the cluster to which they were assigned in its
corresponding AP analysis. AP analyses were performed using the 'APCluster' package in

R50

Statistical analyses. We used random forest>*>? models of 5000 classification trees,

implemented in the R package 'RandomForest™

, 1o assess the factors that may predict
the classfication of grid cellsin bioregions at different biogeographical resolutions and to
estimate the relative importance of the predictors. Random forest is a machine learning
method based on a combination of alarge set of decision trees. Each treeistrained by
selecting arandom set of variables and a random sample from the training dataset (i.e.,
the calibration data set). Out-of-bag (OOB) samples are used to calculate an unbiased
error rate of the model and predictor importance, eliminating the need for atest set or

cross-validation. The number of variables randomly sampled as candidates at each split,

mtry, isatuning parameter of random forest models. The default value for random forest
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classification is the squared root of the number of variables (i.e., the squared root of 19
resulting in amtry of 4). We used the tuneRF code (available within the RandomForest
package) to look for the optimal mtry parameter. We ran the code 5 times for each

bi ogeographic scale and the results varied between 4 and 8, although the trend was

always higher towards 4, which consequently was the mtry we finally chose.

Global and local importance of variablesfor classification: random forest also
calculates estimates of global variable importance for classification, which are very
useful to interpret the relevance of variables for the dataset under study. We measured
variable importance using the mean decrease in classification. This measure is obtained
by permuting randomly each predictor and assessing the decrease in classification
accuracy of the model. The local variable importance is an estimate of the importance of
avariable for the classification of a single sample (grid cell here) and shows adirect link
between variables and samples™. It may therefore reveal specific variable importance
patterns within groups of samples that may not be evident from the global importance
values. The local importance score is derived from all trees for which the sample was not
used to train thetree (i.e. its valueis OBB). The percentage of correct votes for the
correct classin the permuted OBB data is subtracted from the percentage of votes for the
correct classin the original OOB datato assign a local importance score for the variable
for which the values were permuted. The score reflects the impact on correct
classification of a given sample: negative, O (the variable is neutral) and positive Given

that local importances are noisier than global importances we run the same classification
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5 times (5 per biogeographical scale) and averaged the local importance scores to obtain a

robust estimation of local importance values™.

Random forests are able to disentangle interacting effects and identify nonlinear and
scale-dependent relationships that often occur at the scale of the analysis performed here
among multiple correlated predictors™. Although random forests are generally assumed
to not be affected by highly correlated predictor variables, we eliminate some predictors
showing a high correlation (r > 0.70, Supplementary Table 5) as some evidence from
genomic studies suggests that variable importance measures may show a bias towards
correlated predictor variables®™. We made an exception with annual mean temperature
and temperature seasonality. Both variables are highly correlated (r = -0.85), however,
their ecological significance when it comes to explaining regional taxonomic differences

can be very different.
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Extended Data Table 1: Resultsin terms of percentage of samples (grid cells) correctly
classified (1-OOB) of step by step RF models. The most important determinants,

according to global RF models, were added one by one to the models until a 1-OOB >

50% was reached.
1-O0B
9 Bioregions
Plate tectonics 74.1
27 Bioregions

Plate tectonics 43.2
Plate tectonics + Ann Prec 65

141 Bioregions

Elevation 3.2

Elevation + Range Elev 221

Elevation + Range Elev + Plate tectonics 324

Elevation + Range Elev + Plate tectonics + Dif T MH 40.9

Elevation + Range Elev + Plate tectonics + Dif T MH + Dif PLIG 52.4

1128 Bioregions

Elevation 0.6

Elevation + Dif T MH 2.1

Elevation + Dif T MH + Dif PMH 7.3

Elevation + Dif T MH + Dif PMH + Dif PLIG 17.6

Elevation + Dif T MH + Dif PMH + Dif PLIG+ Dif T LIG 28.2

Elevation + Dif T MH + Dif PMH + Dif PLIG + Dif T LIG + T season 49.1

Elevation + Dif T MH + Dif PMH + Dif PLIG+ Dif T LIG+ T season+ Annmean T 58.2

Ann Prec = Annual precipitation; Range Elev = Range in elevation; Dif T and Dif P = Differences in annual mean
temperature and annual precipitation; MH = Mid-Holocene; LIG = Last Interglacial; T season = Temperature
seasonality; Ann mean T = Annual mean temperature.
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Extended Data Figure 1 | Nested global bioregionalizationsfor terrestrial mammals.
The hierarchical application of the affinity propagation algorithm resulted in a nested
global bioregionalization containing 9 (filled colours), 27 (black boundaries), 141 (red
boundaries) and 1128 (grey boundaries) bioregions from the largest extant realms to the

smallest obtained bioregions.
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Extended Data Figure 2 | Map showing anthropogenic land use 2000 year s ago. The

legend shows % total land in use for crops and pastures.
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Extended Data Figure 3 | Local importance valuesfor the three most important deter minants of the broadest bioregions. The
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legends show the impact on correct classification of single samples: negative, O (the variable is neutral) and positive.
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Extended Data Figure 4 | | Local importance valuesfor the three most important deter minants of the smaller bioregions. The
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legends show the impact on correct classification of single samples. negative, O (the variable is neutral) and positive.
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