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Universal species–area and endemics–area
relationships at continental scales
David Storch1,2, Petr Keil3 & Walter Jetz3

Despite the broad conceptual and applied relevance of how the
number of species or endemics changes with area (the species–area
and endemics–area relationships (SAR and EAR)), our understand-
ing of universality and pervasiveness of these patterns across taxa
and regions has remained limited. The SAR has traditionally been
approximated by a power law1, but recent theories predict a triphasic
SAR in logarithmic space, characterized by steeper increases in
species richness at both small and large spatial scales2–6. Here we
uncover such universally upward accelerating SARs for amphibians,
birds and mammals across the world’s major landmasses. Although
apparently taxon-specific and continent-specific, all curves collapse
into one universal function after the area is rescaled by using the
mean range sizes of taxa within continents. In addition, all EARs
approximately follow a power law with a slope close to 1, indicating
that for most spatial scales there is roughly proportional species
extinction with area loss. These patterns can be predicted by a simu-
lation model based on the random placement of contiguous ranges
within a domain. The universality of SARs and EARs after rescaling
implies that both total and endemic species richness within an area,
and also their rate of change with area, can be estimated by using
only the knowledge of mean geographic range size in the region and
mean species richness at one spatial scale.

The scale dependence of species richness has implications for all
biodiversity patterns1. The SAR has been used to extrapolate species
richness across spatial scales and also to estimate species extinctions
after habitat loss7,8 (but see refs 9, 10), typically relying on its particular
universal properties. However, the universality of the shape of the SAR
has been questioned11. The nested SARs (in which smaller sample
areas are located within larger ones) are classically described as a power
law across most spatial scales1,12, but current theoretical approaches
predict that species richness first increases steeply with area at a
decelerating rate, then increases roughly linearly in logarithmic space,
and accelerates upwards again when sample areas approach the size of
individual species’ geographic ranges2–6. In contrast to the well-
documented curvature over small areas13,14, data availability has so far
hindered generalizations about the SAR at large scales. The EAR is the
relationship between the area of a region and the number of species
restricted (that is, endemic) to it. The EAR provides information on the
number of species that may go extinct if parts of the area are destroyed
or transformed9,15,16, because being endemic to the area would imply
that any local extinction is also global. Despite the potential of the EAR
in biodiversity science and conservation9,15,17, its empirical shape at
biogeographic scales has remained largely undocumented. The slope
of the EAR at smaller spatial scales is expected to be connected to the
slope of the SAR at large scales, because an increase in species richness
with increasing study plot area (the SAR) corresponds to a decrease in
the number of species that are restricted (that is, endemic) to the
remaining area16 (that is, the area not included in the study plot; see
Supplementary Discussion and Supplementary Figs 1 and 2).

Here we provide a construction of fully nested continental SARs and
EARs for all amphibians, birds and mammals (see refs 18 and 19 for

data description and validation, and Methods and Supplementary
Table 1 for details). SARs for all continents and taxa accelerate upward
in log–log space (Fig. 1a–c). Differences in the SAR position along the
y axis correspond to known differences in total species richness of
individual continents and taxa20,21; for example, birds have consistently

1Center for Theoretical Study, Charles University and the Academy of Sciences of the Czech Republic, Jilská 1, 110 00, Praha 1, Czech Republic. 2Department of Ecology, Faculty of Science, Charles
University, Viničná 7, 128 44 Praha 2, Czech Republic. 3Department of Ecology and Evolutionary Biology, Yale University, 165 Prospect Street, New Haven, Connecticut 06520-8106, USA.

Africa, Eurasia, North America, South America, Australia
Amphibians, MammalsBirds,

lo
g 10

 S
lo

g 10
 S

lo
g 10

 S

lo
g 10

 E
lo

g 10
 E

lo
g 10

 E

log10 A log10 A

R
at

e 
of

 in
cr

ea
se

 o
f l

og
10

 S
(lo

ca
l S

A
R

 s
lo

pe
 o

r d
er

iv
at

iv
e)

R
at

e 
of

 in
cr

ea
se

 o
f l

og
10

 E

1.0

1.5

2.0

2.5

3.0

1.0

1.5

2.0

2.5

3.0

4.0 4.5 5.0 5.5 6.0 6.5

1.0

1.5

2.0

2.5

3.0

4.5 5.0 5.5 6.0 6.5

0

0.2

0.4

0.6

0.8

1.0

−3

−2

−1

0

1

2

−3

−2

−1

0

1

2

4.0 4.5 5.0 5.5 6.0 6.5

−3

−2

−1

0

1

2

4.5 5.0 5.5 6.0 6.5

0.5

1.0

1.5

2.0

2.5

3.0
d

a

b

c

e

f

g

h

Figure 1 | SARs and EARs across five continents and three vertebrate
classes. a–c, e–g, The SARs for amphibians (a), birds (b) and mammals
(c) reveal an upward-accelerating shape for logarithmic axes, whereas EARs for
amphibians (e), birds (f) and mammals (g) are more or less linear.
d, h, Confirmation by plotting the local slopes (derivatives) of the relationships
for each continent (d for SARs and h for EARs). All relationships were
constructed by using a strictly nested quadrat design. Grey lines correspond to a
power law with a slope of 1; that is, proportionality between area and the
number of species. S is the mean number of species, E is the mean number of
endemics, and A is the area in km2.
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Pattern Emergenti e  
Auto-organizzazione in Ecologia



  

Criticality has been found 
in many biological systems!

Biological systems may
bene>t from criticality??

Come studiare “da Fisico” questi sistemi?



F=m a
Moto dei corpi:

1- è facile
2 - è (diventato) facile
3 - è impossibile

Come studiare sistemi a molti corpi? 

10^23 molecole



N atomi di massa m, moto casuale

Atomi molto lontani tra loro         
(no interazione)

Collisioni elastiche (conservazione E)

Come studiare sistemi a molti corpi? 



Come legare il micro al macro: 
 la fisica statistica

Il legame è probabilistico

Spazio delle configurazioni

Termodinamica: limite N = ∞
11   12 21    22 13 31   ….       16 61 34 43 25 52

stato  
macroscopico



Come studiare sistemi complessi? 

P V = n R T Modelli di particelle interagenti 

Emerging Pattern in Ecosystems

The importance of Space: SAR
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Ferromagnetismo 

Proprietà Emergenti 



  

Cosa hanno in 

comune ?

materiali magnetici

rete fiori-impollinatori

ecosistemi (foreste)

economia
rete neurale

Thanks to Matteo Adorisio



  

Caratteristica di un sistema complesso:

“many entities + interactions”

emergenza di proprietà macroscopiche non 

legate direttamente agli enti “microscopici”

X
6=

Come investigarle ?

Thanks to Matteo Adorisio



  

- pattern ricorrenti in sistemi apparentemente diversi 

- “Do not model bulldozers with quarks” *

   la comprensione dei fenomeni emergenti può essere

   ottenuta a partire da regole semplici

Messaggi semplici dai sistemi complessi

* Goldenfeld, Kadanoff Simple lessons from complexity, Science 1999

- “many entities + interactions”: emergenza di 

fenomeni macroscopici a prescindere dal tipo di “atomi” 

(insetti,neuroni,elettroni ...)

Thanks to Matteo Adorisio



The Physicist Style  

A. Einstein

“Make everything as simple as possible,  
but not simpler.”

“You don’t really understand something unless 
you can explain it to your grandmother.”



Patterns Emergenti in Ecologia 
Abbondanza Relativa delle Species (RSA)
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Il voter Model in Ecologia

• Community of N individuals and 
S species (colours)

•  Pick at random an individual.             
It dies.

• 1-m: replaced it by another 
random individual in the system

• m: it is replaced by an individual 
of a new species (migration)

dPn(t)

dt
= bn�1Pn�1(t) + dn+1Pn+1(t)� (bn + dn)Pn(t)

Parameters: bn/dn and m = b0 Functional form of bn 
Density dependent effects

1-m

m

If m=0 -> absorbing state
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Can simple models help to 
discover new patterns?Suweis et al.,JTB 2012
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Un nuovo pattern emergente! 



2. HISPANIOLA

Caribbean island of Hispaniola. The Dominican 
Republic, on the eastern side of the island, has tree 
cover that is four times denser than that in 
neighbouring Haiti, which has been forced to cut 
down trees for fuel.

Climate and human activity determine 
the distribution of trees around the 
world. Europe, India and eastern China 
have lost much of their original forest 
cover, and Africa’s woodlands are 
severely fragmented.

Despite deforestation caused by farming, ranching, mining and logging, tropical 
areas still contain an astounding 43% of the planet’s trees. Tree densities are 
greatest in the northern boreal and tundra forests, which can contain more than 
1,000 trees per hectare. (Percentages are rounded.)

The tropics host many densely forested countries, but 
nations with boreal forest, such as Finland, have the 
highest tree densities. At the other extreme are desert 
and island nations, and some impoverished countries.

= 10 billion trees

TRILLIONS
OF TREES
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FOR EVERY PERSON ON EARTH
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Finland 72,644
trees per km 2

Slovenia 71,131 Sweden 69,161

Brazil 35,288 Canada 32,055 United Kingdom
12,264

Haiti 5,467

= 1,000 trees

Kazakhstan 
2,245

Bermuda 708

LAY OF THE LAND

FOREST PLANET

3. SOUTHEAST ASIA
Forests in southeast Asia have changed drastically 
since the 1970s. From 1973 to 2009, Thailand and 
Vietnam lost 43% of their forest cover; Cambodia and 
Laos lost 22% and 24%, respectively. If current trends 
continue, more than 30% of the region’s remaining 
forest will be cleared by 2030.

1. NORTHEASTERN NORTH AMERICA
Farms, orchards and sheep took over the landscape of 
northeastern North America in the 1800s, when much 
the region's forest was harvested for timber. Today, the 
six US states of New England are more than 80% 
forested — but suburban sprawl and other factors 
present new threats.

LEAF OF NATIONS

BY RACHEL EHRENBERG
DATA VISUALIZATION BY JAN WILLEM TULP
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Despite deforestation caused by farming, ranching, mining and logging, tropical 
areas still contain an astounding 43% of the planet’s trees. Tree densities are 
greatest in the northern boreal and tundra forests, which can contain more than 
1,000 trees per hectare. (Percentages are rounded.)

The tropics host many densely forested countries, but 
nations with boreal forest, such as Finland, have the 
highest tree densities. At the other extreme are desert 
and island nations, and some impoverished countries.

= 10 billion trees

Three trillion: the latest estimate of the planet’s 
tree population, published in this issue of 
Nature (see page 201), exceeds the number of 
stars in the Milky Way. At more than 7 times the 

impressive, but it should not necessarily be 
taken as good news. The forest-density study — 
which combined satellite imagery with data 
from tree counts on the ground that covered 
more than 4,000 square kilometres — also 
estimated that 15 billion trees are cut down 
each year. And in the 12,000 years since 
farming began spreading across the globe, the 
number of trees on our planet has fallen by 
almost half.
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For an animated data 
visualization, visit:
go.nature.com/h8ucmu

Line height represents 
forest density in 1  km 2
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Forests in southeast Asia have changed drastically 
since the 1970s. From 1973 to 2009, Thailand and 
Vietnam lost 43% of their forest cover; Cambodia and 
Laos lost 22% and 24%, respectively. If current trends 
continue, more than 30% of the region’s remaining 
forest will be cleared by 2030.
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A method to upscale biodiversity 
from ecological samples

A.Tovo,  S. Suweis,  A. Maritan 
 M. Formentin, M. Favretti, I. Volkov, Jayanth R. Banavar, S. Azaele 
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Upscaling species richness and abundances
in tropical forests
Anna Tovo,1* Samir Suweis,2* Marco Formentin,1† Marco Favretti,1 Igor Volkov,3

Jayanth R. Banavar,3,4† Sandro Azaele,5 Amos Maritan2

The quantification of tropical tree biodiversity worldwide remains an open and challenging problem. More than
two-fifths of the number of worldwide trees can be found either in tropical or in subtropical forests, but only
≈0.000067% of species identities are known. We introduce an analytical framework that provides robust and
accurate estimates of species richness and abundances in biodiversity-rich ecosystems, as confirmed by tests
performed on both in silico–generated and real forests. Our analysis shows that the approach outperforms other
methods. In particular, we find that upscaling methods based on the log-series species distribution systematically
overestimate the number of species and abundances of the rare species. We finally apply our new framework on
15 empirical tropical forest plots and quantify the minimum percentage cover that should be sampled to achieve
a given average confidence interval in the upscaled estimate of biodiversity. Our theoretical framework confirms
that the forests studied are comprised of a large number of rare or hyper-rare species. This is a signature of
critical-like behavior of species-rich ecosystems and can provide a buffer against extinction.

INTRODUCTION
Tropical forests have long been recognized as one of the largest pools
of biodiversity (1). Global patterns of empirical abundance distributions
show that tropical forests vary in their absolute number of species but
display surprising similarities in the distribution of individuals across
species (2–4). For practical reasons, biodiversity is typically measured
or monitored at fine spatial scales. However, important drivers of eco-
logical change tend to act at large scales (5, 6). Conservation issues, for
example, apply to diversity at global, national, or regional scales. Extra-
polating species richness from the local to the whole-forest scale is not
straightforward. A vast number of different biodiversity estimators have
been developed under different statistical sampling frameworks (7–11),
but most of them have been designed for local/regional-scale extrapola-
tions, and they tend to be sensitive to the spatial distribution of trees
(12–14), sample coverage, and sampling methods (15). A common sta-
tistical tool used to describe the commonness and rarity of species in an
ecological community is the relative species abundance distribution
(SAD or RSA), which is a list of species present within a region along
with the number of individuals per species (16, 17). Typically, the SAD
is measured at local scales (for example, in quadrats or transects; see
Fig. 1), in which the identities of the individuals living in the area are
known. The sampled SAD can be fit to a given functional form at that
scale. However, that formmay change at different spatial scales, thus
hindering analytical treatment (18). Nonparametric approaches have
also been proposed in the literature to infer species richness. Instead
of assuming a specific functional form for the SAD and fitting data to
arrive at the parameters, these methods are based on the intuitive idea
that it is only the rare species that carry information on the undetected
species in a sample. A successful example is the method introduced by

Chao et al. (15, 19, 20), which takes into account only the number of
singletons and doubletons (species with just one or two individuals)
observed at the sample scale to infer the species richness of the whole
forest.

Recently, a semianalyticalmethod to upscale species richness based
on a log series (LS) for the SAD has been proposed (section S1 and
Fig. 2) (21–25). The LS distribution was obtained by Fisher et al. (26) as
the limiting form of a negative binomial (NB) probability distribution
(that is, the probability of observingn individualswhen sampling from
a population belonging to different species), excluding zero observa-
tions (no information on the number of missed species is available) and
assuming that the distribution of individuals is known and simple (that
is, Eulerian form). The LS distribution is often used to describe SAD
patterns in ecological communities, including tropical tree commu-
nities. The robustness of the upscaling method relies on the stability
property of Fisher’sa [approximately reflecting the number of observed
singleton species (26)], which ought not to depend on the forest sample
size and is given by

Np

a
¼ ðeSp=a # 1Þ ð1Þ

where Np and Sp are the total number of individuals and species, re-
spectively, when sampling a fraction p of the forest (N1 =N and S1 = S
corresponds to the total number of individuals and species when
sampling the whole forest). Therefore, the LS method is composed of
three main steps: (i) Fisher’s a is calculated, assuming that the species
have an LS distribution (see Materials and Methods) and using the ob-
served species Sp and number of treesNp as input. (ii) The total number
of stems N for the whole area of interest is extrapolated [This is not a
trivial task, and there is no consensus on the bestmethods to implement
it. Generally, constant average stem density is assumed (24, 25).]. (iii)
The number of species at the largest scale is estimated using the formula
S = a ln (1 +N/a) (26). This method has been used to estimate the spe-
cies richness of the Amazonia (24) and that of global tropical forests
(25). For the latter case, Slik et al. (25) noted that when merging forests
in different tropical regions, the value of Fisher’s a shows an asymptotic
behavior for large areas, as if it is converging to its asymptote for each

1Dipartimento di Matematica “Tullio Levi-Civita,” Università di Padova, Via Trieste
63, 35121 Padova, Italy. 2Dipartimento di Fisica e Astronomia, “Galileo Galilei,” Is-
tituto Nazionale di Fisica Nucleare, Università di Padova, Via Marzolo 8, 35131
Padova, Italy. 3Department of Physics, University of Maryland, College Park, MD
20742, USA. 4Department of Physics, University of Oregon, Eugene, OR 97403,
USA. 5Department of Applied Mathematics, School of Mathematics, University
of Leeds, Leeds LS2 9JT, UK.
*These authors contributed equally to this work.
†Corresponding author. marco.formentin@unipd.it (M.F.); banavar@uoregon.edu
(J.R.B.)
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Can we go from local census, to forest scale biodiversity?
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quadrats, so we typically take a standardized sample of some

sort, but that will tell us only of diversity change at the scale

of the sample (Chase & Knight 2013), and we cannot simply

sum up the species counts of our samples to get the coarser-

scale estimate, because species richness is not additive. The

increase at coarse scale depends in part on the turnover in

species (b diversity at different scales) between different loca-

tions across a focal landscape or region. Thus, we need to

incorporate such turnover to translate biodiversity informa-

tion across scales.

To make progress in this respect requires bringing together

multiple spatial ecological patterns into a single overarching

framework. Spatial ecologists have amassed a wide array of

classic biodiversity descriptors, including, inter alia, species-
area relationships (SAR) (Arrhenius 1921; Rosenzweig 1995),

species-abundance distributions (SAD) (McGill et al. 2007)

and the distance decay of similarity (Tilman & Kareiva 1997;

Morlon et al. 2008). A great deal of attention has been devoted

to debating the precise functional forms of these curves; SAR

functions, for example, have varied widely, including accelerat-

ing, decelerating and triphasic functions (Connor, McCoy &

Cosby 1983; Tjørve 2003). There is a growing appreciation that

the various spatial biodiversity descriptors are intrinsically

inter-related, and substantial efforts have been devoted to

understanding the links between them (Hanski & Gyllenberg

1997; Plotkin et al. 2000; Storch, Marquet & Brown 2007;

McGill 2010). However, there is not yet any general method

for linking them across scales, and one of the central challenges

we face as a discipline is to bring together these various pat-

terns into a general unified theoretical framework. At least two

recent models have successfully predicted many or all of the

above patterns. Spatially explicit forms of the neutral theory of

biodiversity and biogeography (Hubbell 2001; Rosindell &

Cornell 2007) can predict specific SAD, SAR and distance-

decay functions from simple mechanistic community dynam-

ics. Similarly, the maximum entropy theory of ecology

(METE) (Harte 2011) predicts SAD and SAR patterns from

simple biological constraints and statistical considerations and

has tacit assumptions about distance-decay functions as well.

These two approaches predict rather different patterns; for

example, the spatial neutral model predicts a triphasic SAR

(Rosindell &Cornell 2007), whereas theMETEmodel predicts

a function that decelerates towards an asymptote (Harte 2011).

Both of these approaches have aspired to explore wide ranges

of ecological patterns using only a few basic parameters, and

each had substantial success (Volkov et al. 2003; Alonso, Eti-

enne & McKane 2006; Azaele et al. 2006; Harte et al. 2008;

Phillips & Dudik 2008; Azaele et al. 2010; Suweis et al. 2012).

However, the simplicity of these approaches is also aweakness:

each presents a fairly rigid and idiosyncratic structure based on

modelling idealized natural communities at stationarity. This

makes them poorly suited to assessing or monitoring natural

or anthropogenic communities in flux, or for assessing biodi-

versity changes in response to management (Drakare, Lennon

& Hillebrand 2006). A more robust and general approach to

unifying spatial ecological pattern is needed (Fig. 1).

Such a unified spatial framework could have important

practical value. Despite centuries of study, the biological diver-

sity of our planet is not well described; in some regions and

habitats (e.g. tropical forests, deep seas), only a small fraction

of the species present are known to science (Mora & Sale

2011), while some taxonomic groups (e.g. nematodes, mites)

remain poorly explored in any region (Groombridge 1992).

Even in well-studied taxa and regions, the difficulties entailed

in comprehensive surveys make broad-scale biodiversity

change expensive or impractical to monitor. If we had a robust

framework for translating biodiversity information across

scales, it would allow fine-scale sampling to be upscaled to pro-

duce coarser-scale biodiversity estimates, and repeated rounds

of such surveys would allow multiscale assessment of biotic

change (Keil et al. 2011; Carvalheiro et al. 2013). Environ-

mental change or management can result in biotic homogeni-

zation or altered spatial patterning, potentially shifting the

shape of SARs or other spatial biodiversity patterns (Fraterri-

go &Rusak 2008; Loreau 2010); such changes would be invisi-

ble to existing (idealized) unified model approaches (Drakare,

Lennon & Hillebrand 2006), making such methods unsuitable

for monitoring biotic change. What is required, therefore, is a

general methodology for predicting and linking spatial biodi-

versity patterns across scales, that is sufficiently robust and

flexible to allow its application to a range of natural or man-

aged systems. Here, we propose such an approach.
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Fig. 1. Ecological patterns are interlinked and scale dependent. The
profile of the species-abundance distribution (upper plots) changes
from fine to coarse scales and the species-area relationship (lower plot)
increases as a function of the sampled area with a scale-dependent
slope. Both patterns are inextricably connected to spatial aggregation
of conspecific individuals and similarity decay in species composition.
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P(k|n, r̂p, ˆ⇠p) =
✓
n

k

◆
p

k
(1� p)

n�k
. (4)

We also set P(k|n, r̂p, ˆ⇠p) = 0 if n < k. For k > 0 we get

P(k|r̂p, ˆ⇠p) =
1X

n=k

✓
n

k

◆
p

k
(1� p)

n�k · c
✓
n+ r � 1

n

◆
⇠

n
(1� ⇠)

r

= c

✓
k + r � 1

k

◆⇣
p⇠

1� ⇠(1� p)

⌘k⇣
1� ⇠

1� ⇠(1� p)

⌘r

= c

✓
k + r̂p � 1

k

◆
ˆ

⇠

k
p (1� ˆ

⇠p)
r̂p
,

(5)

where we inserted the following explicit relations for the parameters ˆ

�

�

�(p|1, r, ⇠):

r̂p = r (6)

and

ˆ

⇠p =
p⇠

1� ⇠(1� p)

. (7)

4

not flexible enough21 to capture different patterns of RSA’s8, 24, 31–35, especially a count of the rare142

species in tropical forests (see Supplementary Information, section 4). In order to test whether the143

more reliability of the NB method with respect to the LS one is due only to the introduction of the144

additional parameter r, we conducted the Akaike information criterion, which has given the NB as145

preferred model for all tropical forests of our dataset but one for which r is very close to zero.146

4. Finally, if one chooses two contiguous patches having NB as RSA distributions characterized by the147

same parameters r and ⇠ ⌘ ⇠1/2 and combines the two, quite remarkably, the resulting larger patch is148

also characterized by an NB distribution with the same, scale-invariant, value of r and an new scale-149

dependent parameter, ⇠, given by the analytical expression in equation (3) below with p = 1/2. This150

special form-invariant property of the NB distribution, albeit with a scale dependent parameter, makes151

it particularly well suited for our extrapolation studies.152

Denoting the fraction of sampled area of a forest by p, one finds (see Supplementary information,153

section 1) that the total number of species at the largest scale (p = 1) is related to the number of species at154

scale p, Sp, by155

S = Sp
1� (1� ⇠)r

1� (1� ⇠p)r
, (2)

where ⇠p and r are the fitted parameters of the NB of the RSA distribution at scale p. As noted before156

r is scale invariant and hence independent of p, whereas the parameter ⇠ at the largest scale, p = 1, is given157

by158
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predictions of S using published estimates of both N and Nmax (6,
7, 31, 32). Assuming that global microbial N ranges from 9.2·1029 to
3.2·1030 (6, 7), the lognormal predicts 3.2 ± 0.23·1012 species when
Nmax is predicted from the dominance scaling law (Materials and
Methods). However, using published estimates forNmax ranging from
2.9·1027 to 2.4·1028 (31, 32), the lognormal model predicts a value of
global microbial S that is on the same order of magnitude as the
richness-abundance scaling relationship (i.e., 3.9 ± 0.05·1011 species)
(Fig. 3). The general agreement between the lognormal model and
the richness scaling relationship is encouraging given the magnitude
of these predictions.
Our predictions of S for large microbiomes are among the most

rigorous to date, resulting from intersections of empirical scaling,
ecological theory, and the largest ever molecular surveys of micro-
bial communities. However, several caveats should be considered.
First, observed S for the Earth Microbiome Project (EMP) differed
greatly depending on whether we used closed or open reference
data (Materials and Methods), where S was ∼6.9·104 and 5.6·106,
respectively. In our main study, we used the closed reference data
owing to the greater accuracy of that approach and because 42% of
all taxa in the open reference EMP dataset were only detected twice
or less. Consequently, choices, such as how to assign operational
taxonomic units (OTUs) and which primers or gene regions to use,
need to be made cautiously and deliberately. Second, estimates of S
will be much greater than observed when many species are detected
only once or twice, such as with the EMP. Statistical estimators of S,
such as rarefaction, jackknife, Chao, etc., are driven by singletons
and doubletons (26). Third, it is difficult to estimate the portion of
species missed when only a miniscule fraction of all individuals is
sampled. For example, the intersection of the lognormal model and
the richness scaling relationship suggests that S for an individual
human gut could range from 105 to 106 species (Fig. 3). However, S
of the human gut samples is often on the order of 103, whereas

N is often less than 106. These sample sizes are vanishingly small
fractions of the gut microbiome, even when many samples are
compiled together. For example, compiling all 4,303 samples from
the Human Microbiome Project (HMP) dataset yields only 2.2·107
reads, hardly sufficient for detecting 105–106 species among 1014
cells. Consequently, detecting the true S of microbiomes with large
N is a profound challenge that requires many large samples.

Conclusion
We estimate that Earth is inhabited by 1011–1012 microbial species.
This prediction is based on ecological theory reformulated for large-
scale predictions, an expansive dominance scaling law, a richness
scaling relationship with empirical and theoretical support, and the
largest molecular surveys compiled to date. The profound magnitude
of our prediction for Earth’s microbial diversity stresses the need for
continued investigation. We expect the dominance scaling law that
we uncovered to be valuable in predicting richness, commonness,
and rarity across all scales of abundance. To move forward, biologists
will need to push beyond current computational limits and increase
their investment in collaborative sampling efforts to catalog Earth’s
microbial diversity. For context, ∼104 species have been cultured, less
than 105 species are represented by classified sequences, and the
entirety of the EMP has cataloged less than 107 species, 29% of
which were only detected twice. Powerful relationships like those
documented here and a greater unified study of commonness and
rarity will greatly contribute to finding the potentially 99.999% of
microbial taxa that remain undiscovered.

Materials and Methods
Data. Our macrobial datasets comprised 14,862 different sites of mammal, tree,
and bird communities. We used a compilation of data that included species
abundance data for communities distributed across all continents, except Ant-
arctica (40). This compilation is based, in part, on five continental- to global-scale
surveys: United States Geological Survey (USGS) North American Breeding Bird
Survey (41) (2,769 sites), citizen science Christmas Bird Count (42) (1,412 sites),
Forest Inventory Analysis (43) (10,356 sites), Alwyn Gentry’s Forest Transect Data
Set (44) (222 sites), and one global-scale data compilation: the Mammal Com-
munity Database (45) (103 sites). We limited our Christmas Bird Count dataset to
sites where N was no greater than 104 (i.e., the reported maximum N for the
North American Breeding Bird Survey). Above that, estimates of N are not likely
based on counts of individuals. No site is represented more than once in our
data. Greater detail can be found elsewhere (appendix in ref. 40).

We used 20,376 sites of communities of bacteria, archaea, and microscopic
fungi; 14,615 of these were from the EMP (1) obtained on August 22, 2014.
Sample processing, sequencing, and amplicon data are standardized and per-
formed by the EMP, and all are publicly available at qiita.microbio.me/. The
EMP data consist of open and closed reference datasets. The Quantitative In-
sights Into Microbial Ecology (QIIME) tutorial (qiime.org/tutorials/otu_picking.
html) defines closed reference as a classification scheme where any rRNA reads
that do not hit a sequence in a reference collection are excluded from analysis.
In contrast, open reference refers to a scheme where reads that do not hit a
reference collection are subsequently clustered de novo and represent unique
but unclassified taxonomic units. Our main results are based on closed reference
data because of the greater accuracy of that approach and because 13% of all
taxa in the open reference EMP dataset were only detected once, whereas 29%
were only detected twice.

We also used 4,303 sites from the Data Analysis and Coordination Center for
the NIH Common Fund-supported HMP (46). These data consisted of samples
taken from 15 or 18 locations (including the skin, gut, vagina, and oral cavity) on
each of 300 healthy individuals. The V3–V5 region of the 16S rRNA gene was
sequenced for each sample. We excluded sites from pilot phases of the HMP as
well as time series data. More detail on HMP sequencing and sampling protocols
can be found at hmpdacc.org/micro_analysis/microbiome_analyses.php.

We included1,319 nonexperimental PCR-targeted rRNAamplicon sequencing
projects from the Argonne National Laboratory metagenomics server MG-RAST
(47). Represented in this compilation were samples from arctic aquatic systems
(130 sites; MG-RAST ID: mgp138), hydrothermal vents (123 sites; MG-RAST ID:
mgp327) (48), freshwater lakes in China (187 sites; MG-RAST ID: mgp2758) (49),
arctic soils (44 sites; MG-RAST ID: mgp69) (50), temperate soils (84 sites;
MG-RAST ID: mgp68) (51), bovine fecal samples (16 sites; MG-RAST ID: mgp14132),
human gut microbiome samples not part of the HMP (529 sites; MG-RAST ID:
mgp401) (52), a global-scale dataset of indoor fungal systems (128 sites) (53), and

Fig. 3. The microbial richness-abundance scaling relationship (dashed red
line) supports values of S predicted from the lognormal model using the
published ranges of N and Nmax (gray dots) as well as ranges of Nmax pre-
dicted from the dominance scaling law (blue dots). The pink hull is the 95%
prediction interval for the regression based on 3,000 sites chosen by strati-
fied random sampling (red scatterplot). The scaling equation and r2 value
are based solely on the red scatterplot data. SEs around predicted S are too
small to illustrate.
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A communal catalogue reveals Earth’s 
multiscale microbial diversity
Luke R. Thompson1,2,3, Jon G. Sanders1, Daniel McDonald1, Amnon Amir1, Joshua Ladau4, Kenneth J. Locey5, Robert J. Prill6, 
Anupriya Tripathi1,7,8, Sean M. Gibbons9,10, Gail Ackermann1, Jose A. Navas-Molina1,11, Stefan Janssen1, Evguenia Kopylova1, 
Yoshiki Vázquez-Baeza1,11, Antonio González1, James T. Morton1,11, Siavash Mirarab12, Zhenjiang Zech Xu1, Lingjing Jiang1,13, 
Mohamed F. Haroon14, Jad Kanbar1, Qiyun Zhu1, Se Jin Song1, Tomasz Kosciolek1, Nicholas A. Bokulich15, Joshua Lefler1, 
Colin J. Brislawn16, Gregory Humphrey1, Sarah M. Owens17, Jarrad Hampton-Marcell17,18, Donna Berg-Lyons19, 
Valerie McKenzie20, Noah Fierer20,21, Jed A. Fuhrman22, Aaron Clauset19,23, Rick L. Stevens24,25, Ashley Shade26,27,28, 
Katherine S. Pollard4, Kelly D. Goodwin3, Janet K. Jansson16, Jack A. Gilbert17,29, Rob Knight1,11,30 & The Earth Microbiome 
Project Consortium*

A primary aim of microbial ecology is to determine patterns and 
 drivers of community distribution, interaction, and assembly amidst 
complexity and uncertainty. Microbial community composition has 
been shown to change across gradients of environment, geographic 
distance,  salinity, temperature, oxygen, nutrients, pH, day length, 
and biotic factors1–6. These patterns have been identified mostly by 
 focusing on one sample type and region at a time, with insights extra-
polated across environments and geography to produce generalized 
 principles. To assess how microbes are distributed across environments 
 globally—or whether microbial community dynamics follow funda-
mental ecological ‘laws’ at a planetary scale—requires either a massive 
monolithic cross-environment survey or a practical methodology for 
coordinating many independent surveys. New studies of microbial 
environments are rapidly accumulating; however, our ability to extract 
meaningful information from across datasets is outstripped by the rate 
of data  generation. Previous meta-analyses have suggested robust gen-
eral trends in community composition, including the importance of 
 salinity1 and animal association2. These findings, although derived 
from relatively small and uncontrolled sample sets, support the util-

ity of meta-analysis to reveal basic patterns of microbial diversity and 
suggest that a scalable and accessible analytical framework is needed.

The Earth Microbiome Project (EMP, http://www.earthmicrobiome.
org) was founded in 2010 to sample the Earth’s microbial communities 
at an unprecedented scale in order to advance our understanding of the 
organizing biogeographic principles that govern microbial commu-
nity structure7,8. We recognized that open and collaborative  science, 
including scientific crowdsourcing and standardized methods8, would 
help to reduce technical variation among individual studies, which 
can overwhelm biological variation and make general trends difficult 
to detect9. Comprising around 100 studies, over half of which have 
yielded peer-reviewed publications (Supplementary Table 1), the EMP 
has now dwarfed by 100-fold the sampling and sequencing depth of 
 earlier meta-analysis efforts1,2; concurrently, powerful analysis tools 
have been developed, opening a new and larger window into the distri-
bution of microbial diversity on Earth. In establishing a scalable frame-
work to catalogue microbiota globally, we provide both a resource for 
the exploration of myriad questions and a starting point for the guided 
acquisition of new data to answer them. As an example of using this 

Our growing awareness of the microbial world’s importance and diversity contrasts starkly with our limited 
understanding of its fundamental structure. Despite recent advances in DNA sequencing, a lack of standardized protocols 
and common analytical frameworks impedes comparisons among studies, hindering the development of global inferences 
about microbial life on Earth. Here we present a meta-analysis of microbial community samples collected by hundreds 
of researchers for the Earth Microbiome Project. Coordinated protocols and new analytical methods, particularly the use 
of exact sequences instead of clustered operational taxonomic units, enable bacterial and archaeal ribosomal RNA gene 
sequences to be followed across multiple studies and allow us to explore patterns of diversity at an unprecedented scale. 
The result is both a reference database giving global context to DNA sequence data and a framework for incorporating 
data from future studies, fostering increasingly complete characterization of Earth’s microbial diversity.
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tool, we present a meta-analysis of the EMP archive, tracking individual 
sequences across diverse samples and studies with standardized envi-
ronmental descriptors, investigating large-scale ecological patterns, 
and exploring key hypotheses in ecological theory to serve as seeds 
for future research.

A standardized and scalable approach
The EMP solicited the global scientific community for environmen-
tal samples and associated metadata spanning diverse environments 
and capturing spatial, temporal, and/or physicochemical covariation. 
The first 27,751 samples from 97 independent studies (Supplementary 
Table 1) represent diverse environment types (Fig. 1a), geographies 
(Fig. 1b), and chemistries (Extended Data Fig. 1). The EMP encom-
passes studies of bacterial, archaeal, and eukaryotic microbial  diversity. 
The analysis here focuses exclusively on the bacterial and archaeal 
components of the overall database (for concision, use of ‘microbial’ 
will hereafter refer to bacteria and archaea only). Associated meta-
data included environment type, location information, host taxonomy  
(if relevant), and physico chemical measurements (Supplementary  
Table 2). Physicochemical measurements were made in situ at the time 
of sampling. Investigators were encouraged to measure temperature 
and pH at minimum. Salinity, oxygen, and inorganic nutrients were 
measured when possible, and investigators collected additional meta-
data pertinent to their particular investigations.

Metadata were required to conform to the Genomic Standards 
Consortium’s MIxS and Environment Ontology (ENVO) standards10,11. 
We also used a light-weight application ontology built on top of ENVO: 
the EMP Ontology (EMPO) of microbial environments. EMPO was 
 tailored to capture two major environmental axes along which micro-
bial beta-diversity has been shown to orient: host association and 
 salinity1,2. We indexed the classes in this application ontology (Fig. 1a) 
as levels of a structured categorical variable to classify EMP samples as 
host-associated or free-living (level 1). Samples were categorized within 
those classes as animal-associated versus plant-associated or saline 
 versus non-saline, respectively (level 2). A finer level (level 3) was then 
assigned that satisfied the degree of environment granularity sought 
for this meta-analysis (for example, sediment (saline), plant rhizos-
phere, or animal distal gut). We expect EMPO to evolve as new studies 

and sample types are added to the EMP and as additional  patterns of 
beta-diversity are revealed.

We surveyed bacterial and archaeal diversity using amplicon 
sequencing of the 16S rRNA gene, a common taxonomic marker for 
bacteria and archaea12 that remains a valuable tool for microbial  ecology 
despite the introduction of whole-genome methods (for  example, 
shotgun metagenomics) that capture gene-level functional diversity13. 
DNA was extracted from samples using the MO BIO PowerSoil DNA 
extraction kit, PCR-amplified, and sequenced on the Illumina platform. 
Standardized DNA extraction was chosen to minimize the potential 
bias introduced by different extraction  methodologies; however, extrac-
tion efficiency may also be subject to interactions between sample 
type and cell type, and thus extraction effects should be considered 
as a  possible confounding factor in interpreting results. We amplified 
the 16S rRNA gene (V4 region) using primers14 shown to recover 
sequences from most bacterial taxa and many archaea15. We note that 
these primers may miss newly discovered phyla with alternative riboso-
mal gene structures16, and subsequent modifications not used here have 
shown improved efficiency with certain clades of Alphaproteobacteria 
and Archaea17–19. We  generated sequence reads of 90–151 base pairs 
(bp) (Extended Data Fig. 2a, Supplementary Table 1), totaling 2.2 
 billion sequences, an average of 80,000 sequences per sample.

Sequence analysis and taxonomic profiling were done initially using 
the common approach of assigning sequences to operational taxonomic 
units (OTUs) clustered by sequence similarity to existing rRNA data-
bases14,20. While this approach was useful for certain analyses, for many 
sample types, especially plant-associated and free-living communities, 
one-third of reads or more could not be mapped to existing rRNA 
databases (Extended Data Fig. 2b). We therefore used a reference-free 
method, Deblur21, to remove suspected error sequences and provide 
single-nucleotide resolution ‘sub-OTUs’, also known as ‘amplicon 
sequence variants’22, here called ‘tag sequences’ or simply ‘sequences’. 
Because Deblur tag sequences for a given meta-analysis must be the 
same length in each sample, and some of the EMP studies have read 
lengths of 90 bp, we trimmed all sequences to 90 bp for this meta- 
analysis. We verified that the patterns presented here were not adversely 
affected by trimming the sequences (Extended Data Fig. 3). As we show, 
90-bp sequences were sufficiently long to reveal detailed patterns of 
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We develop and test new models that unify the mathematical relationships among the abundance of a
species, the spatial dispersion of the species, the number of patches occupied by the species, the edge
length of the occupied patches, and the scale on which the distribution of species is mapped. The models
predict that species distributions will exhibit percolation critical thresholds, i.e., critical population
abundances at which the fragmented patches (as measured by the number of patches and edge length)
start to coalesce to form large patches.
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Understanding the relationship between the distribu-
tion and abundance of species is a central goal of ecology
and biogeography [1,2]. To study this relationship, the
distribution and abundance of a species are typically mea-
sured by gridding a study area into a lattice and then
enumerating the species in each cell of the lattice (Fig. 1).
The distribution of a species is commonly recorded by
occupancy (the number of occupied cells), and the abun-
dance by the total number of individuals in all occupied
cells. Although occupancy is a useful measure of distri-
bution, it fails to capture significant features of distribu-
tion [3]. Thus, two species having the same occupancy
may nevertheless exhibit very different distribution pat-
terns. In order adequately to describe the spatial structure
of species distribution, it is also important to consider the
number of patches that the occupied cells form as well as
the total length of the perimeter (edge length) of all the
patches. The subject of the relationship between occu-
pancy and abundance is currently one of the most inten-
sively investigated topics in ecology [3–5], However, the
relationships between perimeter and abundance and be-
tween the number of patches and abundance have not been
studied. These latter relationships are of particular sig-
nificance because they measure, to a great extent, the
degree of fragmentation of landscapes. This study is to
establish these two new relationships and to report their
percolation phenomena.

The perimeter of a distribution is defined as the length
of the joins between occupied and empty cells, and a
patch is defined as a group of occupied cells which are
connected side by side [Fig. 1(b)]. Here a join is a common
edge between two cells. Given an occurrence map, the
occupancy of a cell can be modeled as the result of a
stochastic process according to the theory of percolation
[6]. Let p denote the probability that a cell is occupied.
One can create a statistical model of p as a function of
three factors: the abundance of the species, its spatial
distribution, and the cell size of the map. A function
incorporating all three factors that has been in widespread
use in ecology is [7,8]

p ! 1"
!

1# aN
Ak

""k
; (1)

where A is the total area of the map, a is the cell size, N is
the total number of individuals of the species, and k is a
clumping parameter describing the spatial dispersion
pattern of the species in the area. Parameter k is defined
in the domain of $"1;"!% or $0;#1%, where ! ! aN=A
is the mean density of the species per cell. In Eq. (1),
positive k describes aggregated dispersion patterns; nega-
tive k describes regular dispersion patterns of species [8].
It has been shown that the negative/positive binomial
distribution on which Eq. (1) is based can be generated
from a wide range of mechanisms including death and
birth processes [9]. Note that the widely used occurrence
probability, p ! 1" $1" a

A%N, for a randomly placed
species, is just a special case of Eq. (1), for k ! "N [10].

As a first approximation, we assume the occupancy of
cells in a map are independent events. Under this assump-
tion, the probability that, of two adjacent cells, one is
occupied and one is not, is simply p$1" p%. Then the
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Emergence of structural and dynamical properties of
ecological mutualistic networks
Samir Suweis1, Filippo Simini2,3, Jayanth R. Banavar4 & Amos Maritan1

Mutualistic networks are formed when the interactions between
two classes of species are mutually beneficial. They are important
examples of cooperation shaped by evolution. Mutualism between
animals and plants has a key role in the organization of ecological
communities1–3. Such networks in ecology have generally evolved
a nested architecture4,5 independent of species composition and
latitude6,7; specialist species, with only few mutualistic links, tend
to interact with a proper subset of the many mutualistic partners of
any of the generalist species1. Despite sustained efforts5,8–10 to explain
observed network structure on the basis of community-level stabi-
lity or persistence, such correlative studies have reached minimal
consensus11–13. Here we show that nested interaction networks could
emerge as a consequence of an optimization principle aimed at maxi-
mizing the species abundance in mutualistic communities. Using
analytical and numerical approaches, we show that because of the
mutualistic interactions, an increase in abundance of a given species
results in a corresponding increase in the total number of individuals
in the community, and also an increase in the nestedness of the
interaction matrix. Indeed, the species abundances and the nested-
ness of the interaction matrix are correlated by a factor that depends
on the strength of the mutualistic interactions. Nestedness and the
observed spontaneous emergence of generalist and specialist species
occur for several dynamical implementations of the variational prin-
ciple under stationary conditions. Optimized networks, although
remaining stable, tend to be less resilient than their counterparts
with randomly assigned interactions. In particular, we show analyti-
cally that the abundance of the rarest species is linked directly to the
resilience of the community. Our work provides a unifying frame-
work for studying the emergent structural and dynamical properties
of ecological mutualistic networks2,5,10,14.

Statistical analyses of empirical mutualistic networks indicate that a
hierarchical nested structure is prevalent and is characterized by nested-
ness values that are consistently higher than those found in randomly
assembled networks with the same number of species and interactions1,6.
Nevertheless, the degree of nestedness varies among networks. Recently5,10,
it has been argued that nestedness increases biodiversity and begets
stability, but these results are in conflict with robust theoretical evi-
dences showing that ecological communities with nested interactions
are inherently less stable than unstructured ones12,14,15 and that mutua-
lism could be detrimental to persistence11,15. We aim to elucidate gene-
ral optimization mechanisms underlying network structure and its
influence on community dynamics and stability.

There is a venerable history of the use of variational principles for
understanding nature, which has led to major advances in many sub-
fields of physics, including classical mechanics, electromagnetism,
relativity, and quantum mechanics. Our goal is to determine the appro-
priate variational principle that characterizes a mutualistic community
in the absence of detailed knowledge of the nature and strengths of the
interactions between species and their environment. We begin by showing
that increases in the abundances of the species lead to an increase in the

total number of individuals (henceforth referred to as the total popu-
lation) within the mutualistic community. We then show that, under
stationary conditions, the total population is directly correlated with
nestedness and vice versa. Finally, we demonstrate that nested mutua-
listic communities are less resilient than communities in which species
interact randomly. These results suggest a simple and general optim-
ization principle: key aspects of mutualistic network structure and its
dynamical properties could emerge as a consequence of the maximiza-
tion of the species abundance in the mutualistic community (see Fig. 1).

We consider a community comprising a total of S interacting species
(see Methods), in which population dynamics is driven by interspecific
interactions. We model mutualistic and competitive species interactions
using both the classical Holling type I and II functional responses16–18

(Supplementary Information). We perform a controlled numerical experi-
ment at the stable stationary state by holding fixed the number of spe-
cies, the strengths of the interactions, and the connectance (the fraction
of non-zero interactions), and seek to maximize individual species
population abundances by varying the network architecture. The sim-
plest approach consists of repeatedly rewiring the interactions of a
randomly drawn species so as to increase its abundance, that is, each
selected species attempts to change its mutualistic partners in order to
enhance the benefit obtained from its interactions (see Methods and
Supplementary Information). The optimization principle may then be
interpreted within an adaptive evolutionary framework within which
species maximize the efficiency of resource usage19,20 and minimize
their chances of becoming extinct owing to stochastic perturbations21,22.
Interestingly, we find that enhancements in the abundance of any given
species most often results in growth of the total population along with a
concomitant increase of the nestedness (see Fig. 1). These results dem-
onstrate the existence of a correlation between nestedness and species
abundance and highlight a non-trivial collective effect through which
each successful switch affects the abundances of all species, leading to
an inexorable increase, on average, of the total number of individuals in
the community.

In order to make analytical progress and to better understand the
correlation found between the optimization of individual species abun-
dances, the total number of individuals in the community and nested-
ness, we turn to a mean field approximation5 in which the mutualistic
(and competitive) interactions are assumed to have the same magnitude.
Within this approximation, we are able to prove that (see Supplemen-
tary Information for mathematical details): (1) an increase in the abun-
dance of any species more often than not leads to a net increase in the
total population of the community; and (2) communities with larger
total population have interaction matrices with higher nestedness and
vice versa. The intraspecific (plant–plant and animal–animal) interac-
tions have a key but secondary role compared to the mutualistic (plant–
animal) interactions. The main effect of the intraspecific interactions is
to break the degeneracy in the network overlap (Supplementary Infor-
mation). Extensive numerical simulations in the more general, non-mean
field case of heterogeneous interactions also confirm these findings. The

1Dipartimento di Fisica e Astronomia ‘G. Galilei’ & CNISM, INFN, Università di Padova, Via Marzolo 8, 35131 Padova, Italy. 2Center for Complex Network Research and Department of Physics, Biology and
Computer Science, Northeastern University, Boston, Massachusetts 02115, USA. 3Institute of Physics, Budapest University of Technology and Economics Budafoki ut 8, Budapest H-1111, Hungary.
4Department of Physics, University of Maryland, College Park, Maryland 20742, USA.
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Explorability and the origin of 
network sparsity in living systems
Daniel M. Busiello, Samir Suweis, Jorge Hidalgo & Amos Maritan

The increasing volume of ecologically and biologically relevant data has revealed a wide collection 
of emergent patterns in living systems. Analysing different data sets, ranging from metabolic gene-
regulatory to species interaction networks, we find that these networks are sparse, i.e. the percentage 
of the active interactions scales inversely proportional to the system size. To explain the origin of this 
puzzling common characteristic, we introduce the new concept of explorability: a measure of the 
ability of an interacting system to adapt to newly intervening changes. We show that sparsity is an 
emergent property resulting from optimising both explorability and dynamical robustness, i.e. the 
capacity of the system to remain stable after perturbations of the underlying dynamics. Networks with 
higher connectivities lead to an incremental difficulty to find better values for both the explorability 
and dynamical robustness, associated with the fine-tuning of the newly added interactions. A relevant 
characteristic of our solution is its scale invariance, i.e., it remains optimal when several communities 
are assembled together. Connectivity is also a key ingredient in determining ecosystem stability and our 
proposed solution contributes to solving May’s celebrated complexity-stability paradox.

In inanimate matter, elementary units, such as spins or particles, always have their mutual interactions turned on 
(with the intensity decaying with their relative distance). Thus, the interaction network is dense, with all connec-
tions present, i.e. particles do not have the freedom to adjust or change their interactions unless they change their 
relative distances. In contrast, living systems are composed of interacting entities, such as genes1–4, metabolites1,5,6, 
individuals7–9, and species4,10–14, with the ability to rearrange and tune their own interactions in order to achieve 
a desired output1. Indeed, thanks to advances in experimental techniques, which are generating an increasing 
volume of publicly available ecologically and biologically relevant data, several studies indicate that interaction 
networks in living systems possess a non-random architecture characterised by the emergence of recurrent pat-
terns and regularities10,11,15,16.

Analysing different data sets of ecological, gene-regulatory, metabolic and other biological interaction net-
works1,2,11,12,17–19, (see Supplementary Information for details), we find that one ubiquitous emergent pattern is 
sparsity, i.e. the percentage of the active interactions (connectivity) scales inversely proportional to the system size 
(illustrated in Fig. 1). For example, in the case of ecological systems, species interact selectively even when they 
coexist at short distances and most of the interactions are turned off. A generic system formed by S interacting 
units may have a maximum number of interactions equal to S2 (including self-interactions), i.e. a connectivity C 
(defined as the fraction of active interactions) equal to 1. On the other hand, the minimum number of interac-
tions that guarantees that the interaction network is connected is of the order of S, that is ∼C S1/ , corresponding 
to the percolation threshold of random networks20. Thus, in this range of possible connectivities, it is quite sur-
prising that the observed ones in the analysed interaction networks all correspond to the lowest possible values. 
However, it is not known if this recurrent property gives any advantage or reward to the system and a theoretical 
framework to understand the origin of sparsity is still lacking.

Guided by such an intriguing observation, the main goal of our work is to shed some light on why this pattern 
emerges and to study, from a theoretical point of view, if the sparsity of interactions confers any advantage to 
the system. In this context, variational principles have been proven to be a useful tool to elucidate some of the 
recurrent patterns in nature11,21, In the same vein, in this work we propose an optimisation approach to describe 
the role of active interactions in living systems. We show that sparse networks offer, at the same time, a maximum 
capability of the system to visit as many stable attractors as possible by simply tuning the interaction strengths 
(explorability), as well as the largest robustness of the underlying dynamics, guaranteeing that such attractors 
remain stable (dynamical robustness).
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slightly worse results than the original one; however, even in this
form MusRank outperforms all other rankings.

Algorithm testing and comparison with other rankings. We com-
pared different rankings based on (see Methods) : a) decreasing
closeness centrality (CLOS), b) decreasing eigenvector centrality
(EIG), c) decreasing betweenness centrality (BTW), d) decreasing
degree centrality (DEG), e) increasing contribution to nestedness
(NES) as described in ref. 16, f) decreasing PageRank (PAGE), and
g) decreasing importance as measured by MusRank (MUS).

The average extinction area of the different algorithms was
obtained for all networks in the dataset. In the frequent case in which
the order is degenerate (more than one node were rated with the
same value), we considered 103 different randomizations and com-
puted the averaged extinction area.

For the sake of completeness we have also repeated all the protocol
above, but exchanging in Eq.(1) the roles of active and passive spe-
cies, i.e. assigning importances to passive species and vulnerabilities
to active ones. We refer to this as ‘‘reversed’’ algorithm. We have also
studied extinction areas by progressively removing passive species
(rather than active ones) and monitoring secondary extinctions of
active species.

Computational results. Figure 3 illustrates the performance of
the different rankings/algorithms for three different instances of
mutualistic networks. Extinction areas are plotted for each of the
considered ranking algorithms. In the three cases MusRank gives
results closest to the corresponding optimal solutions as derived
from the genetic algorithm. In almost all of the 63 studied cases,
results are much better for the novel ranking than for any of the
other ones (see Figure 3). PageRank gives similar results to Mus-
Rank in a few cases (including a relative large network with 102
nodes). Apart from this, only for very small networks (with less
than 17 active species) some other method different from PageRank
gives extinction areas similar to the ones of the novel algorithm. In

about one third of the networks, the ranking provided by MusRank is
as good as the one found by the GA and in some cases (networks for
which the GA could not converge in a reasonable time) extinctions
areas are larger for MusRank than for the GA.

Figure 4 gives a global picture of the performance of the different
rankings. It shows the difference, averaged over 60 mutualistic net-
works, between the optimal solution as found by the GA and that of
each specific ranking (the 3 networks for which the GA does not
converge are excluded from this analysis). Figure 4A illustrates that
the ranking provided by the MusRank –either in the direct or the
reversed form– greatly outperforms all others.

The same conclusion can be reached when progressively removing
passive rather than active species, ordered in a sequence of increasing
vulnerability (rather than decreasing importance), see Figure 4B.
Therefore, both targeting strategies and both the direct and the
reversed versions of the algorithm provide results of similar quality.

Optimally packed matrices. The ranking provided by MusRank, in
which nodes are arranged by their level of importance or vulnerability,
permits us to obtain a highly packed matrix as illustrated in Figure 5.
By ‘‘packed’’ we mean that a neat curve separates densely occupied
and empty parts of the matrix. It could be thought that this ordering
might be somewhat similar to the one that allegedly packs the matrix
in the most efficient way (as defined by existing algorithms usually
employed in the literature to measure nestedness17). However, as
Figure 5 vividly illustrates, the ordering provided by MusRank gives
a more packed matrix than that obtained by the standard method
employed by nestedness calculators17. This suggests that MusRank
should be used (rather than existing ones) to measure nestedness in
bipartite matrices.

Discussion
In this paper we have presented a novel framework to asses the
relative importance of species in mutualistic networks. Inspired by
a recent work on economics/econometrics we employ an algorithm,

Figure 2 | Left: schematic representation of the extinction protocol for an empirical mutualistic network (Arctic community21) with 18 active
(pollinators) and 11 passive (plants) species). Both active (left) and passive (right) species are ordered following some prescribed ranking; from the
highest ranked species (top) to the lower-ranked ones (bottom). The (blue and red) lines represent mutualistic interactions as encoded in the interaction
(or adjacency) matrix. Active species are progressively removed from the community, their corresponding (red) links are erased, and passive species are
declared extinct whenever they lose all their connections. Right: extinction curve, showing the fraction of extinct passive species as a function of the
number of sequentially removed active ones for a given specified ranking. The shaded region is the extinction area for the ranking under consideration.
Different rankings lead to different extinction areas. The larger the area the better the ranking.
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Declino di biodiversità e cascata di estinzioni

Ecological networks may be viewed as a set of species (nodes)
connected by interspecific interactions (competition,
predation, parasitism and mutualism), represented by the

links. Even though interaction strengths are largely unknown, the
architecture of the ecological interaction networks has been
thoroughly investigated, showing its important role in shaping
and regulating community dynamics and in structuring diversity
patterns1–8. Several studies recognized the strong impact of the
non-random structures of empirical interaction networks on both
the resilience (time to return to the steady state after a small
perturbation) and the persistence (number of coexisting species at
equilibrium) of ecological communities9–14, and much theoretical
effort has been made to understand the relationship between
stability and complexity in ecological communities, one of
the most debated issues in ecology15–18. In mutualistic
networks, where species beneficially interact with each other, a
core–periphery structure has been observed ubiquitously19. The
network core refers to a central and densely connected set of
nodes, while the periphery denotes a sparsely connected non-
central set of nodes, which are linked to the core. It has been
posited that the architecture of mutualistic networks minimizes
competition and increases biodiversity7, community stability
(resilience) and persistence20, but other studies have
demonstrated that structured mutualistic ecological networks
may be less stable than their random counterparts14,21. It has also
been shown that community stability decreases as community
size increases, and that this result holds even for more realistic
ecological interactions with a mixing of interaction types (‘hybrid
communities’)22. Most of the aforementioned studies focused
either on the resilience of the system—measured by the
maximum real part of the eigenvalues of the community
matrix14,15,21—or on the number of species that persist when
starting from non-stationary conditions7,8. However, both
approaches have important limitations. Indeed, the maximum
real part of the community matrix eigenvalues only describes
the rate of recovery from perturbations in the long time
limit, providing no information on the transient response.
Perturbations can grow significantly before decaying, possibly
impacting species’ fate (Fig. 1a). A system at its stable stationary
state that experiences such initial amplifications of the
perturbations is called reactive23,24. On the other hand,
persistence (measured as the fraction of initial species with
positive stationary population density16) is strongly sensitive to
initial conditions, the system’s distance from stationarity and the
choice of model and parameters8,25,26. To garner a better
understanding of the effect of perturbations on ecological

communities, one should also study how the components of the
leading eigenvectors (that is, the right and left eigenvectors
associated with the eigenvalue having the largest real part) are
distributed, that is, study the localization of the system. In
condensed matter physics, localization, also known as Anderson
localization27, is the absence of diffusion of waves in a disordered
medium, and it describes the ability of waves to propagate
through the system. Other approaches (for example, Markov
chain models28, or the inverse community matrix29) can be used
to study how disturbances propagate in species interaction
networks and what their effects are on other species (that is,
how many other species do they affect and what is the magnitude
of this effect). However, it has been shown that small variations in
the interaction strengths may lead to very different model
predictions30,31. Our theoretical framework may be considered as
a complementary methodology to gain information on the
general relation patterns between the interaction network
architecture and the ability of perturbations to propagate within
the system. Our goal in this work is to determine the degree of
localization of eigenvectors in mutualistic ecological networks as a
function of the network size, structure and interaction strengths,
and to study the impact of localization on the perturbation
amplitude and spreading within the system. Here we show that
localization may be a useful mechanism that impacts on the
stability of ecological networks. In fact, localization attenuates
(asymptotically) and reduces perturbation propagation through
the network. We find that mutualistic ecological networks are
indeed localized and localization patterns are correlated with
some network topological properties; in particular, heterogeneity
in the weighted species degrees promotes localization in the
network. Furthermore, the observed localization increases with
the size of the ecological communities, highlighting a trade-off
between the asymptotic resilience of the system and the
attenuation of perturbations.

Results
Theoretical framework. The mutualistic interactions of an
ecological community can be encoded in a bipartite binary graph
represented by its adjacency matrix B containing S nodes
(species) that are partitioned into two disjoint sets, one
containing the animals (insect pollinators), the other the plants.
Each of the L (undirected) edges connects two nodes, one in the
set of animals (of size A) and the other in the set of plants (of size
P), that is, Bkl¼ 1 if insect k and plant l interact. S¼Aþ P is the
total number of species in the community. We analyse 59

a cb

Time

0.5

0.4

0.3

0.2

0.1

0

P
er

tu
rb

at
io

n 
st

re
ng

th

!H reactivity

!1 resilience

1 amplitude

Figure 1 | Propagation of the perturbation through the network. (a) Trajectory of a perturbation through time. Reactivity (lH) measures whether
perturbations grow before decaying; asymptotic resilience l1 indicates whether perturbations eventually decay; and the asymptotic perturbation amplitude
A1 describes the intensity of the perturbation for large time. The principal right eigenvector determines which species will be affected most by the
perturbation after its propagation, while the left principal eigenvector controls which species are the most sensitive to the initial perturbation. The weighted
degree heterogeneity affects the localization pattern in the network: (b) is a regular graph where each node is connected to six other nodes, while (c) is a
power-law scale-free graph2 of the same size and with similar connectance. In both cases, edge weights are randomly extracted from a Gamma distribution.
The size and the colour of the nodes indicate the absolute values of the corresponding component of the leading right eigenvector. In b, all species are
equally perturbed. In contrast, in c, only few species are affected.
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