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Co-occurrence network of fluvial biofilm members 
sampled from rivers with catchment size < 5km2  

Motivation 

Given the topological (interaction-,  
co-occurrence-) structure of a  
microbial community –  
can we conclude on function? 
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   Where do we come from? 
 

Ecological theory of community assembly 
Network theory on biological network evolution 
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Succession Community assembly Niche theory 
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Jared Diamond 
      1937 
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Georgii Gause 
1910-1986 

Stephen Hubbell 
         1942 

Mathew Leibold 

Metacommunity 
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R E V I EW S

Box 2 | Network models

Network models are crucial for shaping our understanding of complex networks and help to explain the origin of observed network
characteristics. There are three models that had a direct impact on our understanding of biological networks.

Random networks 
The Erdös–Rényi (ER) model of a random network14 (see figure, part A) starts with N nodes and connects each pair of nodes with probability p,
which creates a graph with approximately pN(N–1)/2 randomly placed links (see figure, part Aa). The node degrees follow a Poisson distribution
(see figure, part Ab), which indicates that most nodes have approximately the same number of links (close to the average degree <k>). The tail
(high k region) of the degree distribution P(k) decreases exponentially, which indicates that nodes that significantly deviate from the average are
extremely rare. The clustering coefficient is independent of a node’s degree, so C(k) appears as a horizontal line if plotted as a function of k (see
figure, part Ac). The mean path length is proportional to the logarithm of the network size, l ~ log N, which indicates that it is characterized by the
small-world property.

Scale-free networks
Scale-free networks (see figure, part B) are characterized by a power-law degree distribution; the probability that a node has k links follows 
P(k) ~ k –!, where ! is the degree exponent. The probability that a node is highly connected is statistically more significant than in a random graph,
the network’s properties often being determined by a relatively small number of highly connected nodes that are known as hubs (see figure, part
Ba; blue nodes). In the Barabási–Albert model of a scale-free network15, at each time point a node with M links is added to the network, which
connects to an already existing node I with probability "I = kI/#JkJ, where kI is the degree of node I (FIG. 3) and J is the index denoting the sum over
network nodes. The network that is generated by this growth process has a power-law degree distribution that is characterized by the degree
exponent ! = 3. Such distributions are seen as a straight line on a log–log plot (see figure, part Bb). The network that is created by the
Barabási–Albert model does not have an inherent modularity, so C(k) is independent of k (see figure, part Bc). Scale-free networks with degree
exponents 2<!<3, a range that is observed in most biological and non-biological networks, are ultra-small34,35, with the average path length
following ! ~ log log N, which is significantly shorter than log N that characterizes random small-world networks.

Hierarchical networks
To account for the coexistence of modularity, local clustering and scale-free topology in many real systems it has to be assumed that clusters
combine in an iterative manner, generating a hierarchical network47,53 (see figure, part C). The starting point of this construction is a small cluster
of four densely linked nodes (see the four central nodes in figure, part Ca). Next, three replicas of this module are generated and the three external
nodes of the replicated clusters
connected to the central node of
the old cluster, which produces a
large 16-node module. Three
replicas of this 16-node module
are then generated and the 16
peripheral nodes connected to
the central node of the old
module, which produces a new
module of 64 nodes. The
hierarchical network model
seamlessly integrates a scale-free
topology with an inherent
modular structure by generating
a network that has a power-law
degree distribution with degree
exponent ! = 1 + !n4/!n3 = 2.26
(see figure, part Cb) and a large,
system-size independent average
clustering coefficient <C> ~ 0.6.
The most important signature of
hierarchical modularity is the
scaling of the clustering
coefficient, which follows 
C(k) ~ k –1 a straight line of slope
–1 on a log–log plot (see figure,
part Cc). A hierarchical
architecture implies that sparsely
connected nodes are part of
highly clustered areas, with
communication between the
different highly clustered
neighbourhoods being
maintained by a few hubs 
(see figure, part Ca).

A  Random network

Ab

Ac

Aa

Bb

Bc

Ba

Cb

Cc

Ca

B  Scale-free network C  Hierarchical network

1

0.1

0.01

0.001

0.0001

1 10 100 1,000
P

(k
)

C
(k

)

k k

k
k k

P
(k

)

P
(k

)

100

10

10–1

10–2

10–3

10–4

10–5

10–6

10–7

10–8

100 1,000 10,000

C
(k

)

lo
g 

C
(k

)

log k
             Stefanie Widder Microbial communities and the structure-function twins. 

(Cellular) scale-free NWs: 
Duplication-rewiring, the-rich-get-richer 

Barabasi & Albert (1999)
Pastor-Satorras et al. (2003)
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Bascompte & Stouffer (2009)
Olesen and Bascompte (2007)

Research Station in Greenland. The soil is covered by
snow for approximately 10 consecutive months, which
leaves a wonderful opportunity to witness the entire
network assembly process from the beginning of each
season. Jens Olesen and a group of students recorded the
species and interactionseveryday, allowing the character-
ization of the attachment process of this network.

Physicists proposed a simple model that is able
to generate these skewed connectivity distributions,
the so-called preferential attachment (Simon 1955;
Barabasi & Albert 1999). Roughly speaking, this model
proceeds as follows. Let us imagine an initial set of
nodes and interactions. When a new node is introduced
to the network, it interacts with an existing node
selected at random, proportional to the existing node’s
number of interactions. If this process is repeated,
small initial differences in the number of interactions of
each node are amplified; this is a kind of ‘rich gets
richer’ process (Barabasi & Albert 1999). In some
sociological and physical examples, this process could
be tested, but this had not previously been the case
in ecology.

Olesen et al. (2008) showed that the attachment is
intermediate between preferential and random. Impor-
tantly, this process is compatible with the skewed
truncated power-law connectivity distributions pre-
viously reported (Jordano et al. 2003). From an
ecological point of view, the results by Olesen et al.
(2008) are telling us that the ecological network is
assembled so that new species tend to interact

predominantly with already well-connected species
because these species are either more abundant or
have a higher phenophase. In this community, plant
abundance explains only 12 per cent of plant linkage
level, while phenophase length explains between 50
and 70 per cent of the variance.

The previous field experiment provides insight into
the assembly of a real pollination network at a species
level. One could argue that many mechanistic models
developed to explain ecological network structure, such
as the cascade model of Cohen (1989) or the niche
model of Williams & Martinez (2000), similarly
provide insight into food web assembly at a species
level. This argument relies on the idea that these
models use heuristic rules for how predators in an
ecological community select their prey. An intriguing,
but heretofore untested, question is whether one can
empirically measure if those heuristic mechanisms that
can explain the entire food web structure are the same
mechanisms undergone during the assembly of the
ecosystem, or the same mechanisms, for example, that
would be used by invasive species in the community.

Another indirect way to explore instances of network
assembly is through careful field exclusion experi-
ments. One of these experiments was developed in the
Tuesday Lake by Cohen et al. (2003). In 1985, three
species of planktivorous fishes were removed and
one species of piscivorous fish was introduced.
Comparisons of the data from 1984 and 1986 show
that the manipulation produced at most minor
differences in the structure of the food web, despite
the fact that species composition changed, as did
relative abundance among species categories. This
pattern is quite similar to the pattern found in
pollination networks. Both Olesen et al. (2008) and
Petanidou et al. (2008) analysed the temporal dynamics
of two pollination networks across several years.
Interestingly enough, these independent studies arrive
at the same conclusion: there is high turnover in both
species and interactions between years, yet the overall
network architecture remains quite constant. This
robustness of network architecture in front of sampling
effort both in time and in space was also concluded in a
more local study by Nielsen & Bascompte (2007).

A complementary approach in between the scale of
individual species and complete networks examines the
basic building blocks of complex networks. While this
recent set of studies does not provide information on
dynamics, they provide a step in the right direction by
examining the relative frequency of each one of these
structural and dynamic components.

(b) Network motifs: the basic building
blocks of complex networks
An influential paper by Milo et al. (2002) first
introduced the idea of the network motifs that are
subgraphs of interconnections that appear significantly
more often than expected by chance in complex
networks. These motifs can then be viewed as the
fundamental building blocks of the representative
complex networks (figure 1). When examining the
complete set of unique connected subgraphs for a
specified number of nodes, it was additionally observed
that some classes of complex networks exhibit

modules

whole network

mesoscale

Figure 1. The different approaches to food web research.
Traditionally, ecologists have either studied the dynamics
of simple trophic modules (left) or the statistical properties of
entire food webs (right). In the last few years, ecologists have
tried to bridge between these two research agendas by
exploring how well represented are these trophic modules in
entire food webs (black arrow). Some of these modules are
over-represented; they are called networks motifs and can be
regarded as the basic building blocks of complex food webs.
The next step in understanding network assembly is to focus
on the mesoscale by exploring how trophic modules relate to
each other and what components of food web stability can be
explained by the stability of the basic blocks versus the
stability of their combination (grey arrows).

1782 J. Bascompte & D. B. Stouffer Review. Ecological networks
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trophic moduls 
omnivory 
3-trophic food chains 
intraguild predation 
competition 
coevolutionary  
convergence of traits 

community robustness 

Structure                                          Function 

Evolution of eco-NWS (?) 
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The twins: structure and function 
 

Who am I? 
Which is my fate/purpose? 

 
Interaction topology as proxy for functional personality 

(controversly discussed) 
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J Dunne et al. (2002)

robustness vs 
             biodiversity 

Degree-distributions  
in 16 foodwebs 
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Bastolla et al. (2009)
Sugihara & Ye (2009)

Nestedness for  
  mutualistic NWs   

Compartimentalization  
 for antagonistic NWs 

Bascompte (2010)
Thebault et al. (2010)

www.sciencemag.org    SCIENCE    VOL 329    13 AUGUST 2010 765

PERSPECTIVES

        E
cologists have a long 
tradition of studying 
how species inter-

act. Almost all of this work, 
however, has focused on 
networks involved in a sin-
gle type of interaction. For 
instance, ecologists have 
studied either “antagonis-
tic” interactions, such as 
those in who-eats-who food 
webs, or, more recently, 
mutually beneficial inter-
actions, such as those 
between flowering plants 
and their insect pollina-
tors. Very few studies have 
embraced both ( 1– 3), leav-
ing a key question: To what 
degree do different kinds of 
interactions lead to ecolog-
ical networks with differ-
ent structures? The answer 
is crucial to understanding 
the suite of ecological, evo-
lutionary, and coevolution-
ary processes that shape these networks and 
how they may respond to future changes. On 
page 853 of this issue, Thébault and Fontaine 
( 4) take an important step forward by com-
paring the structure and dynamics of antago-
nistic and mutualistic networks.

To understand community dynamics, 
ecologists must address two main issues. 
First, they must describe the architecture or 
structure of ecological networks. Second, 
they must illuminate how the architecture 
infl uences species extinction or persistence. 
The fi rst task rests on countless hours of care-
ful fi eld work and imaginative statistical anal-
yses. The second relies on analyzing math-
ematical models that encapsulate network 
dynamics. Thébault and Fontaine beautifully 
relate both structure and dynamics in a single, 
integrative study. To put their contribution in 
the best perspective, it helps to step back and 
consider some classic and more recent results 
of community ecology.

Early research uncovered universal prop-
erties in the architecture of food webs, regard-
less of differences in species composition and 
network size ( 5). Parallel to this structural 
work, an infl uential paper by May illustrated 
that—contrary to intuition—the more com-
plex a randomly built food web, the less stable 
it is ( 6). The main point of May’s paper—and 
the reason that it continues to be infl uential 
almost four decades later—is not that com-
plex ecological networks have to be unstable. 
Instead, the point is that real networks must 
have some contrasting, nonrandom structures 
that allow them to persist despite their com-
plexity. One example of such a nonrandom 
pattern is “compartmentalization,” or the ten-
dency of a complex network to become orga-
nized in “compartments” characterized by a 
group of species interacting more strongly 
among themselves than with other species 
in the food web. A rich body of work has 
expanded this research ( 7) by documenting 
the numerous ways that the organization of 
food webs enables them to persist. However, 
this effort has focused almost exclusively on 
antagonistic interactions.

More recently, ecologists have turned 
their attention to mutualistic networks, bring-
ing a quantitative framework to the study of 
coevolution in species-rich communities ( 8, 
 9). This work has helped to dispel the fre-
quently assumed view that coevolution has 
to lead to either highly specifi c, one-on-one 
species interactions or to diffuse assemblages 
that are intractable to analysis. Instead, this 
new generation of network studies has shown 
that mutualistic interactions have a “nested” 
architecture ( 9). In nested networks, more 
specialist species interact only with specifi c 
subsets of those species interacting with the 
more generalist species. This architecture—
which researchers have compared to a set of 
nested Russian Matryoshka dolls—has been 
found to increase network robustness ( 10) 
and to maximize the number of coexisting 
species supported by these networks ( 11).

Still, the question remained: To what 
extent are these two types of ecological net-
works (antagonistic and mutualistic) arranged 
in different manners? To fi nd out, Thébault 
and Fontaine simultaneously analyzed a large 
data set of both plant-pollinator and plant-

Structure and Dynamics of 
Ecological Networks

ECOLOGY

Jordi Bascompte

Understanding the architecture of species 

relationships may help predict how ecosystems 

respond to change.
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Integrative Ecology Group, Estación Biológica de Doñana, 
Consejo Superior de Investigaciones Científi cas, Américo 
Vespucio s/n, E-41092 Sevilla, Spain. E-mail: bascompte@
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Network architecture. (A) Plants and animals form networks of interdependence such 
as illustrated in this cartoon. Each color indicates a different species. The nature of 
the interaction may be antagonistic (when the animal benefi ts but the plant loses) or 
mutualistic (when both plant and animal benefi t from the interaction). (B) Antagonis-
tic interactions tend to be arranged in compartments, whereas mutualistic interactions 
tend to be nested (C). The architecture of each interaction type acts to increase the 
persistence of the network.
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foster coexistence by minimizing competition  
relative to facilitation,  which increases NW persistence  
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„With great power, comes great responsibility!“ 
 
 
 
Increased community persistence  
due to network structuring comes  
with increased fragility of particular  
species for the sake of the  
community 

individual nestedness contribution 
re
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Saavedra et al. (2011)  
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Olesen et al. (2007)  

Keystones in 29 pollinator networks: connectors and hubs 

of all modules were isolated species groups without any links to
the remaining network. Twenty-one of these isolates were small
1:1 modules, consisting of only one pollinator species interacting
with one plant species. Twenty-nine (11%) of all modules were
structurally very asymmetrical or star-shaped, consisting of one
generalist hub species, most often a plant species, linked to a
swarm of peripheral pollinator species (range 3–51) linked only
to the hub. The hub, however, had links to other modules. The
remaining 189 (74%) of the modules varied a lot in size and
shape (for examples of module types, see Fig. 1B). Individual
modules might be dominated by a few species, taxonomically or
functionally delimited; for example, in the subandine scrub (28),
there was an 8:18-module (i.e., a module of eight pollinators
interacting with 18 plants), which was dominated by three or
more floral oil-collecting bees, namely, Centris spp. and Tapi-
notaspis species, together with five or more floral oil-producing
plants, namely, Sisyrinchium species and Calceolaria species. In
a Jamaican network (29), one of the seven modules was a 5:3
module consisting of four birds (Streamertail Hummingbird,
Bananaquit, Orangequit, and Jamaican Blackbird), one Anolis
lizard, and three plant species with red/purple-colored flowers.

Topologically, species played different roles in the networks.
The algorithm SA described the role of each species by its
within-module degree z, i.e., its standardized number of links to
other species in the same module, and its among-module con-
nectivity c, i.e., the level to which the species was linked to other
modules (see Materials and Methods). For each species in a
network, SA calculated these parameter values (11–13). Species
with both a low z and a low c were peripheral species or
specialists, i.e., they had only a few links and almost always only
to species within their module. Species with either a high value
of z or c were generalists. These included module hubs, i.e.,
highly connected species linked to many species within their own
module (high z, low c), and connectors linking several modules
(low z, high c). Species with both a high z and a high c were
network hubs or super generalists, acting as both connectors and
module hubs. An example of this mapping of species roles is
given for a single network in Fig. 1D. The scatter of zc-roles of
all species from all modular networks is shown in Fig. 2.

Eighty-five percent of all species were peripherals with most of
their links inside their module (72% of these even had a c ! 0,
i.e., they had no links at all outside their own module) and 15%
were generalists, i.e., 3% were module hubs, 11% connectors,
and only 1% network hubs. The strongest module hubs were
plants, like umbellifers (e.g., refs. 26, 30, and 31). Connectors
were mainly beetles, f lies, and small-to-medium-sized bees (e.g.,
refs. 32–34). Most network hub pollinators were social bees,
especially Apis spp. (31, 35) and Bombus spp. (27) or large
solitary bees, e.g., Xylocopa sp. (34) and a few Diptera species
(Fig. 2).

Discussion
Above a size of 50 species, all pollination networks got
significantly nested (16) and some also became modular, and
passing 150 species, they were always both significantly nested
and modular (see SI Table 1). Thus, within the observed size
range of pollination networks (S ! 16–952 species), testing
solely for one kind of network pattern is too simplified (5);
both sides of the coin are needed. This lack of correlation
between nestedness and modularity suggests that modularity
dictates the basic building blocks of networks. These building
blocks or their species can then be combined in different
contrasting ways, e.g., maximizing either nestedness or mod-
ularity. The nested and modular matrix versions are two
complementary, yet uncorrelated, analytical steps toward a
more profound understanding of network complexity and its
causes. In the nested matrix version, species are ranked
according to their number of links, whereas in the modular
version, they become grouped according to their linkage
affinity to other species. This insight, however, could only be
gained with the recent appearance of strong algorithms (e.g.,
11, 14, 36), allowing a robust identification of modules and a
testing of modularity and nestedness. The presence of nest-
edness in pollination networks tells us that their structure is
more than just a string of distinct modules. The link-dense core
in the nested version (upper left matrix corner in Fig. 1 A) is
partly composed of between-module links (red cells in Fig. 1 A
and B), i.e., links connecting generalist species. The SA

Fig. 2. Distribution of pollinator and plant species according to their network role. Each dot represents a species; large pane includes all 8,233 species from
the 29 modular networks. Small panes show role distribution of selected groups of species.

Olesen et al. PNAS ! December 11, 2007 ! vol. 104 ! no. 50 ! 19893
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Abundance data from microbial survey studies 

Sampling sites m typically few (101) 

Abundances vary unevenly (0,104) 

OTU1 

OTUn 

…
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m Sampling sites, time points 

Species n typically large (103) 
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Faust et al. (2012)  

Co-occurrence: Interactions, niche overlap, dispersal, 
             stochasticity, environment 
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   Microbial communities and structure-function relationships: 
case studies 

Predicting keystone species from co-occurrence patterns 
Fragmentation of microbial communities: why and where? 
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Predicting keystone species from co-occurrence patterns 
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From interaction to co-occurrence via simulation 
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 A keystone exerts a disproportionately large 
effect on the ecosystem relative to its abundance 
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interaction  

co-occurrence 
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Fragmentation of riverine biofilm communities:  

why, who and where? 
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114 sampling sites, 454 pyrosequencing, 16S rRNA Amplicon, approx. 1 Mio 
sequences, de-noised with AmpliconNoise, filtered for site presence and relative 
abundance,1005 OTUs (97% identity), 126 bacterial families, annotation naïve 
Bayesian classifier (70% confidence) 
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Profiling biofilm communities at river Ybbs, Austria 

K Besemer et al. (2013) Proc Biol Sci
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S Ceola et al. (2014) Water Resou Res 

Probabilistic, hydrological model of river Ybbs 

!

"#$ %& '()
$*

+ ,

 4 

 70 

 71 
 72 

 73 

Figure SI 2 74 
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Small catchment < 5 km2 

Filtering for OTUS present at >3 sites, Hellinger transformed, Spearman rank coefficient 
>|0.6|, p-value < 0.01, FDR correction Benjamini-Hochberg.  

Large catchment > 5 km2 

Significant co-occurrence patterns of biofilm communities 

Microbial communities and the structure-function twins. 
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Small catchment < 5 km2 

Filtering for OTUS present at >3 sites, Hellinger transformed, Spearman rank coefficient 
>|0.6|, p-value < 0.01, FDR correction Benjamini-Hochberg.  

Large catchment > 5 km2 

Significant co-occurrence patterns of biofilm communities 
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site characteristics      f 
(95%CI) 

P value Jacc  

small catchment (S) <5km2 0.54
(0.5;0.6) 

0.5×10-6 0.72 
 

large catchment (L) >5km2 0.68 
(0.66;0.73) 

0.2×10-6 

S, upstream confluence 0.48 
(0.43;0.54) 

0.1×10-4 0.76 
 

S, downstream confluence 0.79 
(0.74;0.81) 

0.1×10-7 

L, upstream confluence  0.64 
(0.63;0.72) 

0.2×10-8 0.79 
 

L, downstream confluence 0.78 
(0.75;0.81) 

0.3×10-7 

S 

L 

Trends for community fragmentation f  
    with focus on specific river site properties 

Microbial communities and the structure-function twins. 



Evolution of hydrological parameters and community  
                 fragmentation across the entire river catchment 
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Species with high betweenness centrality are contributing  
     disproportionally to community fragmentation 
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Conclusions 

The interaction topology of microbial communities can be used to infer  
function at various scales: 
 

 Community organization, 
 robustness, resilience and information flow (community-wide). 

 
 Finding species providing a particular role to their community based on  
 the heterogeneity of network topology. 

 
 Given parameterized interactions, we can simulate community dynamics 

 
 
We need a causal understanding of the interaction structure: 
 

 Development of experimental methods for large-scale interaction surveys! 
 

v 
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Thanks! 
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