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CHAPTER 1

INTRODUCTION

We face a quickly changing world, where critical conservation decisions must be made based

on limited ecological data. To make informed decisions, it is vital to understand the dynamics

of ecological communities, and the underlying network of interactions that shapes those

dynamics. As computing power continues to increase, we may benefit from a variety of

sophisticated computational techniques, drawn from across the sciences, and use them to

improve our ecological understanding.

In the following studies, I use computational approaches to characterize the structure and

dynamics of ecological communities, with a focus on the Tatoosh Island middle intertidal.

The Tatoosh Island intertidal is one of the longest-studied systems in ecology; first studied by

Robert Paine in the early 1960s, the system has been used to study the influence of predators

[191, 266], disturbance [194, 196], and indirect effects [266, 271] in ecological communities.

This is an excellent system for the study of network structure and dynamics, both because

of the diverse community of organisms, and because of the rich data available, including a

network with trophic and nontrophic interactions [221] and a long-term dataset of community

composition under control and experimental conditions [273]. I use data from this and other

communities, in conjunction with machine learning and other computational methods, to

make inferences about the structure and dynamics of ecological communities.

The remaining chapters are organized as follows. For consistency, I say that I did the

work, but much of this work was performed in collaboration with others, who I note at

the beginning of each chapter. In Chapter 2, I consider the problem of identifying which

species occupy a similar niche; in particular, I ask if trophic and nontrophic interactions

provide similar information about the roles species play in their communities. To address this

question, I use the stochastic blockmodel, known in ecology as the group model, to identify

groups of species, such that species in a group interact with other groups in a similar way.
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I extend the group model, which uses an adjacency matrix to identify groupings, to group

species based on a signed directed adjacency matrix. I find that trophic data generally

provides most of the structural information needed to identify species roles, except when

excluding interactions disconnects species from the network. I also find that the groups

identified for the Tatoosh Island network correspond strikingly well to known niches in the

community (e.g., predatory snails, foraging birds), highlighting the strength of this approach

for identifying relevant niches in the network.

In Chapter 3, I expand further on the group model, using the method to determine if

parasites fill structurally distinct roles than free-living predators in ecological networks, by

measuring the “imbalance” of the groupings. I then consider two possible reasons for the

structural differences: concomitant predation and species degree, using the degree-corrected

stochastic blockmodel. I find that parasites are structurally distinct from non-parasites

(i.e., they form highly imbalanced groups), and that including concomitant predation makes

these groups even more distinct, but that degree information actually makes the groups

worse. This highlights the importance of considering parasites when studying community

structure, and identifies concomitant predation as a factor that differentiates parasites from

free-living species.

In Chapter 4, I use food web data to answer a very different question: what factors predict

species importance? To do so, I simulate dynamics and local extinctions for entire ecological

communities, to directly measure the effect of species removal on the community. I then use

a variety of ecological and network centrality measures and, using a hierarchical approach,

identify which measures correlate with the effects of species removal. I find that high degree

and trophic level correlate with high importance, but that high closeness centrality correlates

with low importance, results which align well with previous work on keystone predators and

network robustness.

In Chapter 5, I examine how well popular network inference methods identify the struc-
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ture of known ecological networks. Network inference is common in microbial ecology, but

since the true structures of these ecological networks is difficult to pinpoint and understud-

ied, it is unclear how reliable the methods are. I use three common methods for inference

of microbial and gene expression networks: dynamic Bayesian networks, Lasso regression,

and a method based on Pearson correlation coefficients. I apply these methods to long-term

presence-absence datasets from Tatoosh Island and France, and compare the inferred net-

works to the empirical structures. I find that these methods are good at predicting short-term

dynamics, but have mixed success in identifying the underlying interaction structure. The

results suggest that these methods can be effective, but should be used carefully, especially

when applied to presence-absence data. This demonstrates the importance of understanding

the limitations of different types of data, and the value in validating new methodologies

using well-studied systems.

1.1 Conclusions

The work presented here is connected less by an overarching ecological question than by an

approach to solving ecological problems: drawing computational methods from across the

sciences, and applying them to find generalities between ecological communitites. I address

several different topics related to ecological structure and dynamics, but there are many

future avenues of research where these methods could provide insight. As I demonstrate in

chapters 2 and 3, the group model is useful for coarse-graining the structure of a network.

This property could be used to compare the core structures of different ecological networks.

The group model makes it possible to condense the structures down to simpler structures with

the same number of groups, allowing us to answer a variety of questions. Do communities

of all kinds have the same essential group structure? Are the same structural niches present

in terrestrial and aquatic systems, freshwater and marine, tropical and temperate? What

about microbial communities? The group model is a promising way to zoom out from the

3



details of individual species, and identify the structural niches that are found in ecological

communities.

In chapter 4, I rely on large-scale community simulations. These dynamical simulations

are still computationally challenging, slow, and require many parameterization and mod-

elling decisions. Still, they are uniquely able to test community-wide effects given the model

assumptions. In particular, they are well-suited to model ecological effects which shift the

community from its original equilibrium point, since these effects are difficult to study an-

alytically. For example, community simulations could be used to model different types and

frequencies of disturbance, and how they affect community structure and robustness. Sim-

ulations with many species are complex and often fragile, and so should be used sparingly.

Although two-species models can sometimes be used, the conclusions do not always extend

to larger communities (e.g., [173]). Used with caution, these models are a useful tool for

community ecologists.

Finally, in chapter 5, I focus on network inference, using methods which have existed for

some time in the computer science and statistical literature [247], but have only recently

become popular to apply to biological problems [159]. A robust network inference method

would be extremely powerful, and could be used to infer the structure and predict the

dynamics of many ecological systems where long-term monitoring data have been gathered.

However, we have a long way to go to determine the power and limits of these methods

in different situations: different amounts or types of data, resiliency to measurement and

process error, and so forth. Further efforts to test these methods against real and simulated

community data will help build a fuller picture of how best to apply these approaches in

ecological systems.

Overall, the work I have presented speaks to the power of connecting computational

methods with carefully collected ecological data. In the technology sector, much has been

made of the advent of “big data” [158, 167, 32, 166], and the power of machine learning
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algorithms as applied to massive datasets. Big data may be powerful in some situations, but

it relies on the fact that the data are easy and convenient to collect. Many systems that are

useful and interesting to community ecologists are highly inconvenient; remote mountains

[144, 254], wave-battered shores [171, 196], and thick rainforests [58, 53] among them. But

I do not think that these powerful algorithms and methods need leave the smaller-scale

systems behind. Instead, I would like to advocate for the value of medium data: far less

attention-grabbing, but used carefully with computational approaches and supported with

natural history knowledge, a powerful resource for ecological understanding.
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CHAPTER 2

WHAT CAN INTERACTION WEBS TELL US ABOUT

SPECIES ROLES?1

Abstract

The group model is a useful tool to understand broad-scale patterns of interaction in a net-

work, but it has previously been limited in use to food webs, which contain only predator-prey

interactions. Natural populations interact with each other in a variety of ways and, although

most published ecological networks only include information about a single interaction type

(e.g., feeding, pollination), ecologists are beginning to consider networks which combine mul-

tiple interaction types. Here we extend the group model to signed directed networks such as

ecological interaction webs. As a specific application of this method, we examine the effects

of including or excluding specific interaction types on our understanding of species roles in

ecological networks. We consider all three currently available interaction webs, two of which

are extended plant-mutualist networks with herbivores and parasitoids added, and one of

which is an extended intertidal food web with interactions of all possible sign structures

(+/+, -/0, etc.). Species in the extended food web grouped similarly with all interactions,

only trophic links, and only nontrophic links. However, removing mutualism or herbivory

had a much larger effect in the extended plant-pollinator webs. Species removal even affected

groups that were not directly connected to those that were removed, as we found by exclud-

ing a small number of parasitoids. These results suggest that including additional species

in the network provides far more information than additional interactions for this aspect

of network structure. Our methods provide a useful framework for simplifying networks to

their essential structure, allowing us to identify generalities in network structure and better

1. This manuscript was originally published under the CCBY license and is reprinted with permission:
E.L. Sander, J.T. Wootton, and S. Allesina. 2015. PLoS Computational Biology 11(7):1-22.
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understand the roles species play in their communities.

Author Summary

Ecological interactions are highly diverse even when considering a single species: the species

might feed on a first, disperse the seeds of a second, and pollinate a third. Here we extend

the group model, a method for identifying broad patterns of interaction across a food web,

to networks which contain multiple types of interactions. Using this new method, we ask

whether the traditional approach of building a network for each type of interaction (food

webs for consumption, pollination webs, seed-dispersal webs, host-parasite webs) can be im-

proved by merging all interaction types in a single network. In particular, we test whether

combining different interaction types leads to a better definition of the roles species play in

ecological communities. We find that, although having more information necessarily leads to

better results, the improvement is only incremental if the linked species remain unchanged.

However, including a new interaction type that attaches new species to the network sub-

stantially improves performance. This method provides insight into possible implications of

merging different types of interactions and allows for the study of coarse-grained structure

in any signed network, including ecological interaction webs, gene regulation networks, and

social networks.

2.1 Introduction

Networks are a useful tool to understand patterns of interactions in an ecological community.

As ecologists have collected more and more network data, the size of published networks has

grown dramatically, with many networks now containing hundreds of species. To make sense

of these increasingly complex data, we need tools to simplify the network down to its essential

structure, allowing us to identify general patterns of interaction in the community.
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The group model (equivalent to the stochastic block model from the social science litera-

ture, [230]) is a useful way to simplify and understand ecological networks. It has previously

been common to characterize species in terms of their ecological niches, that is, by the re-

sources or predators of a given species. Species with identical niches were considered ”trophic

species”, and ecological networks were often simplified by combining them [162]. However,

this approach is highly sensitive to small changes or errors in the network structure, since

a single missing or false interaction can change which species may be combined. The group

model [11] models the concept of ecological equivalence [155] (distinct from the term as used

in neutral theory). Species are considered to be ecologically equivalent if their predators and

prey are equivalent, who are equivalent if their predators and prey are equivalent, and so

on. In other words, species are grouped together if they eat and are eaten by the same other

groups. This recursive definition implies that species which are far from each other in the

network may still impact each other’s grouping. This reflects the ecological reality of the

complex ways in which species in a network influence each others’ dynamics, for example,

via trophic cascades or apparent competition [225, 252]. Since ecologically equivalent species

prey on and are preyed on by the same other groups, species within a group can be thought of

as filling the same role in the community, and may be expected to operate in the community

in similar ways. The group structure is also able to capture both modular (compartmental)

and anti-modular (i.e., trophic levels) aspects of the network, both of which are found in

ecological networks. Thus, the group model is a useful way to gain a coarse-grained view of

ecological dynamics and the niches that are filled in the community.

A limitation of the group model is the fact that it can only group species based on a

single interaction type (usually predator-prey interactions, although it could in principle be

applied to any one interaction type). Of course, species in ecological communities interact in

diverse ways, and different interaction types operate simultaneously to influence community

dynamics [237, 269]. Although ecologists have traditionally built separate networks for each
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interaction type, such as food webs (containing only feeding interactions), or plant-pollinator

and plant-seed-disperser networks (containing only mutualistic interactions) [69, 235, 31, 219,

188, 189], there is a growing recognition that different interaction types may work in concert

to influence communities. Both empirical and simulation studies have demonstrated the

complex ways in which mutualisms and antagonisms may interact [237, 33, 197]. For example,

recent work has begun to explore the possible effects of including cheaters in mutualistic

networks [33, 84, 222], modelling communities with multiple interaction types [97, 19], and

combining mutualistic networks and food webs [175, 83, 133].

Here, we extend the group model from unsigned (single interaction type) to signed di-

rected adjacency matrices, allowing ecologists to study the general structure of merged inter-

action networks. Using this extension of the group model, species in a group tend to interact

with other groups in the same way. We demonstrate one possible use of this method by con-

sidering how including or excluding different interaction types changes our understanding of

group structure in three interaction webs (the only three such networks currently available).

Despite the growing body of work on potential impacts of merging networks with multiple

interaction types, it is unknown whether these merged networks provide new, meaningful

information about species roles at the network level. While it is intuitive that more types of

interaction data would provide more (or more accurate) information about the roles species

play in their communities, it is valuable to study this question directly. Clearly, species

groupings will be contingent on the species and interactions that are included in the net-

work. Adding interactions may reinforce, refine, or contradict the previous understanding of

species roles (Fig. 2.1). We study how our understanding of species roles changes based on

different types using three networks of two types. The Tatoosh mussel bed network is an in-

tertidal food web with additional interaction types included. This network contains feeding

(+/-), competitive (-/-), mutualist (+/+), commensal (+/0), and amensal (-/0) interac-

tions. For this network, we compare how species group based on all interaction types, only
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trophic interactions, and only nontrophic interactions. The other interaction networks, from

Doñana Biological Reserve [169] and Norwood farm [210], are terrestrial networks which in-

clude plants, plant mutualists, plant herbivores, and in the Norwood web, parasitoids which

parasitize herbivores. These networks are structurally different from the Tatoosh web in that

they are almost entirely multipartite; that is, they are composed of “layers” of species which

only interact with the layers above and below (i.e., mutualists interact with plants, plants

interact with mutualists and herbivores, and herbivores interact with plants and parasitoids).

In these networks, only plants are involved in both feeding and mutualistic interactions, so

we consider how the grouping of plants is affected by including mutualists, herbivores, or

both. For the Norwood web, we also consider the effect of including or excluding parasitoids

on plant groupings. Using this framework, we study if and how omitting specific interaction

types changes our understanding of network structure and species roles.
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Figure 2.1: Example 10-species network partitioned using the group model. Each
row and column represents a species, and each dot in the heatmap represents an interaction
between two species (red for negative impact of column on row, blue for positive impact of
column on row, white for no interaction). Colors on the outer edge correspond to group
membership. In (A), only trophic links are included, and the network is partitioned into
3 groups. In (B), both trophic and nontrophic interactions are included. The mutualism
between the light purple and light green groups has caused the green and purple groups
from part (A) to split into two subgroups. In this example, nontrophic interactions serve to
refine trophic groups into subgroups, but additional interactions could potentially reinforce
or directly conflict with groupings based on a single interaction type.

2.2 Methods

2.2.1 Ethics Statement

The Makah Tribal Council has granted permission to the Wootton lab for access to Tatoosh

Island.

2.2.2 Signed Interaction Networks

A food web composed of S species may be represented by an adjacency matrix A, where Aij

is 1 if j consumes i, and 0 otherwise. Similarly, interaction networks may be represented by

11



a signed adjacency matrix where Aij is 1 if the growth rate of j positively depends on the

presence of i, -1 if its growth rate negatively depends on i, and 0 otherwise. Such a matrix

may be thought of as containing the signs of the community matrix (the Jacobian evaluated

at equilibrium), as opposed to a matrix of zero-sum energy or nutrient flow throughout the

system (sensu [214]). Some interactions, such as competition for carbon or another nutrient,

may be considered an indirect interaction which is the product of two consumer-resource

interactions (two direct consumer-carbon interactions in this case). In this example, carbon

would be incorporated into the differential equations underlying the community matrix.

Since we are interested in how species group within an interconnected network, we require

that the complete interaction networks are a single weakly connected component (that is,

isolated subgraphs were removed).

2.2.3 Network Data

Interaction data for Tatoosh Island were collected from the intertidal middle zone based

on observed interactions and natural history information. This middle zone on Tatoosh

is dominated by the mussel Mytilus californianus. This mussel-dominated band is defined

from below by the presence of Pisaster ochraceus, which consumes M. californianus [193],

and from above by physiological constraints, such as time spent submerged [196]. The signed

interaction network contains 110 taxa and 1898 interaction pairs (869 +/-, 5 +/+, 208 +/0,

492 -/0, and 324 -/-). This dataset is available on Dryad (DOI:10.5061/dryad.39jv1)

The largest weakly connected component was taken from Doñana Biological Reserve and

Norwood Farm (data made available in [169] and [210], respectively). The Doñana network

contains 391 species total, with 170 plants, 207 mutualists (576 mutualistic interactions),

and 14 herbivores (221 feeding interactions). The Norwood network contains 445 species,

with 91 plants, 251 mutualists (569 mutualistic interactions), 62 herbivores (570 herbivory

interactions), and 43 parasitoids (367 parasitic interactions). Two species were classified in
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two categories: one which interacted both as a mutualist and as an herbivore, and another

as both a mutualist and a parasitoid.

Because taxonomically similar species are generally expected to fill similar roles in a com-

munity [263] (but see [87]), taxonomic data provide a potential natural grouping. Tatoosh

taxa were classified to kingdom and phylum, and plants in the Doñana and Norwood webs

were classified to the order level. Taxonomic levels were chosen to have a number of groups

that was similar to the number of groups found by the group model for the complete networks.

The high phylogenetic diversity of the Tatoosh system meant that taxonomic groupings be-

yond the phylum level included too many groups to provide useful information about the

system. Taxonomic data for all three networks were gathered from the Integrated Taxonomic

Information System (ITIS) database and Encyclopedia of Life (see SI for details).

2.2.4 Group Model for Signed Directed Graphs

Consider an interaction web with S species and L links, K of which are positive and L−K

negative. The data can be represented using a signed directed adjacency matrix N . What

is the probability of obtaining N by chance? A simple model of random signed network

structure is similar to an Erdős-Rényi random graph with S species and a fixed probability

c of connecting any two nodes, with an additional probability π that a link is positive. Then

the probability of obtaining exactly N using this model is:

P
(
N(S, L,K)

∣∣c, π) = cLπK(1− c)Z(1− π)L−K (2.1)

where Z = S2 − L is the number of zeros in the matrix. This likelihood is maximized when

ĉ = L
L+Z and π̂ = K

L .

Now to see this in the context of the group model, consider N when divided into two

groups, X and Y . If N is a mutualistic web, these groups might correspond to plants

and pollinators. Now the random network process involves eight probabilities: cxx, the
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probability of a species in group X connecting to another species in group X, πxx, the

probability of a link between two species in X being positive, cxy, the probability of a

species in X connecting to a species in Y , and so on for cyx, cyy, πyy, πxy, and πyx, which

are defined similarly. Note that cxy and cyx are not necessarily equal (nor are πxy and πyx),

since N need not be symmetric. Then the probability of obtaining N given the two groups

is:

P
(
N(S, L,K)

∣∣∣cij , πij , i, j ∈ x, y) =
∏

i∈(X,Y )

∏
j∈(X,Y )

c
Lij

ij π
Kij

ij (1− cij)Zij (1− πij)Lij−Kij

(2.2)

Analagous to equation 1, this likelihood is maximized when ĉij =
Lij

Lij+Zij
and π̂ij =

Kij
Lij

for

all combinations of groups. This can be generalized to g groups as follows:

P
(
N(S, L,K)

∣∣∣cij , πij , i, j ∈ 1 : g
)

=

g∏
i=1

g∏
j=1

c
Lij

ij π
Kij

ij (1− cij)Zij (1− πij)Lij−Kij (2.3)

When g = 1, this is equivalent to equation 1. When g = S, each species is in its own group,

and the likelihood is 1. Such a grouping is not very informative, so we need to perform

model selection. Using a uniform prior (such that the probability of each model is 1
2), it is

possible to analytically calculate a Bayes factor to compare two groupings. For groupings

G1 and G2, the Bayes factor is given by:

B =
P (N |G1)

P (N |G2)
(2.4)

where P (N |Gi) is the marginal likelihood
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∫ 1

0
· · ·
∫ 1

0
P
(
cij , πij , i, j ∈ 1 : S

∣∣∣Gi)P (N ∣∣∣cij , πij , i, j ∈ 1 : g,Gi

)
dc11 . . . dcggdπ11 . . . dπgg

(2.5)

which can be analytically integrated to give:

g∏
i=1

g∏
j=1

Kij !Zij !(Lij −Kij)!
(1 + Lij)(1 + Lij + Zij)!

(2.6)

Because there are many possible groupings to choose from, we compared the marginal like-

lihoods of the groupings when searching for the best grouping, rather than explicitly calcu-

lating B for each pair.

We searched for the optimal grouping using Metropolis-Coupled Markov Chain Monte

Carlo (MC3) with a Gibbs sampler (see SI). It is not feasible to exhaustively search the

space of all possible groupings, so the best groupings found are not guaranteed to be the

optimal ones, but for simplicity, we refer to them as “best groupings” throughout.

Box 1. Calculation of MI for ecological partitions.

Figure 2.2: Mutual Information Venn Diagram for 5-species partitions A and B.
Left circle represents H(A), right circle represents H(B), and the intersection represents
MIAB . All areas are proportional to the values they represent.
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Consider the following two partitions for a five-species grouping:

Partition A: 1 2 1 2 1

Partition B: α β γ β β

where each column is a species, and numbers and Greek letters correspond to group

identity within partitions A and B, respectively. Using these groupings, we can create a

joint count matrix:

1 2 ni·

α 1 0 1

β 1 2 3

γ 1 0 1

n·j 3 2 5

where each table entry nij is the number of species which are in group i in partition A

and in group j in partition B. The row totals ni· and column totals n·j are the marginal

counts, i.e., the total number of species in group i in partition A or the total number

of species in group j in partition B, respectively. These counts can easily be converted

into probabilities by dividing by the total number of species N (in this case, 5). Then

p(a) = na·
N , p(b) = n·b

N , and p(a, b) = nab
N . This gives us

MIAB =

gA∑
i=1

gB∑
j=1

nij
N

ln

(
nij
N

1
ni·
N

1
n·j
N

)
(2.7)

=

gA∑
i=1

gB∑
j=1

nij
N

ln

(
nijN

ni·n·j

)
(2.8)

for our example:

MIAB =
1

5
ln

(
1 · 5
1 · 3

)
+ · · ·+ 0

5
ln

(
0 · 5
1 · 2

)
≈ .102 (2.9)
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Because the MI is the shared entropy between two partitions, it can be represented as

a Venn Diagram, with circle areas proportional to H(A) and H(B), and the area of

overlap between the circles proportional to the mutual information. The corresponding

diagram for our example is given in Figure 2.2, with H(A) = .673, H(B) = .950, and

MIAB = .102.

2.2.5 Partition Similarity

The entropy of a partition A is an information theoretic measure of the information content

or uncertainty of that partition, measured in nats [51]. A partition where all species are in

the same group would have low entropy, because we can be quite certain of which group

any given species belongs to. In contrast, a partition with many groups would have higher

entropy, since it is difficult to make an a priori guess about the group identity of a given

species. Entropy is calculated as:

H(A) = −
∑
a∈A

p(a) ln
(
p(a)

)
(2.10)

This metric is known as Shannon entropy, commonly used in ecology to measure the diversity

of a community [125]. The joint entropy of two partitions A and B is similarly defined:

H(A,B) = −
∑
a∈A

∑
b∈B

p(a, b) ln
(
p(a, b)

)
(2.11)

This can be thought of as the union between H(A) and H(B), since it sums over all joint

probabilities of the two entropies. Note that for all entropies, 0 ln(0) is given to be 0, so that

including values with probability zero does not change the entropy [51].

To measure the similarity between two partitions, we then wish to know how much

entropy the partitions share. This is known as the mutual information (MI), which quantifies

17



Figure 2.3: The Allesina Lab Field Station (also known as Miriam’s Cafe at the Smart
Museum). All research performed in this text relied heavily on caffeine samples collected
daily at this site.
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the reduction in entropy of partition B when partition A is known. It is calculated as

MIAB = H(A) +H(B)−H(A,B) (2.12)

This can be thought of as the intersection between H(A) and H(B). Converting this measure

into probabilities gives us

MIAB = −
∑
a∈A

p(a) ln
(
p(a)

)
−
∑
b∈B

p(b) ln
(
p(b)

)
+
∑
a∈A

∑
b∈B

p(a, b) ln
(
p(a, b)

)
(2.13)

= −
∑
a∈A

∑
b∈B

p(a, b) ln
(
p(a)

)
−
∑
a∈A

∑
b∈B

p(a, b) ln
(
p(b)

)
+
∑
a∈A

∑
b∈B

p(a, b) ln
(
p(a, b)

)
(2.14)

=
∑
a∈A

∑
b∈B

p(a, b) ln

(
p(a, b)

p(a)p(b)

)
(2.15)

To see how this is calculated for a partition generated by the group model, see Box 1.

Significance of MI values was estimated based on a randomization test. To estimate

how likely it was to get an equal or higher MI by chance, each of the two partitions were

shuffled, such that the randomized partitions conserved the number of species in each group

(and therefore the upper bound on the MI, see SI for details), but not their identities. The

MI was then calculated for the randomized partitions. This process was repeated one million

times, and the p-value was estimated as the probability of getting an MI greater than or

equal to the observed MI for the two partitions. Since the probability of getting a given

MI is based both on the entropies and the groupings, it is possible to get a low p-value for a

relatively low MI, or a high p-value for a high MI. Code for calculating partition similarity,

obtaining taxonomic data, and running the search algorithm are available on GitHub at
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https://github.com/esander91/SignedGroupModel.

2.3 Results

2.3.1 Tatoosh Island

Both the partitions for the network with all interactions and the network with trophic in-

teractions grouped species in a similar way (Fig. 2.4). Though the complete web grouping

divided taxa into more groups than the trophic grouping did (19 and 13 groups, respec-

tively), many of these additional groups were simply nested within groups from the trophic

one (Fig. 2.5A). Many groups corresponded strikingly well to known ecologically relevant

groups in this community, including predatory snails (n = 4), kelps (n = 5), limpets (n =

4), and foraging birds (n = 3; Fig. 2.6).

The complete grouping was also quite similar to the nontrophic grouping. In contrast to

the trophic partition, which captured the general structure of the complete grouping across

the entire web (Fig. 6.1), the nontrophic partition captured portions of the complete one very

precisely, but grouped many species into one of two broad groups. Although the nontrophic

network contained more interactions than the trophic one overall, these interactions were

unevenly spread across species; in particular, sessile species tended to competitively interact

with other species, while mobile species often only interacted with a few other species in a

nontrophic fashion. As a result, many sessile species (particularly algae and barnacles; see

Fig. 6.2 and Table 6.1) were organized into similar groups as in the complete grouping, while

most other species were placed into one of two large groups which were sparsely connected

to the rest of the network. The trophic and nontrophic groupings were less similar to each

other than to the complete grouping (Fig. 2.5C), but were much more similar to each other

than expected by chance. Jackknife resampling of the complete network showed that group

structure was robust to removal of individual species, as measured by ratio between the
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Figure 2.4: Similarities between Tatoosh Mussel Bed partitions. Venn Diagrams
showing the similarity between pairs of partitions in the Tatoosh Mussel Bed: (A) the
complete and trophic networks, (B) complete and nontrophic networks, (C) trophic and
nontrophic, and complete and taxonomic groupings (D and E). Venn Diagrams are structured
as in Fig. 2.2, where the size of the left circle is proportional in area to the entropy of the first
partition listed (H(A)), the right circle’s area represents the entropy of the second partition
listed (H(B)), and the overlap between the circles is proportional to the Mutual Information
values (MI). Stars next toMI values denote significance level (∗ < .05, ∗∗ < .01, ∗∗∗ < .001).
Note that this figure includes only the partition comparisons that are discussed in the main
text. For all partition comparisons, see Fig. 6.3.
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Figure 2.5: Similarity between Tatoosh network groupings. Alluvial diagrams com-
paring the species groupings for (A) complete and trophic webs, (B) complete and nontrophic
webs, and (C) trophic and nontrophic webs. Complete network coloring matches colors in
Fig. 2.6. Note that the light red group in the complete grouping does not necessarily cor-
respond to the light red group in the trophic group, and so on. Flows between groupings
show species in common between two groups; line thickness is proportional to number of
species in common. The complete Tatoosh network is organized into groups that are al-
most perfectly nested in the trophic grouping. The complete grouping also matches closely
with the nontrophic groupings, but the trophic and nontrophic groupings are comparatively
dissimilar.
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Figure 2.6: Matrix structure of complete Tatoosh network, organized by groups.
The best complete Tatoosh network grouping, displayed in matrix form. Dot colors in the
top row and leftmost column represent group identity (19 groups total). Red and blue dots
in the matrix are defined as in Fig. 2.1. Many of the groups in the partition correspond
closely to a priori ecological knowledge about the system, for example in the foraging birds
(dusty purple), limpets (light blue), and predatory snails (dark aqua). This highlights the
success of this method in identifying relevant groups, even in the absence of specific ecological
information. Full list of species and their group identities given in Table 6.1.
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MI for the Jackknifed and original groupings and the maximum MI possible given their

entropies (mean MI
MIMAX

= .99, σ = .014; see SI for methodological details).

2.3.2 Doñana Biological Reserve

Plants in the complete Doñana network grouped in a similar way to both the herbivore-

removal and mutualist-removal networks. The herbivore-removal and mutualist-removal

partitions were much less similar to each other than to the complete partition, although still

more similar than expected by chance (Fig. 2.7, Fig. 2.8). The herbivore-removal grouping

contained much more information about the complete grouping than the mutualist-removal

one did, possibly because mutualists greatly outnumbered herbivores in this network, both

in number of species (207 and 14 species, respectively) and interactions with plants (576 and

221 interactions).

2.3.3 Norwood Farm

When parasitoids were excluded from the network, results for the Norwood community were

qualitatively similar to Doñana. Mutualist-removal and herbivore-removal groupings were

similar to the grouping with both mutualists and herbivores (but not parasitoids), but were

less similar to each other (Fig. 2.9, Fig. 2.10). Interestingly, removing herbivores in this

network changed group structure more than removing mutualists, even though there were

many more mutualists than herbivores (251 and 62 species), and mutualists and herbivores

had almost exactly the same number of interactions with plants (569 and 570 interactions).

Including parasitoids in the network markedly changed the resulting group structure.

The complete grouping remained similar to the herbivore-removal grouping (which also re-

moves parasitoids, since they only interact with herbivores). However, the mutualist-removal

partition was no more similar to the complete one than expected by chance. Surprisingly,

the partition for the mutualist-parasitoid-removal was more similar to the complete partition
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Figure 2.7: Similarities between Doñana Biological Reserve plant partitions. Venn
Diagrams for similarity between pairs of plant partitions for the Doñana web: (A) com-
plete and mutualist-removal webs, (B) complete and herbivore-removal webs, (C) mutualist-
removal and herbivore-removal webs, and (D) complete network and taxonomic order. Figure
structured as in Fig. 2.4. This Figure includes only comparisons relevant to the main text;
for all comparisons, see Fig. 6.4.
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Figure 2.8: Similarity between Doñana plant groupings. Alluvial diagrams compar-
ing the plant groupings for (A) complete and herbivore-removal webs, (B) complete and
mutualist-removal webs, and (C) herbivore-removal and mutualist-removal webs. All three
comparisons show major areas of similarity, but the groupings in (C) have many more con-
flicts than (A) and (B).
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Figure 2.9: Similarities between Norwood Farm plant partitions. Venn Diagrams
for similarity between pairs of plan partitions for the Norwood Farm webs: (A) com-
plete mutualist-removal webs, (B) complete and herbivore-removal webs, (C) complete and
parasitoid-removal webs, (D) complete and mutualist-and-parasitoid-removal webs, (E) com-
plete web and taxonomic order, (F) mutualist-removal and herbivore-removal webs, (G)
mutualist-removal and mutualist-and-parasitoid-removal webs, (H) herbivore-removal and
parasitoid-removal webs, (I) herbivore-removal and mutualist-and-parasitoid-removal webs,
and (J) parasitoid-removal and mutualist-and-parasitoid-removal webs. Figure structured as
in Fig. 2.4. Note that comparisons H-J are equivalent to the comparisons in Doñana, in that
they show the effect of removing mutualists and herbivores in the absence of parasitoids. As
in Figs. 2.4 and 2.7, only partition comparisons relevant to the main text are included; for
all comparisons, see Fig. 6.5.
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Figure 2.10: Similarity between Norwood plant groupings. Alluvial diagrams com-
paring the plant groupings for (A) complete and herbivore-removal webs, (B) complete and
mutualist-removal webs, (C) herbivore-removal and mutualist-removal webs, and (D) com-
plete and mutualist-and-parasitoid-removal webs. In general, these grouping are more dis-
similar than seen in the Tatoosh and Doñana systems, and only (A) and (D) show more
similarity than expected by chance.
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than either the herbivore or mutualist removal groupings.

2.3.4 Taxonomic Groupings

Taxonomic grouping provided some information about complete groupings for all three net-

works. The Tatoosh complete grouping is almost perfectly nested within the species classi-

fication by kingdom (Fig. 2.4, Fig. 2.11). However, because this classification is so broad,

it provides less information than phylum, even though the phylum grouping and complete

grouping are dissimilar in many areas. In the Doñana and Norwood webs, taxonomic order

was significantly similar to the complete groupings (Figures 2.7 and 2.9, respectively), but

this similarity was not even across orders: some orders strongly grouped together in the

complete groupings, while many others were scattered between several groups (Fig. 2.11).
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Figure 2.11: Comparison between complete and taxonomic groupings. Alluvial
diagrams comparing complete web groupings with taxonomic groupings for (A) Tatoosh and
kingdom, (B) Tatoosh and phylum, (C) Doñana and plant order, and (D) Norwood and
plant order. All groupings are more similar than expected by chance. Kingdom matches
very closely with the complete Tatoosh grouping, but has so few categories that it still
provides very limited information. The other taxonomic groupings have more categories but
still provide relatively little information.
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2.4 Discussion

The extended group model is able to take large networks of great complexity, with many

types of interactions, and condense them down to their essential structure. This results in a

significant decrease in network complexity. It is able to reduce the Tatoosh intertidal network

from 110 species down to 19 groups of ecologically equivalent taxa. Using a subset of these

interaction types reduces the number of groups simply because the model has less information

to work with, and indeed we see that the number of groupings in Tatoosh is greater with

all interactions than with trophic interactions only (19 and 13 groups, respectively). Thus,

using this extension of the group model in conjunction with interaction web information

gives us a slightly more refined view of the network structure. It is notable that the Tatoosh

groupings corresponded closely to many ecologically natural sets of species. The model does

not use any ecological information outside of the network structure itself, but these patterns

of interaction alone are enough to make highly specific distinctions, such as between limpets

and other types of grazers.

As one possible use of the extended group model, we consider the effects of including or

excluding interaction types from a network. In the Tatoosh network, removing interactions

did not exclude species from the network, and even removing large numbers of interactions—

nontrophic interactions constitute 54% of interactions in this system—had relatively little

effect. This means that in these networks, species which have similar patterns of preda-

tion also have similar patterns of competition and mutualism, and so forth. In Doñana

and Norwood, however, removing interaction types mean that entire classes of species were

also included, and these removals had a comparatively large effect on the group structure.

This suggests that plants which are similar to mutualists are not necessarily also similar to

herbivores.

The grouping differences between these two network types could arise for many reasons.

Sampling effects could play a role, since only three networks were available for study. In-
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trinsic differences between terrestrial and intertidal systems might also have an effect, since

marine systems exhibit strong trophic control [225, 226]. Because terrestrial mutualists and

herbivores are not as tightly linked by these top-down forces, plant groupings based on these

different groups might not be tightly linked either. Another possibility relates to the biolog-

ical traits which underly species interactions. In the intertidal, traits which are relevant to

predators, such as mobility and presence of a shell, are likely also relevant for other types of

interactions. For example, sessile species will tend to compete for space, and shelled species

may benefit other species by providing shelter. In the Tatoosh community, mobile and sessile

species rarely group together, and this is also true for shelled and shell-less species (Fig. 2.6,

Table 6.1). In terrestrial plants, traits and structures that are relevant to mutualists (flow-

ers, fruits) are relatively distinct from those that are relevant to herbivores (foliage, defense

compounds). This specificity of traits relevant to particular interactions could decrease the

group similarity when considering different parts of the network.

Taxonomic classification provides an obvious natural grouping for species. However,

although taxonomic grouping provided some information about the complete group structure

(as has been found for food webs in [75]), they were never the best way to estimate it.

Taxonomic groupings were either too broad to provide much information, or grouped species

differently than the complete network. This coincides with recent findings that phylogenetic

relatedness poorly predicts interaction patterns and species roles in green algae [180, 87, 5].

The recursive definition of the group can lead to interesting outcomes. For example, para-

sites have a dramatic effect on Norwood group structure in the absence of mutualists. This is

likely the result of a domino effect where parasitoids influence the grouping of herbivores, and

herbivores influence the grouping of plants. Thus, when mutualists are removed, parasitoids

have a major effect on the broad structure of the system. But in the presence of mutualists,

plants are being influenced by both mutualists and herbivores, and the signal is lost. This

result adds to the abundant evidence for the importance of including parasites in networks
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[114, 246, 142, 41] (but see [68]), but more generally, it demonstrates that species need not

be directly connected to influence each other. This situation reflects ecological reality, in

that species may place evolutionary pressures on each other via a common species, which

has been documented specifically between plant pollinators and plant herbivores [3, 237].

The extended group model may help us study and understand interaction networks in

a variety of ways. One possible approach is simply to examine the grouping and look for

surprises. For example, only crustose and coralline algae form a group separate from other

algae based on trophic information in the Tatoosh network, but when nontrophic information

is also incorporated, several kelp species form an additional distinct group. This suggests

that these two groups interact differently in the network, in a way that specifically relates to

their nontrophic interactions. On closer examination of the network structure, this difference

is likely related to the fact that these kelps have a negative effect on the growth of the other

algal group, but the other algae do not negatively affect the kelps.

Similarly, because the group model identifies ecologically equivalent species, it can be

used to identify species which are performing unique roles in the community. In the Tatoosh

network, there are three species which are not grouped with any others: detritus, diatoms,

and Anthopleura elegantissima, a sea anemone. Detritus and diatoms are both relatively

unique food sources that are present in the water column, rather than attaching to the rock.

It is, perhaps, less obvious why anemones are so unique as to be placed in their own group.

However, they are unlike all other species in the system in that they are predatory but

sessile, unlike other predators which move to find and consume their prey. Anthopleura also

has endosymbiotic algae which are implicitly included in the network through the anemone’s

interactions. Although the existence of a group does not guarantee that it is essential for

ecosystem functioning, looking at groups with one or few species may be a useful way to

identify species which play unique roles and whose removal might have a larger effect on the

system, since no other species are able to take their place.
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Another possible application of the group model is to have a simpler version of the

network to work with. These simplified networks are easier to take in and comprehend by

eye. They may also be useful for finding generalities across networks. This is currently

difficult to do, since there are few interaction networks currently available. In the future,

it would be interesting to see if communities tend to form similar numbers of groups, if

specific species always perform unique roles, if similar groups tend to form at specific trophic

levels, and so forth. Since species within a group perform similar roles in the community,

we speculate that these species might exhibit similar population dynamics. It is possible

that simplifying networks down to their group structure could be a useful way to simplify

multi-species dynamical models.

2.4.1 Conclusions

The extended group model is a general method for identifying functionally equivalent nodes

in signed directed networks. We have discussed the method as applied to ecological inter-

action webs, but the methodology could also be used to study the structure of networks

of gene regulation [99, 215], sensors [30], and even social networks which incorporate both

positive and negative social interactions [148]. The generality of the method does not detract

from its usefulness in ecology; in fact, the model is able to identify highly specific ecologi-

cal roles. This model is a new and useful exploratory tool to understand and compare the

coarse-grained structure of ecological communities.
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CHAPTER 3

UNDERSTANDING THE ROLE OF PARASITES IN FOOD

WEBS USING THE GROUP MODEL

3.1 Summary

1. Parasites are ubiquitous and have been shown to influence macroscopic measures of

ecological network structure, such as connectance and robustness, as well as local

structure, such as subgraph frequencies. Nevertheless, they are often underrepresented

in ecological studies due to their small size and often complex life cycles.

2. We consider whether or not parasites play structurally unique roles in ecological net-

works; that is, can we distinguish parasites from other species using network structure

alone?

3. We partition the species in a community statistically using the group model, and we

test whether or not parasites tend to cluster in their own groups, using a measure of

“imbalance.”

4. We find that parasites form highly imbalanced groups, and that concomitant predation,

in which a predator consumes a prey and its parasites, but not the number of interac-

tions, improves the group model’s ability to distinguish parasites from non-parasites.

5. This work demonstrates that parasites and non-parasites interact in networks in sta-

tistically distinct ways, and that these differences are partly, but not entirely, due to

the existence of concomitant predation.
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3.2 Introduction

Parasites are ecologically significant players in many communities, and several authors have

urged the incorporation of these species into ecological networks [161, 160, 141]. While

many modern networks are well resolved with respect to most free living species, parasites

are often excluded entirely. In networks which do incorporate parasites, these species affect

several general aspects of food web structure; for example, increasing the number of species

(richness), proportion of possible links that are observed (connectance), and number of

consumptive links between the highest and lowest trophic levels (trophic chain length) [114,

246, 142, 17, 68]. Conversely, many parasite species may decrease network robustness—

usually quantified as the proportion of species lost following a given number of primary

extinctions [70]—because highly complex and specialized life cycles may make them prone

to secondary extinction in response to host removal [141].

Parasites also affect local network structure. In a comprehensive analysis on the topic,

[68] show that parasites change the relative frequency of certain network subgraphs, and

tend to have niches which are broader, but contain more gaps, than predators in aquatic

food-webs. The intimate connection between parasites and their hosts results in another

major effect. Concomitant predation, wherein a predator consumes both the prey and its

parasites, is sometimes a necessary part of parasitic life cycles. These interactions increase

the connectance of the network and affect the degree, i.e. the number of consumptive

interactions involving a given species, of both parasites and their incidental predators.

There is some disagreement in the literature about how exactly parasite degree differs

from that of free-living species. Parasites are often highly specialized (e.g. [16, 73]), sug-

gesting that parasites might have a lower in-degree (number of prey/hosts) than free-living

predators. However, parasites have been found to increase overall connectance, depend-

ing on how the calculation is done [142]. Concomitant predation will also affect degree,

increasing the in-degree of free-living predators and the out-degree (number of predators)
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of parasites. This suggests that degree is a structurally distinguishing feature of parasitic

species, especially when in-degree and out-degree are considered separately.

Ecological networks often contain hundreds of species and thousands of consumer-resource

interactions. To study these complex networks, it is useful to understand the general roles

species play in the community. Species roles are sometimes classified based on phylogenetic

(e.g. a terrestrial ungulate can be assumed to be herbivorous) or a priori trophic strategies

(e.g. an herbivore consumes exclusively primary producers by definition), but they may

also be identified statistically. Ecologically equivalent species (also known as trophic species)

have the same set of predators and prey, and therefore play identical roles in the network

structure [155, 69]. This concept can be relaxed and generalized using the group model [11],

which organizes species into groups, such that species in a group tend to eat and be eaten

by the same other groups of species (Fig. 3.1). Equivalent to the stochastic blockmodel from

the social science literature [230, 132], the group model uses network structure exclusively

to form groups that often have straightforward ecological interpretations [221]. Indeed the

species roles defined by the group model are essentially functional groups, in that species

within a group tend to interact with the same sets of species in the same way.

Using the group model, we consider the structural distinction between parasites and free-

living predators. Whether or not parasites alter general network metrics, if the patterns of

their interactions are structurally unique within the network [43], then the groups identified

by the model should reflect this distinction. For our study, we consider a set of large food webs

that include information on both parasites and free-living species ([113, 106, 176, 243, 276];

Table 7.1), and we quantify how well the network’s group structure matches broad trophic

strategies. In general, it is difficult to identify the specific ecological drivers that contribute

to the group structure. Here, we are able to isolate the effects of two ecological factors,

degree and concomitant predation, which may influence group structure and how well it

corresponds to the trophic strategies we expect. To examine the effect of degree, we compare
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Figure 3.1: Example of a group-model-produced grouping of an empirical adja-
cency matrix. The center matrix represents a subset of one of the empirical webs used
in this analysis. To the right and left are the same subset, but with the rows/columns re-
ordered to maximize the modularity [183] (left) or the group model (right). Both modularity
and the group model attempt to condense the links into groups of species that are strongly
connected, producing a pattern in which the matrix is divided into areas with either very
high or very low connectance. Note that, though the links appear randomly distributed be-
fore sorting, applying a walk-trap algorithm to find modules partitions the matrix into four
groups, with links concentrated within modules (in blocks along the diagonal). Applying
the group model (unrestricted for number of groups) also finds four groups, but partitions
the matrix differently, creating more strongly connected blocks that are often (though not
necessarily) off the diagonal. In all cases, links are indicated by orange dots and groupings
by black lines. The trophic species of each node is indicated with a colored box along the
margins.

the groupings found using a standard group model, and a variant of the model that removes

the effect of degree on the group structure. To study concomitant predation, we compare

groupings found when concomitant links are included and excluded.

We find that parasites perform unique roles in ecological communities, whether or not

concomitant links are included and whether or not the model is corrected for degree. How-

ever, although concomitant links help distinguish parasites from free-living species, degree

does not.
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3.3 Materials and methods

3.3.1 Data

We analyzed the seven well-resolved marine and estuarine food webs described in [106], [276],

[176], [243], and [113] [67]. We analyzed two versions of each network: one which includes

concomitant links, and one which excludes them. Concomitant interactions are inferred links

based on the assumption that predators eat all parasite species of their prey [68]. For all

webs, parasites with complex life-cycles had their various life-stages aggregated into a single

node.

Species were sorted into four trophic strategies: primary producer, herbivore, predator,

or parasite. Primary producers were identified as any species with no prey. Herbivores were

identified as species which consumed only primary producers. Parasites were identified based

on [68]. All other species were labelled as consumers; therefore, this group contains both

carnivores and omnivores.

3.3.2 Group Model

Metrics of categorizing network structure are common in analyses of ecological networks.

One of the most popular of such metrics is modularity [183], which evaluates the presence of

compartments within a community. These compartments contain individuals/species which

interact more strongly with fellow members of their compartment than they do with mem-

bers of other compartments (e.g. benthic verses pelagic species or flowers which bloom in

the early versus late summer). This results in a structure of dense blocks along the diag-

onal of a matrix when properly ordered (Fig. 3.1). The group model can be thought of

as a generalization of modularity, in which compartments are not defined exclusively by

strong within-compartment connections, but rather by patterns of strong connections be-

tween compartments (e.g. between herbivores and primary producers). Note that the group
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model does not exclude the possibility of strong connections with one’s own compartment,

such that modularity is a subset of the possible groupings identified by the group model.

The group model provides a likelihood-based framework to calculate how well a specific

grouping fits the observed network structure. High-likelihood groupings will tend to have

groups which act as functional groups, that is, species within a group tend to eat and be

eaten by the same other groups. Consider a food web with S species and L links, represented

by directed adjacency matrix A. Modelling the network as an Erdős Rényi random graph

with connectance (the proportion of possible links that are realized) c, the likelihood of

obtaining A can be given by:

Pr
(
A(S, L)|c

)
= cL(1− c)S

2−L (3.1)

The likelihood is maximized when ĉ = L
S2 , the observed connectance. Using a partition

(grouping) G containing g groups, we can split the network into a series of blocks, where

each block represents all of the interactions from group r to group s, and where the groups

contain Sr and Ss species, respectively. A block has Lrs links and connectance crs (note that

because the network is directed, block rs is distinct from block sr). Then the full likelihood

can be calculated as the product of the likelihoods of each individual block, as follows:

Pr(A(S, L)|crs, r, s ∈ 1 : g) =

g∏
r=1

g∏
s=1

cLrs
rs (1− crs)SrSs−Lrs (3.2)

which is maximized when ĉrs = Lrs
SrSs

for every r, s.

Model selection can be performed by calculating the Bayes factor, or, equivalently, by

choosing the partition with the highest marginal likelihood, which can be calculated as:

Pr(A|G) =

g∏
r=1

g∏
s=1

Lrs!(SrSs − Lrs)!
(1 + Lrs)(1 + SrSs)!

(3.3)

For a full derivation of the group model and the Bayes factor, see [11] and [221].
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The group model may be extended to correct for degree. For this version of the model,

the marginal likelihood may be calculated as:

Pr(A|G) =

( βα

Γ (α)

)g2 g∏
r=1

g∏
s=1

(1 + β)−(α−Lrs) Γ (α + Lrs)

×
 g∏
r=1

∏Sr
i=1

(
kin
i

)
!
(
kout
i !
)

Γ (Sr)
2 Γ
(
Sr +

∑Sr
i=1 k

in
i

)
Γ
(
Sr +

∑Sr
i=1 k

out
i

)
 (3.4)

where α and β are parameters on a Gamma prior (α = 1 and β = 1 used in our analy-

ses), and kini and kouti are the in-degree (number of prey/hosts) and out-degree (number of

predators/parasites) for species i, respectively. For a derivation of the likelihoods and Bayes

factor for the degree-corrected model, see the Supplemental Information and [132].

We searched for partitions that best fit the group model, one for each combination of the

following variables: including/excluding concomitant predation, standard group model/degree

corrected model, and maximum number of groups (2, 3, 5, 10, or 100). When up to 100

groups were allowed, the groupings collapsed down to a number that was more statistically

parsimonious. Allowing for 100 groups gives the model the flexibility to find a truly optimal

grouping, but constraining the number of groups makes the structure easier to visualize,

understand, and interpret. In addition, it allows for a clear comparison between partitions

with the same number of groups. Therefore, although we present results for all groupings, we

focus on the 10 group case, which gives the model some flexibility, but is feasible to visualize

and compare.

We used Metropolis-Coupled Markov Chain Monte Carlo (MC3) with a Gibbs sampler

to search for the partition of species into groups that maximizes the marginal likelihood (for

details, see Supplemental Information and [221]). Since exhaustively searching all possible

groupings is computationally infeasible, we performed 200 independent MC3 runs for each
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grouping reported, with 10 chains and 200,000 steps. Differences from the true optimum

are likely to be small, so finding the true optimum is unlikely to have a large effect on the

results. For convenience, we refer to the best partitions found as “best groupings”, although

they are not guaranteed to be optimal.

We studied the effect of degree correction on the groupings by calculating the mutual

information between degree-corrected and degree-uncorrected partitions. For details, see the

Supplementary Information.

3.3.3 Imbalance

Once the group structure was inferred, we evaluated how well these statistically defined

groups correspond to ecologically relevant a priori partitions, such as those specifying gen-

eral trophic strategies (e.g., herbivores or parasites). We did this by characterizing the “im-

balance” of the distribution of species employing a given strategy across the various groups

specified by the group model. For instance, considering the distribution of parasites across

the group structure, we can measure the imbalance by counting the number of parasites and

the number of non-parasites in any given group:

ψ
parasites
i =

max(πi, φi)

πi + φi
(3.5)

where πi is the number of parasites in group i and φi is the number of free-living, i.e. non-

parasitic, species. This index can range from 1
2 in the case where both trophic strategies

are present in equal numbers, to 1 when all species in the group employ the same strategy.

For a given network and partition, we can calculate the full imbalance for a given trophic

strategy by taking the product across all groups in the partition:

Ψparasites =

g∏
i=1

ψi =

g∏
i=1

max(πi, φi)

πi + φi
(3.6)
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We calculated imbalance in this way for all trophic strategies we considered: primary pro-

ducers, herbivores, free-living consumers, and parasites. We used a generalization of this

measure to calculate the imbalance value for the full network (incorporating all strategies

and groups simultaneously)1:

ΨAll =

g∏
i=1

c∏
k=1

ψki =

g∏
i=1

c∏
k=1

max(χ1
i , χ

2
i , . . . , χ

c
i )∑c

k=1 χ
k
i

(3.7)

where g is the number of groups in the partition, c is the number of unique trophic strategies,

and χki is the number of species with strategy k in group i. Note that
(

1
c

)g
≤ ΨAll ≤ 1.

To determine whether a given value for Ψ is higher than expected by chance, and therefore

whether parasites significantly aggregate with other parasites in the partition, we wanted

to associate Ψ with a p-value, measuring the probability of obtaining an equal or greater

imbalance at random.

To get at this, we consider the following example. Suppose we partition S species into

two groups (g = 2). The first group contains φ1 free-living species and π1 parasites, while the

second group has φ2 free-living species and π2 parasites. Thus, the total number of parasites

in the network is P = π1 + π2 =
∑g
i=1 πi and the total number of free-living species is

F = φ1 + φ2 =
∑g
i=1 φi. Clearly, S = P + F . The probability of obtaining exactly φ1, φ2,

π1, π2 at random can be computed using the hypergeometric distribution:

Pr(φ1, φ2, π1, π2| ~P , P, F ) =

=

(P
π1

)(F
φ1

)( P+F
π1+φ1

) (P−π1π2

)(F−φ1
φ2

)
(P+F−π1−φ1

π2+φ2

) =

(P
π1

)(F
φ1

)( P+F
π1+φ1

) · 1 =

(P
π1

)(F
φ1

)( P+F
π1+φ1

)
=

(P
π2

)(F
φ2

)( P+F
π2+φ2

) (P−π2π1

)(F−φ2
φ1

)
(P+F−π2−φ2

π1+φ1

) =

(P
π2

)(F
φ2

)( P+F
π2+φ2

) · 1 =

(P
π2

)(F
φ2

)( P+F
π2+φ2

)
(3.8)

1. Note that in the case of just two categories (e.g. parasites and non-parasites, this equation collapses
into Eqn. 3.6 and is the same for both categories.
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where ~P is the partition structure (in this case there are only two groups, i.e., | ~P| = 2)

provided by the group model. Therefore, we can associate a probability of obtaining this

result at random to each possible partition encompassing a given number of parasites and

free-living species. The formula above can be generalized to an arbitrary number of groups

| ~P| = g:

Pr(~φ, ~π| ~P , P, F ) =

g∏
i=1

(P−∑j<i
j=0 πj
πi

)(F−∑j<i
j=0 φj
φi

)
(P+F−

∑j<i
j=0(πj+φi)

πi+φi

) (3.9)

and trophic strategies c:

Pr( ~χ1, ~χ2, . . . , ~χc| ~P , X1, X2, . . . , Xc) =

g∏
i=1

∏c
k=1

(Xk−
∑j<i

j=0 χ
k
j

χki

)
(S−∑j<i

j=0

∑c
k=1 χ

k
j∑c

k=1 χ
k
i

) (3.10)

where by definition φ0 = π0 = χ0 = 0, Xk =
∑g
i=1 χ

k
i is the total number of species with

strategy k, and, as above, S =
∑c
k=1X

k is the total number of species in the network. For

a description of how to calculate p-values based on these probabilities, see Box 1.

All data and code needed to run the search algorithm and perform all analyses may be

found at https://git.io/vXciH.

44



Box 1. Calculation of partition imbalance p-values.

π1 π2 π3

0

1

0

1

2

3

0

1

2

3

2

1

0

2

1

0

Configuration Ψ

1.0

0.5

0.33

0.75

0.66

0.5

0.5

Pr(Ψ)

0.02

0.21

0.32

0.07

0.05

0.21

0.11

Group Model
Partition

: p -value: 0.14

Figure 3.2: Process for calculating the p-value for a hypothetical group model
partition. Under “Configuration”, we list all seven unique configurations for the three
parasites (black circles) and five free-living species (grey circles) into three groups (boxes)
whose sizes have been determined by the partition produced by the group model. π1, π2,
and π3 show the combinatorial tree to obtain these configurations. Using equation 3.6,
we associate each configuration with an imbalance value ψ. Next, using equation 3.9, we
compute the probability of obtaining each configuration at random. Finally we sum the
probabilities for all configurations with equal or greater imbalance than the empirical
partititon (those in red boxes) to compute a p-value.

We are interested in the probability of observing an equal or larger value of imbalance

at random. For networks with few groups and/or trophic strategies, we can compute this

probability analytically by enumerating all possible cases and adding the probabilities of

observing each imbalance value greater or equal to that observed. For example, take a

network that is composed of 8 species (S = 8), of which 3 are parasites (P = 3) and 5

are free-living (F = 5). Suppose that when we use the group model to find the optimal

partitioning into 3 groups we find that ~π = [1, 0, 2] and ~φ = [0, 4, 1]. The imbalance is

Ψ = 2
3 . We can compute all the possible cases in which we arrange the P parasites and
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F free-living species into 3 boxes of sizes ~P = [1, 4, 3], with each configuration having

an associated imbalance value and probability of obtaining this configuration at random.

We can then compute a p-value for the empirical distribution of trophic strategies across

the partition produced by the group model by summing the probabilities associated with

the configurations yielding imbalance equal or higher than that found in the partition

produced by the group model (Fig. 3.2).

Though this brute-force method becomes infeasible for networks with many groups

or trophic strategies, we can still calculate the p-value numerically by comparing the

observed imbalance to a large number of randomized species strategy distributions across

the provided group structure, with fairly rapid convergence (Fig. S16).

3.4 Results

Results were similar across networks. We report statistical results across all networks, but for

simplicity we display figures and imbalance scores only for the largest network (PuntaBanda)

in the main text. Figures for the other six networks may be found in the Supplemental

Information.

Partitions were significantly imbalanced in almost all cases, across different numbers of

groups and all networks (Tables 3.1, S2-S7). Hence, the groupings maximizing the marginal

likelihoods separated parasites (and other trophic strategies) from other strategies more than

expected by chance alone. Results were significant whether or not the model corrected for

degree, and whether or not concomitant predation was considered. The only exception was

that producers and herbivores were often highly imbalanced, but not significantly. Since these

networks generally had few producers and herbivores, this could be due to the relatively low

statistical power. It is fairly easy for trophic strategies with few species to appear in the same

groups simply by chance; as a result, trophic strategies with few species tend to have higher
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imbalance, but lower significance. This is a common problem for permutation tests and other

procedures involving discrete outcomes, such as in Fisher’s exact test. Since raw imbalance

scores depend both on the number of groups and the number of species in each trophic

strategy, the scores alone can be misleading; for this reason, we focus our interpretation on

the significance rather than the scores themselves. Producers did tend to group together,

but these groups often contained non-producers as well. This could be because they were

being consumed by a similar group of predators, e.g. by a group of omnivores. Parasites and

predators in particular tended to form groups which were distinct from all other strategies

(Fig. 3.3).

Average in- and out-degree varied across trophic strategies, whether or not concomitant

predation was included (one-way ANOVA, p < .0001 for all four tests: in-degree without

concomitant, F = 31.01; in-degree with conomitant, 126.2; out-degree without concomitant,

F = 84.93; out-degree with concomitant, F = 174.5) (Fig. 3.4). Mean in-degree for con-

sumers was significantly higher than other trophic strategies (mean in-degree µin = 15.64

without concomitant predation, µin = 30.54 with concomitant predation), followed by par-

asites (µin = 12.80 without concomitant, µin = 13.16 with concomitant), followed by pro-

ducers and herbivores, which were not statistically distinct (µin = 0 and 1.65 for producers

and herbivores, respectively, both with and without concomitant predation). Mean out-

degree was highest for producers, herbivores, and consumers without concomitant predation

(µin = 14.71, 13.73, and 13.25, respectively), with lower out degree for parasites (µin = 6.79).

When concomitant predation was added, the pattern flipped: out-degree for parasites was

highest (µin = 31.00), with the other trophic strategies significantly lower (µin = 14.71,

13.88, and 13.25 for producers, herbivores, and consumers, respectively). In all four cases,

parasites were significantly different from free-living consumers.

Despite the differences in degree between trophic strategies, the degree-corrected group

model produced significantly more imbalanced groups overall (across webs, trophic strate-
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Trophic Strategy
1o Producers

Herbivores

Consumers

Parasites

Figure 3.3: Condensed graph representation of the Punta Banda network using
the best partitioning found by the group model. Each group is depicted by a pie-chart
in which the fraction of nodes of each trophic strategy are indicated by the colored slices
and the overall size is proportional to the number of nodes in the group. Number of links
between (or within) groups is given by the thickness of each arrow.
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gies, and number of groups), both when concomitant predation was included (paired t-test,

estimated difference: .12, p < .001) and excluded (esimated difference: .067, p < .001).

Including concomitant links also produced more imbalanced groups, under both the degree-

corrected (paired t-test, estimated difference: .034, p = .0049) and uncorrected (estimated

difference: .085, p < .001) models.

In general, degree-corrected and uncorrected partitions contained similar information

when allowed to form more than 3 groups (Table S14). The mutual information between

corrected and uncorrected partitions increases as the number of groups increases. As ex-

pected, degree-corrected partitions tended to have fairly evenly sized groups [132], whereas

group size was significantly less even for uncorrected partitions, both with concomitant pre-

dation (paired t test, estimated difference in Pielou’s evenness [208]: −.030, p = .031) and

without (estimated difference: −.025, p = .001).

Finally, repeating the imbalance analysis for groupings of species according to subgraph-

role participation (Supplemental Information, [236]) yield less consistently significant imbal-

ance values (Tables S8-S13).
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Figure 3.4: Violin and boxplots of in-degree (number of prey) and out-degree
(number of predators) for different trophic strategies in the Punta Banda net-
work. Degree is plotted on a square root scale. Boxes indicate the traditional 25th, 50th

and 75th quartiles, with wiskers extending to 1.5 times the inter-quartile range. Above each
violin are grouping letters as indicated by a Tukey’s HSD (honest significant difference) test.
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3.5 Discussion

The group model can be used to find the coarse-grained ecological roles, similar to functional

groups, that are present in a community. Here, we use the group model to identify general

patterns in groupings across networks, to determine if parasites are structurally unique. Since

groupings are based on the entire network structure, and the quality of a group depends on

the quality of all other groups in the network, it is generally difficult to study how an

ecologically relevant trait affects the group structure. In this study, we are able to consider

the effect of two ecologically distinguishing features of parasites: concomitant predation

and degree, by including or excluding concomitant links and by using a degree-corrected

variant of the group model, respectively. We find that parasites are, in general, structurally

distinct from free-living species, regardless of number of groups in the model, the inclusion

or exclusion of concomitant predation, and whether or not the model corrects for degree.

Concomitant predation tends to increase the distinction between parasites and free living

species. This is not very surprising; concomitant interactions can create loops in the network,

causing it to look less “cascade-like”, that is, less like a network where species only consume

species which are below them along some niche axis (Figs. S2-S8). In the absence of para-

sites, food webs tend to follow a largely cascade-like structure [47], so the group model can

easily use these interactions to distinguish parasitic species from free-living ones. Without

concomitant links, parasites which have similar prey to free-living predators might end up in

mixed groups of free-living and parasitic species; however, by including these links, parasitic

species have additional predators that distinguish them from otherwise similar free-living

species.

More surprising is the relationship we find with degree. Since parasites have different

average in- and out-degree than free-living species, we might expect that degree would help

the group model cluster parasites together. We found that the opposite was true: account-

ing for degree information in the group model still produced more imbalanced groups. This
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suggests that degree is not the strongest structural signal that separates parasites from non-

parasites. Indeed, although the mean degree is significantly different, the degree distribution

of parasitic species overlaps considerably with the degree distributions of free-living cate-

gories. When uncorrected for degree, the group model tends to form a few groups with a

small number of high-degree species. If the number of groups is constrained, as we have

done here, this results in a few small groups and several larger groups. Thus, while the small

groups may be highly imbalanced, the larger groups are often less imbalanced. The degree-

corrected model counteracts this effect, producing groupings are significantly more even in

size and even more strongly imbalanced. Relaxing the constraint on the number of groups

improves the fit of the uncorrected model, and indeed, we see that the two models form more

similar groupings as the number of groups increases (Table S14). This pattern suggests that

the corrected and uncorrected models are identifying similar underlying structures, but that

the uncorrected model “prioritizes” grouping off high-degree species over grouping species

which are structurally similar. Put another way, the uncorrected model can be affected by

high-degree outliers, especially when the number of groups is heavily constrained.

Finding little consolation in degree, one might think that the key to parasite structural

uniqueness could be found in a slightly higher-order form of network structure, such as the

local patterns of connectance termed “motifs” or subgraphs [68, 236]. Unfortunately, though

some subgraph-roles have been associated with particular trophic strategies [43], we found

that these trends were not as consistent as the group model at distinguishing strategies, and

yielded less significant groupings on average.

These results provide evidence that parasites are structurally distinguished, not by how

many predators and hosts they have, but by who those predators and hosts are at a global

scale. What are the ecological drivers of this difference? The groups identified by the group

model do not lend themselves to easy interpretation in terms of one, or even a combination

of several, node-specific properties of the network (e.g. degree, subgraph-role, taxonomy,
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body-size, trophic-level, centrality, etc.). Instead, the group model coalesces nodes that

share similar roles within the network, i.e. species which interact with similar sets of other

species in similar ways. Put another way, the group model acts upon the links between

species, grouping links that go from and to similar species. Previous results have suggested

that the group model is able to find more informative groupings than any one property alone

[234], but perhaps some combination of properties not investigated here could lend a more

ecological explanation for the similarity of species within groups.

Another area for further research is an investigation of the relationship between stages

of complex parasitic life-cycles and the group model results. The food webs used in this

analysis aggregated parasite life-stages into a single node. It would be interesting to repeat

this analysis on food webs in which the life-stages were preserved as separate nodes, as

such stages often have very different patterns of interaction with other species. Would

parasites of all life-stages form imbalanced groups together, or are some life-stages more

similar to predators or herbivores, resulting in less imbalanced groups overall? If they do

group together initially, could this be a potential explanation for the later subdivision of

parasites into multiple groups?

Parasites constitute a very broad set of organisms. They can vary in many ways: size

(from microscopic viruses to parasitic worms reaching a meter or longer [217]); life cycle

complexity; level of specialization; presence of free living stages; and whether they live in or

on their hosts. They are also extraordinarily phylogenetically diverse. Given these major

differences, it is encouraging to see that a human-chosen categorization as parasite is indeed

structurally relevant in food webs.

3.6 Conclusion

Network structure has been found to influence many important features of ecological systems,

including robustness [70], stability [10], and resilience [134]. General patterns of network
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structure are also used to develop structural [47, 264, 206] and dynamic [28, 100] models.

However, many of these models were developed from data that excluded parasites, and

parasites violate many of the patterns that they are based on. For example, concomitant

predation creates loops that violate the cascade model, and allometric patterns which hold

for free-living species (e.g., [35]), such as predator:prey body mass ratios, are inverted for

parasitic interactions [220]. Models such as Allometric Diet Breadth Model [206] and the

Allometric Trophic Network [28], which are based on body size data, are unlikely to capture

parasites successfully.

Our finding that parasites have unique structural roles – in essence, form unique func-

tional groups – suggests that existing food web models should be reevaluated to better fit

these distinct structural patterns. This stands in contrast to previous work suggesting that

parasites’ effect on network structure is mainly due to changes in connectance and diversity

[68]. Using the same set of networks, we instead find that parasites perform statistically

distinct roles in networks, even when correcting for degree, and even when concomitant links

are excluded. These results add to the growing evidence that parasites must be considered

as we continue to study and model ecological networks.
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3.8 Data accessiblity

All food web data used in this project can be found in the Dryad Digital Repository [67].
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CHAPTER 4

ECOLOGICAL AND STRUCTURAL FACTORS PREDICT

IMPORTANCE IN FOOD WEBS

Abstract

Local extinction of a species can have surprising and extreme impacts on a community.

These effects are determined in part by the food web structure, that is, who eats whom in

the ecological community. Here, I simulate equilibrium and extinction dynamics for large

empirical and simulated food webs. I find that several network and population metrics can

predict species importance, measured as the effect of species removal. In particular, high

degree and trophic level correlates with higher importance, but high closeness centrality

is assoicated with lower importance. These findings support previous empirical work on

keystone predators and network robustness, and provide potential ways to identify species

of conservation importance.

4.1 Introduction

Not all species in a community are created equal. Some may appear and vanish from the

community to little effect, while the losing others can cause the system to collapse. Identify-

ing important species is challenging, in part because of the complex network of interactions

that occur in an ecological community. A species may affect others through both direct and

indirect interactions. This means that, even if a species has low biomass or few interactions,

its removal may have disproportionate effects on the system [192, 70].

A natural definition of species importance is how strongly its removal affects the rest

of the community. As species across the planet continue to go locally and globally extinct,

understanding and predicting the effects of extinction becomes increasingly important. Re-
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moving species from a system can also provide ecological insights. Species removal is a

common and useful tool in field ecology, and has been used to study theories such as key-

stone predation [191, 66], trophic cascades [223, 78], and the relationship between functional

diversity and productivity [248].

What makes a species important? In this study, I consider predictors based on food

web structure and ecological factors. As structural predictors, I consider three measures

of centrality: degree, closeness centrality, and eigenvector centrality [12]. We would expect

highly central species to be more important, since their removal would more likely have

cascading effects on the rest of the community. As ecological predictors, I consider two

measures: trophic level and population variability. Trophic level could be positively or

negatively related to species importance, depending on whether top-down or bottom-up

forces dominate the dynamics. Population variability may also underlie species importance.

Important species might be expected to have low variability in population abundance, since

species which are both important and variable could destabilize the system with their large

fluctations.

To study if these factors predict species importance, I used large-scale simulations of

entire ecological communities. Such an approach has only recently become feasible as com-

puting power has increased, with only a couple of studies using either mass-balance [187]

or stochastic [152] models. Here, I simulate the dynamics of networks using a discretized

Lotka-Volterra model with growth rate perturbations to simulate environmental variability.

I consider open and closed ecological communities, using both empirical network structures,

and structures based on popular food web models. I find that many of the structural and

ecological factors are predictive, and in particular, that high degree and trophic level are

associated with high species importance. These results align with empirical and theoretical

work on the importance of keystone predators and hub species for network robustness.
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4.2 Materials and Methods

4.2.1 Food Web Simulation

I simulated dynamics for nine well-resolved food webs from a variety of ecosystems: the

Tatoosh intertidal [221], Ythan Estuary, Scotland [101], the Sylt tidal basin of Germany and

Denmark [244], the Caribbean Reef shelf of the Virgin Islands [190], the St. Marks National

Wildlife Refuge seagrass bed in Florida, USA [42], the mudflat of Otago Harbor, New Zealand

[177], the Flensburg Fjord of Germany and Denmark [277], and the Cariçaie Marsh at Lake

Neuchâtel, Switzerland [34]. I chose these webs because they are large and well-resolved, and

because the dynamics of these network structures proved numerically robust for simulation.

I also used networks generated from food web models, which allowed me to study how

the results varied across networks generated in the same way. I used three common food

web models that have structural similarities to empirical ecological networks: the Cascade

Model [47], the Niche Model [264], and the Minimum Potential Niche, or MPN, Model [8].

For the MPN model, I generated networks with niche gap probabilities of 25, 35, and 45%. I

generated thirty networks for each food web model, including thirty networks for each MPN

gap probability. The size of each network was fixed at fifty species.

For each network, I simulated time series data using two simple generalized Type I

Lotka-Volterra models: one closed model, and one allowing immigration. The standard

continuous-time model with immigration is given by

dNi
dt

= Ni

bi +
S∑
j=1

αijNj

+ Ii (4.1)

where Ni is the population size of species i, bi is the intrinsic growth rate of species i, S

is the number of species in the network, αij is the change in the per capita growth rate of

species i to a unit change in species j’s abundance, and Ii is the immigration rate of species

i. In the closed model, Ii values were set to 0. A discretized model was used for simulation
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purposes, since it improved the speed and robustness of the simulations. The discretized

model is described by

Ni,t+∆t = Ni,texp

∆t

bi (1 + εi,t

)
+

S∑
j=1

αijNj,t +
Ii
Ni,t


 (4.2)

where Ni,t is the population size of species i at time t, and εi,t is a function describing a

small, time-varying perturbation of species i’s growth rate. These perturbations were added

to simulate background environmental variation.

I parameterized each network with αij , bi, and equilibrium population size (N∗i ) values

thirty times. Interaction strengths αij (i 6= j) were drawn from a lognormal distribution

LN (0, 1), truncated 5 standard deviations above the mean, to prevent outlier values from in-

fluencing the dynamics too strongly. All values past the truncation point were discarded and

redrawn. Positive interaction strengths, denoting the positive effect of prey on predator, were

multiplied by conversion rates that were drawn from a normal distribution (N (0.2, 0.01)).

All simulations were initialized at a locally stable, feasible (N∗i > 0 for all species)

equilibrium. A system is locally stable when the real part of the leading eigenvalue λ1 of

the community matrix M is negative. The community matrix is defined as the partial of the

growth rates with respect to the population sizes evaluated at equilibrium, given by

Mij =
∂ri
∂Nj

∣∣∣∣∣
∗

(4.3)

= αii −
Ii

(N∗i )2
when i = j, (4.4)

= αij otherwise (4.5)

where ri is the total per capita growth rate of species i, which reads
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ri = bi +
S∑
j=1

αijNj +
Ii
Ni

(4.6)

For the closed model, I added self-regulation for all species to ensure that the system

was stable. First, I calculated the leading eigenvalue λ1 for the community matrix M ,

with diagonal terms αii set to 0. If the system was not already stable, I enforced stability

by setting self-regulation terms αii to −1.1Re (λ1). I then drew equilibrium population

sizes from LN (0, 1) (again truncated 5 standard deviations above the mean). Choosing a

distribution with a positive support guaranteed that the system was feasible.

For the immigration model, I enforced stability through immigration rather than self-

regulation. I set all αii terms to 0, meaning that the immigration terms needed to be large

enough to stabilize the system. As in the closed model, I calculated the leading eigenvalue

λ1 for the community matrix M , with αiis and Iis set to 0. Also following the closed model,

I wanted the diagonal terms of the community matrix to be smaller than −λ1. To ensure

this, a lower bound can be determined for the immigration terms using Eqn. 4.5:

αii −
Ii

(N∗i )2
> λ1 (4.7)

Ii > λ1(N∗i )2 (4.8)

A natural upper bound for the immigration terms is N∗i , so that the immigration rate

does not drown out the internal dynamics of the system. This implies that N∗i s can be no

larger than 1
λ1

; otherwise, the lower bound for Ii would be greater than the upper bound.

Following these constraints, N∗i s were drawn from LN (0, 1), truncated either 5 standard

deviations above the mean or 1
λ1

, whichever was smaller. Then the immigration rates were

drawn from the uniform distribution U(λ1(N∗i )2, N∗i ).

Intrinsic growth rates bi were then back-calculated as b = −AN∗, where b and N∗ are
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column vectors containing the intrinsic growth rates and equilibrium population sizes of each

species, respectively, and A is a matrix containing the per-capita interaction strengths. For

randomly constructed webs, I examined 30 parameterizations within each of the 30 different

network structures within each type.

Small perturbations εi,t were added to the intrinsic growth rate to incorporate environ-

mental stochasticity in the system. These perturbations were drawn from N (0, 0.01) for each

time step t. The system was initialized at equilibrium and simulated for 1000 time steps

with ∆t = 0.01. All simulations and analyses were performed in R using the igraph and

lme4 packages [242, 52, 24]. Note that, since simulations were started at the (unperturbed)

equilibrium state, there was no need to discard any transients from the beginning of the time

series. Time series simulation models and code were developed in collaboration with György

Barabás, and are available on GitHub at https://github.com/elsander/PredictImportance

as an installable R package.

4.2.2 Measuring Variability

Based on the simulated population dynamics, I calculated mean abundance (µ) and tem-

poral variance (σ2) for each species in each parameterization of each network. According

to Taylor’s Law, log mean abundance is expected to scale linearly with the log standard

deviation [241]. This was found to be the case for the vast majority of simulations of these

networks.

I calculated the best-fit regression line for ln(σ) ∼ ln(µ) for each simulation, and used

the residuals as a scale-free metric of population variability. This residual variability metric

represents the population variability not explained by abundance alone. Any simulations

which did not result in a significant ln(σ) ∼ ln(µ) relationship were dropped from the

analysis.
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4.2.3 Network Metrics

Closeness centrality was calculated as the inverse of the sum of the lengths of the shortest

directed paths from node i to all of the other nodes in the network [85]:

1∑
i 6=j dij

(4.9)

where dij is the shortest directed distance from node (species) i to node j.

Eigenvector centrality was calculated following [12]. This measure is mathematically

related to Google’s PageRankTM, which ranks webpages as more important if important

pages link to them. Intuitively, this measure can be thought of as an extension of degree, in

that nodes are more central not just because they are highly connected, but because they

are connected to highly connected nodes, which are connected to highly connected nodes,

and so on. This recursive problem may be solved using a column-averaged transformation

C̄ of the adjacency matrix C, such that

C̄ij =
Cij∑
j Cij

(4.10)

For webpages, Cij represents a link from page i to page j, and C̄ij represents the fraction

of i’s importance that is given by its connection to page j. Then, the eigenvector centrality

may be calculated using the eigenvector associated with the dominant eigenvalue of C̄. To

ensure that this eigenvector exists, I follow [12] and add a detritus node, to which every

other node contributes and which contributes to all primary producers.

Trophic Level (T ) was calculated as

T = (I − C̄)−1u (4.11)

where I is the identity matrix, and u is a vector with each entry equal to one [265]. The

matrix inverse above is known as the Leontief inverse; note that this formulation of T assumes
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that there is no consumer preference for any particular resource. The formula works as long

as the inverse exists, which was always the case with our data.

4.2.4 Species Importance

Species importance was calculated as the change in community composition due to the

removal of a species. I calculated this by setting the abundance of the focal species to zero,

then simulating the deterministic community dynamics for 1000 time steps, long enough for

the community to reach a new equilibrium. If any remaining species reached an abundance

below a precision cutoff of 10−6 at the end of the simulation, it was considered extinct and

its abundance was set to 0. I then calculated importance as the Jaccard distance between the

community abundance distributions before and after simulation. The focal species was held

at abundance 0 in the “before” community for purposes of this calculation, to avoid biasing

the measure toward more abundant species. Jaccard distance(J) is a measure of community

dissimilarity that can be used to compare two abundance distributions and is calculated as:

J =
2B

1 +B
(4.12)

B =

∑S
i=1 xi − yi∑S
i=1 xi + yi

(4.13)

where B is the Bray-Curtis dissimilarity, S is the number of species, xi is the abundance

of species i in the intact community, and yi is the abundance of speciesi in the community

with the focal species removed.

4.2.5 Analysis of Simulated Data

I used multilevel regression models to investigate the relationship between importance and

residual variability and the network metrics. Jaccard distance was log odds transformed,
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which improved the normality of the distribution and matched its support with that of the

other variables. All predictors except for trophic level were log transformed to improve the

normality of the distributions. Each food web model type and each empirical network was

analyzed in a separate multilevel regression. Due to a high correlation between slope and

intercept for all predictors, slope but not intercept was allowed to vary by parameterization.

I standardized all independent variables (subtracted the mean and divided by the standard

deviation) before modelling. For the empirical network analysis, the slope for residual vari-

ability was allowed to vary by parameterization, for a regression with the following structure:

Importancep,s ∼ β0 + β1,pln(CVp,s) + β2ln(Degrees)

+ β3ln(Closenesss) + β4ln(Eigenvectors) + β5(TrophicLevels) (4.14)

where p is a specific parameterization of the network and s is a species in the network.

The food web model simulations contained an additional layer of hierarchy, resulting in a

regression with the structure:

Importancen,p,s ∼ β0 + β1,n,pln(CVn,p,s) + β2,nln(Degreen,s)

+ βn,3ln(Closenessn,s) + βn,4ln(Eigenvectorn,s) + β5,n(TrophicLeveln,s) (4.15)

This is identical to the regressions for the empirical networks, except that multiple network

structures are being incorporated into the same multilevel model. This means that β1

through β5 now vary by n, the network structure.

The significance of each predictor in each model was tested by fitting the model with-

out the predictor, and performing a likelihood ratio test between the full model and the

model without the predictor of interest, using the lme4 package in the language R [242, 24].
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Significance levels were Bonferroni corrected in four sets: immigration model with simu-

lated networks, immigration model with empirical networks, closed model with simulated

networks, and closed model with empirical networs. These multiple comparison correction

groups were chosen because conclusions were drawn based on general trends at this level of

the data.

4.3 Results

In the closed model (no immigration), all variables significantly predicted species importance

in almost all webs, both simulated and empirical (Figs. 4.1a, 4.1b). Degree positively

predicted importance, and was the strongest predictor overall, with a median standardized

effect size of .56 in empirical webs and .53 in simulated webs. Trophic level (median effect

size .24 empirical, .28 simulated) and eigenvector centrality (.09 empirical, .04 simulated)

also positively predicted importance. Closeness centrality (-.22 empirical, -.18 simulated)

and residual variability (-.12 empirical, -.14 simulated) negatively predicted importance.

Degree, closeness centrality, and trophic level were significant predictors in all webs.

Variability and eigenvector centrality were each significant in 7 out of 9 empirical webs

(Table 4.1). All predictors were significant for all simulated webs (Table 4.2).

Trends were very similar in the immigration model (Figs. 4.1c, 4.1d). All variables

significantly predicted species importance in most empirical webs. Degree (median effect

size .63 empirical, .64 simulated), trophic level (effect size .32 empirical, .42 simulated),

and eigenvector centrality (.11 empirical, .05 simulated) positively predicted importance,

and closeness centrality (-.16 empirical, -.34 simulated) negatively predicted importance.

Although residual variability negatively predicted importance in empirical webs (median

effect size -.12), it was non significant for all simulated webs but the cascade model (median

effect size 0).

As in the closed model, degree and trophic level were significant in all webs (Tables 4.3,
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4.4). Variability was significant in 7 out of 9 empirical webs and 1 out of 5 simulated webs.

Closeness centrality was significant in 8 out of 9 empirical webs, and eigenvector centrality

was significant in 6 out of 9 empirical webs. All predictors except variability were significant

in all simulated webs.

Web Variability Degree Closeness Eigenvector Trophic Level
Caricaie 17.61 603.40 3.40 0.65 121.60
Flensburg 20.20 1742.70 128.58 58.01 130.83
Otago 11.03 886.85 46.33 10.94 135.22
Reef 195.55 579.78 12.13 81.41 346.61
Serengeti 22.90 1194.64 419.37 36.53 53.95
Stmarks 21.41 503.81 59.79 37.57 102.27
Sylt 27.15 698.55 21.09 0.43 333.92
Tatoosh 0.36 672.31 66.78 9.25 54.96
Ythan 0.00 1241.60 107.87 12.43 28.22

Table 4.1: Significance of predictors for the closed model with empirical network
structures. Rows are specific network structures, and columns are predictors. Values in the
table are test statistics based on a likelihood ratio test comparing the full model to the model
with the specified predictor excluded. Significant results (α = .05, Bonferroni corrected to
α = .0011) are indicated in bold.

Web Variability Degree Closeness Eigenvector Trophic Level
Cascade 394.71 2117.52 297.10 55.82 345.55
MPN25 110.18 6674.53 588.90 74.33 1050.35
MPN35 188.56 5471.80 411.88 70.17 1412.35
MPN45 246.50 6202.32 575.41 67.83 1170.57
Niche 350.82 4904.14 284.42 68.22 1464.58

Table 4.2: Significance of predictors for the closed model with simulated network
structures. Structured as in 4.1, with α levels Bonferroni corrected to α = .002.
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Figure 4.1: Distributions of predictor effect sizes from hierarchical models. Plots
shown for closed model with empirical (a) and simulated (b) networks, and immigration
model with empirical (c) and simulated (d) networks. Each row represents a network struc-
ture (empirical networks) or food web model which was used to generate network structures
(simulated networks). Fixed effects in (a) and (c) are plotted with points at the mean and
lines for the standard errors (too small to be visible). Random effects are represented as
boxplots.
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Web Variability Degree Closeness Eigenvector Trophic Level
Caricaie 32.44 1160.53 17.77 2.23 323.07
Flensburg 34.92 1913.50 30.97 89.89 136.48
Otago 40.05 1253.12 41.04 41.21 271.73
Reef 287.29 1009.61 29.20 126.37 872.22
Serengeti 11.10 716.01 246.31 63.93 39.97
Stmarks 42.56 771.20 18.05 28.79 333.46
Sylt 15.99 816.38 37.39 4.68 303.35
Tatoosh 2.77 693.56 96.51 12.97 91.03
Ythan 0.30 1317.12 172.05 8.76 4.45

Table 4.3: Significance of predictors for the open model with empirical network
structures. Structured as in 4.1, with α levels Bonferroni corrected to α = .0011.

Web Variability Degree Closeness Eigenvector Trophic Level
Cascade 69.14 3717.57 870.94 41.86 1341.94
MPN25 0.55 5790.12 796.56 66.77 1967.19
MPN35 0.00 5188.99 1300.75 157.28 1599.26
MPN45 0.00 5861.96 1186.55 56.02 1632.47
Niche 0.00 6296.94 1208.84 97.08 1527.72

Table 4.4: Significance of predictors for the open model with simulated network
structures. Structured as in 4.1, with α levels Bonferroni corrected to α = .002.

4.4 Discussion

Across multiple types of models and network structures, I consistently found that degree and

trophic level positively predicted importance, while closeness centrality negatively predicted

importance. Eigenvector centrality was also a fairly consistent positive predictor, although

its effect was very weak. It is not possible to test all variations of all models, but the fact

that these predictors were consistent across different parameterizations, network structures,

and models (open or closed) suggests that they are somewhat robust.

These results also connect well to previous findings in the food web and community

ecology literature. Many studies have found that removing high-degree species results in

more secondary extinctions than removing low-degree species or randomly removing species

[70, 71, 231], but see [209]; this is also true in pollination networks [170]. Since degree, a

local centrality measure, is such a strong positive predictor, one might expect that closeness
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centrality would be a positive predictor as well. Surprisingly, I found the opposite pattern.

Closeness centrality comes from the study of social networks and does not have an obvious

ecological interpretation; therefore, the reason for this unexpected inverse relationship is not

obvious. However, this result does underline the fact that traditional network centrality

measures are not necessarily simple proxies for ecological importance. Using them as mea-

sures of “positional importance”, as some studies have suggested [253, 80, 124, 123], may

produce misleading results for many ecological questions. As these authors suggest, it is

vital to carefully consider the question, and if the chosen index will truly answer it.

Eigenvector centrality, unlike closeness centrality, was a fairly consistent positive predic-

tor. Still, its low predictive power was surprising, given that Allesina and Pascual found it

to predict the severity of secondary extinctions [12]. Allesina and Pascual were addressing

a slightly different question than is being considered here; the Jaccard Distance acts as a

measure of community change, not community collapse. Unlike most previous studies in this

area, I simulated the abundances of the species, and was therefore able to capture not just

secondary extinctions, but changes in abundance as well. Some species might be important

not because they maintain community diversity, but because they suppress populations of

their prey and competitors. It is possible that eigenvector centrality captures secondary

extinctions, but not these other changes in community composition.

Variability was generally a negative predictor, but had a low effect size and was not very

consistent, especially in simulated network structures with immigration. This could be due

in part to the source of variability in the models used. Like all models, the models used here

are a simplification, and assume that fluctuations in the system occur as a result of random

fluctuations in intrinsic growth rates. Although it is obvious that weather and resource

availability can impact birth and death rates, environmental factors may affect the system

in other ways as well. Disturbances may act on the population size directly, as from forest

fires [4] or wave action [196]. External factors may also affect interactions between species,
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as has been seen in the decoupling of plants and their pollinators due to climate change

[109]. The current study weakly suggests that more variable species are less important, but

further empirical and computational work may reveal the strength and consistency of this

effect, and how it is influenced by the type of environmental perturbation.

The effect of trophic level was much stronger and more consistent. Trophic level’s positive

relationship with species importance suggests that the simulated dynamics were strongly

affected by top-down forces. The higher importance of species with higher trophic level

could reflect trophic cascades [39, 195]. This pattern appeared despite a lack of clearly

delineated trophic levels in either the empirical or the simulated network structures which I

considered. Although the classic examples of trophic cascades occur in systems with a clear

trophic structure (e.g., [66, 78]), cascade-like patterns have been observed empirically even

in systems without distinct trophic levels [213, 172].

Conclusion

Simulations are a powerful tool for ecologists, and can be used to support and generalize from

empirical work. Using extensive simulation of large ecological communities, I find support for

the importance of top-down forces and highly connected species in maintaining the composi-

tion of ecological communities. Identifying important species is vital both for understanding

ecological processes and prioritizing conservation effeorts. Targeting these conservation ef-

forts is especially relevant, given that top predators are particularly vulnerable to extinction

due to environmental and anthropogenic factors [205, 55, 207]. By targeting our efforts

appropriately, we may hope to mitigate the damage to complex ecological communities.
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CHAPTER 5

ECOLOGICAL NETWORK INFERENCE FROM LONG-TERM

PRESENCE-ABSENCE DATA

5.1 Abstract

Ecological communities are characterized by complex networks of trophic and nontrophic in-

teractions, which shape the dynamics of the community. Machine learning and correlational

methods are increasingly popular for inferring networks from co-occurrence and time series

data, particularly in microbial systems. In this study, we test the suitability of these meth-

ods for inferring ecological interactions by constructing networks using Dynamic Bayesian

Networks, Lasso regression, and Pearson’s correlation coefficient, then comparing the model

networks to empirical trophic and nontrophic webs in two ecological systems. We find that

although each model significantly replicates the structure of at least one empirical network,

no model significantly predicts network structure in both systems, and no model is clearly

superior to the others. We also find that networks inferred for the Tatoosh intertidal match

the nontrophic network much more closely than the trophic one, possibly due to the chal-

lenges of identifying trophic interactions from presence-absence data. Our findings suggest

that although these methods hold some promise for ecological network inference, presence-

absence data does not provide enough signal for models to consistently identify interactions,

and networks inferred from these data should be interpreted with caution.

5.2 Introduction

Species interactions are a major driver of population dynamics. Interactions may produce

predator-prey [239] or host-pathogen [18] cycling, competitive exclusion [20], or complex

dynamics resulting from multiple interactions [154, 72]. In general, it is easier to collect data
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about dynamics than observing interactions directly; as a result, a major goal in ecological

modeling is the inference and study of ecological interactions based on dynamical data.

Mechanistic models are a popular approach, and can provide a way to reveal underlying

biological processes [136]. However, these models often require detailed information about

the system, including the values of underlying parameters and the functional forms describing

the ecological interaction itself. To study the interactions between more than a few species,

it is necessary to find a more scalable approach.

At the community level, ecological interactions produce a complex network. Food web

and interaction web structures affect dynamical properties such as community stability

[165, 13], reactivity [240], and robustness to extinction [70, 9]. As with individual two-

species interactions, we expect the structure of interaction networks to be reflected in the

community dynamics. Whole network inference from community dynamics is intractable

using standard mechanistic approaches. State-space reconstruction has been suggested as

a model-free method for inferring pairwise ecological interactions [238, 44], but has been

critiqued for its sensitivity to common features of natural systems, such as process error [46].

Machine learning and correlational methods have increasingly been used to infer microbial

[81, 138] and gene expression [275, 150, 159] networks from time-series and co-occurrence

data. These methods are convenient in that underlying parameters need not be estimated or

even specified; instead, the model is fit based on observational data alone, and, when possible,

tested using cross-validation or out-of-sample data (data that is used not to fit the model,

but to test its predictive accuracy). This process produces “association networks” that

reflect co-occurrence or correlational patterns. The hope is that these association networks

reflect ecological dynamics, based on the much-debated theory that nonrandom co-occurrence

distributions result from ecological interactions [59, 256, 96].

Experimentally or observationally verified microbial interaction networks are not com-

monly available, so it is difficult to determine if these methods effectively capture ecological
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interactions [81]. Macroscopic communities are useful to study here, because a combination

of observational, experimental, and network data are available for a few well-studied sys-

tems. Testing the validity of inferred networks for these systems can benefit both microbial

ecology and traditional community ecology. If the models produce high-quality networks,

we can have more trust in these methods in systems at either scale; if the networks do not

correspond to empirical knowledge, we need to be cautious in interpreting the association

networks currently being produced for microbial systems. Only one study to our knowledge

has applied network inference methods to macro-ecological systems [174]. This study found

that Bayesian networks successfully identified many known interactions among species and

habitat variables. We expand on this work by considering presence-absence data for multiple

large communities, using time series data for dynamic rather than static methods.

It is important to consider what the inferred co-occurrence networks mean ecologically.

An inferred link represents a predictive or correlational link between one species and another

species in the future, links which do not necessarily require interaction or causality. However,

it seems reasonable to expect that when two species interact, that interaction will be reflected

in the dynamics, and therefore, that we could identify many interactions based on observed

dynamics. Presence-absence data dampens this dynamical signal, making it more challenging

to correctly infer interactions. With this weaker signal, it may be easier to infer some types

of interactions better than others. For example, predator-prey interactions tend not to cause

total extinction of either species, and therefore might be difficult to identify from presence-

absence alone. In contrast, competition can result in local extinction from competitive

exclusion, and facilitation may allow for the successful invasion of a locally absent species.

For this reason, we expect nontrophic interactions such as competition and facilitation to be

more easily identified than trophic ones.

We use three network inference methods, which represent major classes of algorithms

used to construct gene and microbial networks. The first approach uses Dynamic Bayesian
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Networks (DBNs), which uses patterns of conditional independence between variables to

infer a graphical structure. The second is Lasso regression, which constrains the inclusion

of regression coefficients in the model. The final method uses Pearson’s correlation coeffi-

cients with a significance threshold. All methods are presented in detail in the methods.

Correlational approaches are especially common in microbial ecology [40, 23, 29, 201], and

are distinct in that they are not predictive models (i.e., the Pearson’s correlation coeffient

method can be used to construct an association network, but not to predict future dynamics,

as DBNs and Lasso can). We train the models to predict which species are present based

on which were present in the previous sample time. This allows us to capture the relation-

ships between species through time, rather than assuming that species respond to each other

instantaneously.

To evaluate how successfully these three models infer networks from ecological data, we

apply them to two long-term presence-absence datasets: a riverine fish community in France,

and a diverse intertidal community on Tatoosh Island in Washington state. These datasets

differ in several ways: the France dataset spans a larger spatial scale, but contains fewer

species and less phylogenetic diversity than the Tatoosh system. Since it includes only fish,

it might be considered a guild, rather than a complete community. This allows us to evaluate

the robustness of these inference methods under different data scenarios, and for different

types of communities. We consider how well the models infer both trophic networks in both

systems, and the nontrophic network from the Tatoosh intertidal. We find that each class

of model inference significantly predicts at least one network structure, but that no class of

model successfully predicts network structures for both France and Tatoosh, and no method

outperforms the others in general. We also find that the models are completely unable to

capture the Tatoosh trophic network, but that multiple models infer networks which are

similar to the Tatoosh nontrophic network, suggesting either that nontrophic interactions

drive dynamics in this system, or that the dynamical signal of trophic interactions gets lost
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when using presence-absence data. Overall, although these methods have some predictive

ability even with the limitation of presence-absence data, they should be used and interpreted

with care.

5.3 Methods

We used multi-site, presence-absence, time series datasets from two systems: stream fish in

France, and the middle intertidal zone on Tatoosh Island. We predicted network structures

using three approaches: Dynamic Bayesian Networks, Lasso regression, and a method based

on Pearson’s correlation coefficients. We then compared the model-inferred network struc-

tures to networks based on empirical data. For the two predictive models (DBNs and Lasso),

we also used the models to make short-term (next time step) predictions using out-of-sample

data; that is, data which were not used to fit the model, and were set aside to test prediction

accuracy. Code used to analyze these data is available on GitHub at https://git.io/vDEFu.

5.3.1 Data

The French stream fish dataset is a long-term monitoring dataset collected by ONEMA, the

French National Agency for Water and Aquatic Environments. We used the data available

on Dryad [49], which includes presence-absence information for 32 common species of fish,

collected at 794 sites from 1992 to 2011, and split into eight time periods, with each time

period spanning either two or three years. Not all sites contained data from all time periods.

Because we used models that relied on the time series nature of the data, only consecutive

sets of time points were used. For more information on how these data were collected, see

[48, 212].

We constructed a food web for these species based on gut content analyses from 88

articles. This count excludes studies that only identified cannibalistic interactions, only

identified interactions with species not present in the network, or did not identify prey
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to the species level. Feeding interactions were incorporated into the network if they were

observed in at least one study. Prey items were excluded when identity was unclear or

not resolved to the species level, and when interactions were based on a single or spurious

observation. Consumption of eggs, larvae, and fry were included as interactions if they

were identified to the species level. Cannibalistic interactions were excluded from the food

web, since self-interactions in the inferred networks mostly represent autocorrelation rather

than cannibalism. Since this dataset contains only fish, all interactions in this food web are

piscivorous.

While it is possible that this literature-based food web is missing some feeding inter-

actions, all species in the dataset are quite common and many articles containing dietary

information were available. Another possible concern is that the “sampling effort” is differ-

ent for different species, since species may differ in interest for research or fishery purposes.

Fortunately, many gut content analyses were available for most fish, especially for highly

piscivorous species. Of all species in the web identified as partially or entirely piscivorous

on FishBase [88], we only had difficulty finding dietary information for the barbel Barbus

barbus, which we consequently removed from both the food web and time-series data. A

listing of the feeding interactions and the citations supporting them can be found in Table

S3.

The Tatoosh Island presence-absence dataset is a long-term observational and experimen-

tal dataset from the middle intertidal zone, non-destructively sampled at 30 plots annually.

Ten control and ten experimental removal plots were sampled from 1994 to 2012, with an

additional five control and five experimental plots sampled from 1998 to 2012. In the experi-

mental plots, the competitive dominant Mytilus californianus was chronically and selectively

removed. Censuses were performed in each plot by recording percent cover (sessile species)

or numbers seen (mobile species) with the aid of a quadrat subdivided with microfilament

lines into 121 sub-squares. For further details on the census methods, see [272, 274]. Census
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data were converted to presence-absence after collection.

The middle intertidal zone is dominated in biomass by the mussel Mytilus californianus,

which grows in dense mats. These mats are occasionally torn from the rock by strong wave

action, revealing patches of bare rock, which then follows a predictable successional pattern

of colonizing species, before being taken over by M. californianus again [196, 270]. The

mussel beds provide physical structure for a diverse set of sessile and mobile species. The

non-destructive nature of the sampling procedure makes it possible to study the undisturbed

dynamics of the community, but as a result may miss some species that live deeper in the

mussel bed. 107 species were identified across 530 site-years, but only the 60 species which

were observed 10 or more times were used in the analysis.

The composition of plots with and without mussels is strikingly different, with control

plots generally dominated by M. californianus. Mytilus californianus is so dominant in these

plots that it may mask dynamics between other species. There is no single dominant species

across the experimental plots, and including these data may reveal species interactions that

would be hard for a model to identify from the control data alone. We attempted to fit

separate models for the control and experimental plots, but the data were too limited.

Because M. californianus removal has been found to dampen environmental stochasticity,

but not to affect the temporal order of the dynamics [272] (that is, it changes the size of

fluctuations in the system, but not the timescale over which they occur), we believe that it

is reasonable to model the system using both experimental and control plots.

Interaction data for Tatoosh Island were collected based on observational and natural

history information obtained in nearly a half century of study at the site [221]. We used two

versions of the network: a trophic web, with only feeding interactions, and a nontrophic web

with only non-feeding interactions, including competition, mutualism, facilitation, commen-

salism, and amensalism.
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5.3.2 Model Training and Cross-Validation

Networks were constructed using three methods: Dynamic Bayesian Networks, Lasso regres-

sion, and Pearson’s correlation coefficient. Models were fit using training data, and tested

for predictive ability on a separate set of test data. Since the method based on Pearson’s

correlation coefficients does not produce a predictive model, it was used only to fit a network

structure. With the exception of DBN structure learning, all model fitting and prediction

was performed in R [242] using the package glmnet for Lasso regression [86] and helper

functions from several other packages [262, 260, 36, 257, 258, 261, 259, 38, 54].

The France dataset was split into training and test sets (60 and 40 percent of sites,

respectively). The Tatoosh dataset was small enough (30 sites with annual samples for 15

or 19 years each) that setting aside a test set was not feasible. Instead, one data point

was randomly excluded from each site. The model was fit to the remaining data, and the

excluded points were used as a small test set. This procedure was performed 14 times, such

that all data points but the first year served as an out-of-sample point at most once. The first

year could not be used for out-of sample prediction since the network models use data from

the previous time point to make predictions. Following this procedure, 14 separate models

were fit for each method, so that a distribution of model performance could be obtained.

5.3.3 Static and Dynamic Bayesian Networks

A Bayesian Network is a probabilistic model that uses a graphical structure to represent

relationships between the random variables. The structure G contains vertices V and directed

edges E . The vertices (nodes) represent the random variables of interest, in this study,

presence/absence of species. Edges (links) represent conditional relationships from one node

(the “parent”) to another (the “child”); put more precisely, the absence of an edge between

two nodes represents a conditional independency between the two nodes. The probability

distribution of a child node C given parents P is conditionally independent of all other
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vertices in G; that is, P (C|V) = P (C|P ).

These conditional independencies allow the joint probability distribution of G to be given

in terms of simple conditional probabilities. The joint probability distribution of G for

random variables X1, X2, . . . , Xn, with parents Pi , is given by

P (X1, X2, . . . , Xn) =
n∏
i=1

P
(
Xi|Pi

)
(5.1)

Bayesian networks of this kind, which do not have a time component, are known as Static

Bayesian Networks (SBNs). SBNs are limited by a statistical constraint: the network must

be a directed acyclic graph (DAG); that is, it may not contain directed cycles. This means

that if species A depends on species B, B may not depend on A. This does not conform

to ecological reality at all. For example, since predators gain biomass by consuming prey,

and prey populations are reduced by predation, we expect predators and prey to mutually

influence each other, as is reflected in dynamical ecological models such as Lotka-Volterra

[239].

We can create more ecologically reasonable networks by “unfolding” the network in

time, creating a Dynamic Bayesian Network (DBN) [112]. Using this framework, the pres-

ence/absence of a child species at time t+1 depends on the presence or absence of its parent

species at time t. Put more precisely, the probability that the child species is present at

time t+ 1 is conditionally independent of all non-parent species, given the presence/absence

of the parent species at the previous time step t. Since parents always predict the child in

the next time step, any species may be a parent for any other without violating the DAG

constraint. A species may also be its own parent, capturing the effects of autocorrelation.

For a DBN, the joint probability of G may be given as follows:

P
(
X1,t+1, X2,t+1, . . . , Xn,t+1

)
=

n∏
i=1

P
(
Xi,t+1|Pi,t

)
(5.2)
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where Xi,t+1 is node Xi at time t + 1, and Pi,t is the set of parents Pi at time t. For

notational simplicity, we drop the subscript for time in future equations. The state of the

parents is always given for time t, and the child or random variable is always given for

time t + 1. For an example of how an empirical network may be represented by Static and

Dynamic Bayesian Networks, see Box 1.

Box 1. Empirical networks Represented as SBNs and DBNs.

A

B

C

D

P(At+1|At, Bt, Ct)

P(Dt+1|Ct,Dt)

P(Ct+1|Bt,Ct)

P(Bt+1|At,Bt)

A

B

C

D

A

B

C D

A

B

C D

a

b

c

A: P(A)

B: P(B|A)

C: P(C|A,B)

D: P(D|A,B,C)

 = P(D|C)

t t+1

Figure 5.1: Example of Static and Dynamic Bayesian Network structures. (a)
shows an example ecological network of dependencies between four example nodes, which
contains directed cycles. Removal of the dashed edges would create a valid DAG. (b)
shows a valid DAG that could be used as an SBN structure for these nodes. Because of
the DAG constraint, the structure does not exactly match the ecological network. The
local probability distributions that define the SBN are shown to the right. (c) shows a
valid DBN network structure. The edges in the network exactly match those of the true
ecological network, but are “unfolded” in time. Nodes at time t are on the left, nodes at
time t+ 1 on the right. Self-dependencies have been included to capture autocorrelation.
Local probability distributions that define the DBN are given to the right of each node.

Consider the network shown in Fig. 5.1a. This network contains two directed cycles:

A → B → A and A → B → C → A. Since this is not a DAG, we cannot capture

the true structure of this network with an SBN. By removing the B → A link, and

flipping the direction of the C → A link, we get the DAG in Fig. 5.1b. If we consider

the conditional independences of the nodes in the order A,B,C,D, we can show that

Eqn. 5.1 holds for this structure (all other orderings are also valid, but less convenient).
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To do so, we use the fact that for two independent variables X and Y , P (X) = P (X|Y ).

We can use this property in combination with the conditional independence structure

given in the Bayesian network (for example, in Fig. 5.1b, species B depends on A, but is

independent of C and D). Then, taking the product of the local distribution functions

for each node, we see that

P (A)P (B|A)P (C|A,B)P (D|C)

=P (A,B)P (C|A,B)P (D|C)

=P (A,B,C)P (D|C)

=P (A,B,C)P (D|A,B,C)

=P (A,B,C,D)

(5.3)

It is convenient to specify the joint probability function over the graph G using of these

comparatively simple conditional probabilities. The DAG constraint ensures that it is

possible to calculate the joint probabilities from the conditional probabilities in this way.

Using the DBN structure given in Fig. 5.1c, we can express the true network structure

(Fig. 5.1a). Since all local distribution functions for nodes at time t+ 1 are conditioned

on the parents at time t, all nodes at time t + 1 are conditionally independent of each

other (i.e., P (Xt+1) = P (Xt+1|Yt+1) for any species X and Y ). Therefore, Eqn. 5.1 still

holds:
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P (At+1|At, Bt, Ct)P (Bt+1|At, Bt)P (Ct+1|At, Ct)P (Dt+1|Ct, Dt)

=P (At+1|At, Bt, Ct, Dt)·

P (Bt+1|At, Bt, Ct, Dt, At+1)·

P (Ct+1|At, Bt, Ct, Dt, At+1, Bt+1)·

P (Dt+1|At, Bt, Ct, Dt, At+1, Bt+1, Ct+1)

=P (At+1, Bt+1, Ct+1, Dt+1|At, Bt, Ct, Dt)

(5.4)

Structure Learning

The model as described above assumes that the structure G is known. Since we are trying to

infer a network structure from our data, we also need to learn the structure of G. In theory,

this can be done in a fully Bayesian way, by calculating a posterior distribution over both

the parameter and network structure space [182]. In practice, this approach is intractable,

and it is necessary to use a search algorithm to identify high-quality network structures

(which are not guaranteed to be optimal), and evaluate them using a score proportional

to the posterior probability of the structure given the data. We use the commonly-used

scoring metric Bayesian Dirichlet equivalence (BDe) [108]. We used the software Banjo [228]

for structure learning, using simulated annealing as a search algorithm, with 100 runs for 8

hours each, for each dataset. For the Tatoosh dataset, this includes 100 8-hour runs for each

of the 14 subsampled datasets. The best network from each run was saved.

Due to the computational complexity of the problem, structure learning in Banjo requires

that a maximum number of parents per child node be set. As a check on the sensitivity of

the results to this constraint, the structure learning process and all subsequent analyses were
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repeated for 2, 3, 4, and 5 maximum parents.

Consensus networks were built from the saved networks. For the France dataset, a

majority rule consensus network was built using the top 10 networks. The consensus network

was used both for predicting out-of-sample data and for comparison to the empirical network

structure. The process was slightly different for the Tatoosh dataset, because of the multiple

subsampled datasets. For each subsampled dataset, a majority rule consensus network was

built using the top 10 networks. These consensus networks were used to predict out-of-sample

data points. To create a single network for comparison to the empirical network structure,

a majority rule consensus network was built from the 14 subsampled consensus networks,

resulting in a “consensus-consensus” network. Search algorithm convergence was examined

using the percentage of links that differed between the consensus networks and each network

used to compute the consensus. The percentage difference d between two networks A and

B was calculated as

d =
(A\B)L + (B\A)L

AL +BL
(5.5)

where AL is the number of links in network A, A\B is the relative complement of B with

respect to A (the links in A but not B), and (A\B)L is the number of links in A\B. For the

France dataset, d was calculated between each consensus network and the top 10 networks

used to create it. Similarly, for the Tatoosh dataset, d was calculated between each consensus

network and the top 10 networks used to create it, for each of the 14 data subsamples.The

distribution of d provides a sense of how similar top solutions are, and by extension, how

well the search algorithm is converging on optimal or close-to-optimal solutions.

Posterior Calculation and Prediction

After inferring a structure G as described above, we calculated the joint posterior distribution

of the DBN model given G. To calculate the joint posterior distribution, we can use the local
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distribution functions P (Xi|Pi,G) for each Bernoulli random variable Xi. Because each

parent may take on one of two states (0, “absent”, or 1, “present”), there are 2ki possible

configurations of the parents, where ki is the number of parents for species i. Thus, each

local distribution is a collection of binomial distributions, one for each parent configuration

Pi = pij [107].

We can analytically calculate a posterior distribution given these local distribution func-

tions with two additional assumptions. The first is that the data in our random sample

D is complete (that is, no data are missing), which is true in both datasets we considered.

The second is that all parameters θij are mutually independent, where θij is the probabil-

ity species i is present in a Bernoulli trial given parent configuration pij . The assumption

of parameter independence is demonstrated for multinomial local distribution functions in

Heckerman 2008 [107], which also applies to the more restricted case of binomial local dis-

tribution functions.

For any node i and parent state pij , the likelihood of the observed data is given by the

likelihood function for binomial sampling:

L
(
θij

)
∝ θ

rij
ij (1− θij)nij−rij (5.6)

where rij is the number of times Xi was present in the data given state pij in the previous

time step, and nij is the total number of data points with the parent state pij in the previous

time step.

To make this analytically tractable, we can choose a Beta prior on the parameter θij ,

such that

P
(
θij |G

)
=

Γ(αij + βij)

Γ(αij)Γ(βij)
θ
αij−1
ij (1− θij)βij−1 (5.7)

where αij and βij are hyperparameters which determine the shape of the prior distribution.
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We choose αij = 1 and βij = 1 for all nodes i and configurations j. This produces a flat

prior, which corresponds to a level of confidence equivalent to observing Xi to be present once

and absent once. Since the Beta distribution is a conjugate prior to the binomial likelihood

function, the posterior distributions are simply given by

P
(
θij |D,pij ,G

)
∼ Beta

(
θij |1 + rij , 1 + nij − rij

)
(5.8)

Having calculated the posterior distributions, we can then use them to make predictions

about the state of the system at time t+ 1, given the state at time t. Using data from time

step t to establish the state of the parents, the expected probability that species i is present

at time t+ 1 is given by the expectation of the Beta distribution for the parent state pij :

P (Xi = 1|D,pij ,G) =
1 + rij
2 + nij

(5.9)

Repeating this process for all species, we can predict the state of all species in the next time

step. In this way, we can compare the predicted state to the observed state at each timepoint

in the out-of-sample (test) data, in order to evaluate the short-term predictive power of the

model.

5.3.4 Lasso Regression

Lasso regression is a generalized linear regression approach with an additional regularization

parameter λ [247]. This regularization parameter acts to shrink or eliminate predictor coef-

ficients that contribute least to the model fit, helping to prevent overfitting. The line of best

fit is calculated based on the following equation:

(α̂, β̂) = argmin


N∑
i=1

yi − α−∑
j

βjxij

2
 where

∑
j

∣∣∣βj∣∣∣ ≤ λ (5.10)
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where α̂ is the intercept for the line of best fit, β̂ is the vector of coefficients for the line of

best fit, N is the number of data points in the random sample, yi is the observed value of the

dependent variable for the ith data point, and xij is the observed value of the jth predictor

for the ith data point. As in a standard generalized linear model, we are minimizing the sum

of squared errors, but with an additional constraint on the total magnitude of the βs. This

causes the βs for relatively unimportant predictors to shrink to 0. We used this shrinkage

property to construct a network. By running Lasso regression on each species, we identified

the interacting species with the strongest predictive effect, and created a network from those

interactions. Lasso was chosen over other regularization approaches (such as elastic net) due

to its popularity for biological network inference [174, 82, 159, 138].

A separate regression was performed for each species, where the presence/absence of one

species was regressed on the presence/absence of all species (including itself) at the previous

time step; that is, the lag 1 of all species. Predictor species with non-zero coefficients

were kept as interactions in the resulting network. We used k-fold cross-validation with the

training set to identify the optimal value of λ. Using this value, we used the trained model to

predict the test set. We trained two Lasso regression models: one containing only first-order

(i.e., pairwise) interactions, and one containing both first and second-order interactions. For

the model containing second-order interactions, any pair of species included in a second-order

interaction were considered to be interacting, for purposes of constructing the network.

The DBN model is a Bayesian approach, and therefore does not have a specific amount

of data required to train a model. However, logistic regression models, similar to the lasso

regression used here, can produce unstable results when there are too few observations in each

category [110]. To avoid this issue, we excluded species with fewer than 20 observations in

each class from the analysis (species which were chronically present or chronically absent).

No species from the France dataset were excluded, but 8 species were excluded from the

Tatoosh dataset for this reason: Semibalanus cariosus, Leathesia, Prionitis, Lottia pelta,
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Lottia digitalis, Tonicella lineata, Pinnotheres pisum, and Henricia. These species were also

excluded from the Tatoosh empirical networks when comparing them to the inferred Lasso

networks.

5.3.5 Pearson’s Correlation Coefficient Method

We calculated the Pearson’s correlation coeffient for each species with the presence/absence

of each other species in the previous time step (that is, we calculated the correlation between

each species and the lag 1 of each other species). We then performed a permutation test with

10,000 repetitions to determine the significance of each correlation. In each permutation,

the observations for each species were shuffled, such that the ratio of presences to absences

was preserved for each species, but were randomized with respect to time and site. A null

distribution of correlations was estimated based on correlations calculated for the permuted

data. Correlations which were significantly larger in magnitude than expected by chance, for

an overall false discovery rate of .05 (using the Benjamini-Hochberg FDR correction [26]),

were kept in the network as interactions.

5.3.6 Null Models

Two null models were used to assess comparative fit of the network models. The first null

model was a weighted coin flip for each species. That is, the presence or absence of a species

at any time point was predicted by the probability of presence in the training set. This null

model captured weighted presence/absence probabilities, but ignored the time component

of the data.

The second null model was a disconnected DBN, where the probability that a species

was present was independent of all others, conditional only on its own presence or absence in

the previous time step. Essentially, the DBN structure was given by a network where each

species connects only to itself. The parameters of this model were calculated as for the full

88



DBN model. This null model captures the autocorrelation of the data, but no interactions

between species.

5.3.7 Model Comparison

The similarity between empirical networks and model networks was measured using two

standard machine learning measures, precision and recall. Precision measures the fraction of

links identified by the model which are present in the empirical web, while recall measures

the fraction of empirical links which are correctly identified by the model:

Precision =
true positives

true positives + false positives
(5.11)

Recall =
true positives

true positives + false negatives
(5.12)

If most of the interactions identified by a model are present in the empirical web, the

model will have high precision. If a model is able to identify most of the interactions in the

empirical web, it will have high recall. The ideal model would have both precision and recall

near 1, but there is often a tradeoff between the two. For example, a model which predicts

that all pairs of species interact would have high recall (it would identify all empirically

present interactions), but low precision (it would falsely predict many empirically absent

interactions). Conversely, a model which predicted only a single true positive would have

high precision (all of its positives would be true positives), but low recall (it would fail to

identify most empirically present interactions).

The significance of the precision and recall values was calculated using a permutation

test. For each permutation, the model network was shuffled such that each species had the

same number of incoming links, but the identity of those species was randomized. This

constraint was added to replicate the DBN constraint on the number of parents, and the soft
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constraint of regularization in the Lasso model. A side effect of this permutation procedure

is that although the number of true positives will vary by randomization, the denominators

of the precision and recall formulas will not. Put another way, the precision and recall values

will be perfectly correlated, such that the p-values for precision and recall of a given model

will always be identical. Before calculating precision and recall, all interactions between a

species and itself were excluded from both empirical and inferred networks. This is because

these links represent cannibalism or self-regulation in the empirical networks, but represent

autocorrelation in the inferred networks.

To compare model predictive performance, fit models were used to predict out of sample

data. We calculated the log likelihood of each model correctly predicting the entire test

dataset. For the Tatoosh dataset, separate models were fit to 14 cross-validation sets, result-

ing in 14 log likelihoods per model. The likelihood distributions of the models was compared

to that of the disconnected DBN null model using a Wilcoxon rank sum test, with p-values

corrected for a false discovery rate of .05 across all models.

5.4 Results

5.4.1 DBN Convergence

Individual runs were relatively similar to the overall consensus networks, in both the France

and Tatoosh datasets, suggesting that the algorithm was finding similar high-quality solu-

tions in different runs. In the France dataset, d ranged from 1.05% to 10.47%, with an overall

median difference of 4.46%, and a slight decrease in d as the maximum number of parents

increased (median2 = 6.50%, median3 = 5.26%, median4 = 2.90%, median5 = 2.88%).

In the Tatoosh dataset, d ranged from 0.00% to 11.20%, with an overall median differ-

ence of 4.67%. Median difference increased slightly with the maximum number of parents

(median2 = 3.14%, median3 = 4.53%, median4 = 5.61%, median5 = 5.49%).
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5.4.2 Network Structures

All models inferred networks which were significantly related to empirical networks for one

of the two datasets, but no model successfully inferred empirical networks for both. In the

France dataset, only the networks inferred by Lasso models had higher precision and recall

of the true food web than expected by chance (Table 5.2). The 2-parent DBN model was

marginally significant (p = .06). The Pearson’s correlation coefficient network had very

high recall (.90) but relatively low precision (.19), suggesting that although the correlation

network had many interactions (connectance = .85), the interactions had little relation to

the food web structure.

All model networks for the Tatoosh trophic web performed poorly. No models produced

a network which was significantly similar to the Tatoosh food web structure. Interestingly,

the inferred networks were much more similar to the network of nontrophic interactions

(Table 5.2, Fig. 5.3). The 2-parent DBN and Pearson networks were more similar to the

nontrophic network than random (p = .02 for DBN-2, p < .01 for Pearson). The first-order

Lasso (p = .10) and all other DBN networks (p = .06 for DBN-3, 4, and 5) were marginally

significant (Table S1).

5.4.3 Predictive Accuracy

Both DBN and Lasso models predicted out-of-sample time points more accurately than null

models. The disconnected DBN null model performed dramatically better than the coin flip

null model in both datasets, suggesting that autocorrelation accounted for much of the trend

in the data. In the France dataset, Lasso models performed better than null models, and

similarly to each other. DBN models performed better than both Lasso and null models

(Table 5.1). Due to the limited size of the Tatoosh dataset, models were trained on 14

data subsamples, each of which was used to predict the remaining out-of-sample points.

This resulted in a distribution of likelihood values, rather than a single number (Fig. 5.2,
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Table S2). Although there was some overlap between the likelihood distributions (with the

exception of the coin flip null), Wilcoxon signed-rank tests between the models and the

disconnected null found some meaningful differences. The DBN models all performed better

than the disconnected model (p = .003, .003, < .001, and .001 for 2,3,4, and 5 max parents,

respectively). In contrast, neither Lasso model had a median that significantly differed from

the disconnected null (p = .162 and .426 for the first and second-order models, respectively).

The predictive accuracy of DBN models did not appear to be limited by the constraint

on the number of parents. In the France dataset, the DBN model with 2 parents performed

worse than the others, but the model with 3 parents had the best predictive accuracy overall

(Table 5.1). The 2 parent DBN performed best of all the Tatoosh models (Fig. 5.2).

5.5 Discussion

Using three methods taken from microbial and gene network inference, we found mixed suc-

cess for all methods. DBN-2 and Pearson significantly captured the nontrophic structure of

the Tatoosh network, but only the Lasso regression variants significantly captured the French

piscivory network. This stands in contrast to Milns et al. [174], who found that Bayesian

networks strongly outperformed Lasso regression in inferring networks for avian communi-

ties and habitat features. It is worth noting that many models are marginally significant

for both the France and Tatoosh nontrophic networks. Although we should be cautious not

to overstate marginally significant results, this does point to some level of generality in the

performance of the models. The three methods are uneven in performance between the two

datasets, but DBN and Lasso perform moderately well on both. A comparison of meth-

ods for gene network inference also found a good deal of variability in performance across

datasets [159], and no model was the best performer on all datasets. This resulted from the

fact that each model had specific biases, which had more or less effect, depending on the

specifics of the dataset. The most robust approach was to combine the results of multiple
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methods [159]. This is a promising future avenue of research in ecological network inference.

Interestingly, some models capture the trophic structure of the France piscivory network,

but no models capture the trophic structure of Tatoosh, although they perform relatively

well on the nontrophic structure. Unfortunately, not enough information was available to

construct a reliable nontrophic network for the France system, so we can only speculate

if these methods are better at capturing nontrophic information in general, or if there is

something specific to the Tatoosh system or dataset. Co-occurrence networks are generally

used to infer competitive interactions specifically (e.g., [59, 50, 128]). Because we have

dynamical data on the dynamics of the system through time, we might naively expect to

identify the effects of both trophic and nontrophic interactions, and at least in the French

network, this was the case. However, it is possible that presence-absence data is too blunt an

instrument to capture predator-prey dynamics in some systems. In a simple Lotka-Volterra

predator-prey interaction, neither species is expected to go extinct, so if the sampling effort

is high enough, both species would simply show up as present for long periods of time. In

contrast, competitive exclusion by definition results in the local extinction of one species,

and therefore might be easier to capture in this type of data. In this way, the detection

threshold of the data may influence the interactions the model can infer.

The many differences between these datasets allow us to see the variability in performance

from the network inference algorithms, but make it difficult to identify specific factors un-

derlying those differences. However, one likely factor is the type of competition dominant

in each of these systems. In the Tatoosh system, competition for physical space strongly

structures the system [196]. Most sessile species are either filter feeders or photosynthetic,

and as a result, are directly competing for space on the rock or other individuals, rather than

competing for a limited food resource. In this zone of the intertidal, bare rock is generally

revealed only in response to disturbance, and is quickly colonized [196]. Competition for

space in the Tatoosh middle intertidal is so strong that competitive interactions may drown
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out the signal of feeding interactions (but see [271]), at least when the data are limited to

presence-absence. In contrast, physical space in rivers is less limiting, so feeding interactions

and competition for shared prey are more likely to be strong drivers in the French piscivory

network.

Despite their mixed success for predicting network structures, the DBN and Lasso models

were relatively good at predicting short term dynamics. The DBN models were consistently

predictive in both the France and Tatoosh systems, and although the Lasso models were

not as predictive of the Tatoosh system, they performed well on the France dataset. DBNs

and Lasso are fundamentally predictive models, with the network structures produced more

as a side effect than an end in itself. These models are clearly effectively finding predictive

patterns in the data; however, these patterns may not always correspond to ecological interac-

tions. Even in the model networks which corresponded well to the empirical networks, there

were many false positives and false negatives. False negatives are not especially surprising,

since empirical networks are likely to contain relatively unimportant interactions which may

not have much influence on the community dynamics. The false positives demonstrate that

species were predicting each other’s dynamics without directly interacting. Some of these

predicted interactions likely result from indirect effects: causal effects that occur without

direct interaction between the two species. Indirect effects are known to drive dynamics in

the Tatoosh intertidal (e.g., [266, 267, 268, 271]). False positives might also occur when two

species share a common driver. In the lagged models used in this study, species which share

a predator, resource or environmental stressor might be inferred to “interact” if they respond

at different time scales. The species which responds at close to a lag-1 time scale would, for

example, predict a species which responds at close to a lag-2 time scale. It is possible that

using a different lag, or including multiple lags, could improve the model, although previous

work on the mussel Mytilus californianus in the Tatoosh intertidal found that 1-year lag

models outperformed models with all lags up to four years [274].
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Model Log Likelihood Median Probability
Coin -26205.80 0.71

Disconnected -11447.79 0.92
DBN-2 -10653.97 0.94
DBN-3 -10437.39 0.95
DBN-4 -10476.15 0.95
DBN-5 -10474.91 0.95

Lasso-1st -11098.84 0.93
Lasso-2nd -11017.07 0.94

Table 5.1: Out-of-sample predictive accuracy for the French stream dataset.
Columns represent the model name, log likelihood of correctly predicting test data, and
median probability of correctly predicting a single species at a single out-of-sample time
point.

Although none of these methods was consistently successful, they are worth exploring

further, both for different systems and different types of data (for example, abundance rather

than presence-absence data). No method is a strictly significant predictor of network struc-

ture for both systems, but it is clear that methods like these are capable of capturing some

dynamical signal of the underlying interactions. This suggests that they could reasonably

be used in microbial systems, but only with great caution; for these two datasets, even the

model networks which significantly match empirical structures had relatively low precision

and recall. In the absence of known microbial networks [81], data for macroscopic communi-

ties can provide a useful proxy for validating the use and interpretation of network inference

methods. As machine learning and correlational methods continue to grow in popularity, it

is vital that we validate their results, and consider what we can and cannot learn from the

networks they produce.
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Figure 5.2: Log likelihood distributions for Tatoosh data subsamples, (a) including
the weighted coin flip null model, and (b) excluding the weighted coin flip, and
zooming in on the remaining models. Each observation represents the log likelihood of
correctly predicting out-of-sample test data, given the model fit on one subsampled dataset.
Black vertical lines in (b) represent the median log likelihoods for each model.
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Figure 5.3: Structural comparison between empirical and model adjacency matri-
ces for the Tatoosh system: (a) Trophic and DBN-2, (b) Nontrophic and DBN-2,
(c) Trophic and Lasso-1st, (d) Nontrophic and Lasso-1st, (e) Trophic and Pear-
son, and (f) Nontrophic and Pearson. White boxes represent the absence of a link in
both networks (true negative), blue represents a link present in both networks (true posi-
tive), black, a link present in the empirical but not model network (false negative), and red,
a link present in the model but not empirical network (false positive).

97



France Tatoosh Trophic Tatoosh Nontrophic
Model Precision Recall Precision Recall Precision Recall
DBN-2 0.33 0.060 0.24 0.016 0.31∗ 0.027∗

DBN-3 0.20 0.065 0.15 0.013 0.27 0.029
DBN-4 0.22 0.083 0.18 0.014 0.27 0.029
DBN-5 0.23 0.089 0.20 0.016 0.27 0.029

Lasso-1st 0.24∗ 0.571∗ 0.19 0.193 0.22 0.297
Lasso-2nd 0.23∗∗ 0.685∗∗ 0.21 0.415 0.20 0.533
Pearson 0.19 0.905 0.18 0.155 0.25∗∗∗ 0.278∗∗∗

Table 5.2: Precision and recall of model networks compared to empirical network
structures for the French stream food web, Tatoosh trophic network, and Tatoosh
nontrophic network. Precision and recall values are given with significance based on a
permutation test (<.05: ∗, <.01: ∗∗, <.001: ∗∗∗), with p-values corrected across all models
and networks for an overall false discovery rate of α = .05.
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CHAPTER 6

APPENDIX 1: SUPPLEMENTAL INFORMATION FOR

WHAT CAN INTERACTION WEBS TELL US ABOUT

SPECIES ROLES?

6.1 Supplemental Methods

6.1.1 Supplemental Network Information

In the Norwood farm network [210], indirect interactions (i.e., parasitoids which indirectly

benefitted plants by parasitizing herbivores) were excluded from the adjacency matrix. In

[210], leaf-miner parasitoids were assumed to be a reasonable proxy for the interactions

between plants and leaf-miners. However, since direct leaf-miner network data were not

available, we chose to exclude these species altogether. Two species in this system interacted

in the network in multiple ways (interacting with some species as a plant mutualist and with

others as an herbivore, for example). Each of these species was listed as a single node in the

adjacency matrix, but both interaction types were kept. In these cases, when species of one

interaction type were removed, only the links of that interaction type were removed.

In the Doñana and Norwood webs, some plant species became disconnected from the

large cluster when mutualists or herbivores were removed. However, these species were not

excluded from the group model selection process, to make the single-interaction versions of

the networks more directly comparable to the complete versions.

6.1.2 Taxonomic Data

Taxonomic data were obtained from the ITIS website at //www.itis.gov/downloads/index.html

and resolved to the species, genus, or family level, whichever was the most detailed that

could be obtained from this database. Taxa which could not be identified through the ITIS
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database were identified by hand to the highest resolution possible using information from

the Encyclopedia of Life [1], and outdated names were changed by hand where possible.

Nodes that were not resolved to at least the phylum (for the Tatoosh network) or order (for

the Doñana and Norwood networks) level were excluded from the taxonomy-based grouping

and similarity calculations between partitions.

6.1.3 Search Algorithm

The space of possible groupings was explored using Metropolis-coupled Markov Chain Monte

Carlo (MC3), also known as parallel tempering [94, 15]. This search strategy allows multiple

MCMC chains at different temperatures to run in parallel, occasionally giving chains the

opportunity to swap temperatures. Here we use the term ‘temperature’ as it is used in

simulated annealing, where the probability of accepting a bad move is a function of the

temperature. We allowed our chains to take temperatures which ranged from the hottest

temperature of slightly above 0 (all proposed steps accepted with equal probability) to the

coldest temperature, 1 (proposed steps accepted with probability directly proportional to

their likelihood). Every 20 steps, we allowed chains the opportunity to swap temperatures.

These swaps proceeded in a “bucket brigade” fashion [74], such that each chain had the

opportunity to swap temperatures with adjacent temperatures from hottest to coldest with

probability

min

1, exp

( 1

ti
− 1

ti+1

)(
log
(
P (N |Gi)

)
− P (N |Gi+1)

)
 (6.1)

where ti is the temperature of chain i, and temperatures are arranged such that ti is hotter

than ti+1. In this way, the hottest chain may cool to become the coldest chain in a single

round of swaps if it happened to find a promising part of the solution space.

Case studies have suggested that the algorithm performs best when the probability of

100



accepting a swap is close to 20% [74]. Based on this and our own preliminary study, we cal-

ibrated the number of chains for each network to result in a swap acceptance rate between

15 and 35 percent. The swap acceptance probability for a given number of chains tended to

decrease with network size, so larger networks were generally given more chains. Tempera-

tures were uniformly spaced, as preliminary testing indicated that alternate spacing schemes

(e.g., logarithmic) resulted in very high swap acceptance rates and inferior groupings.

6.1.4 Restricted Growth Function (RGF)

Groupings were stored as a vector of length equal to the number of species S. The ith

element of this vector held the group membership of species i. Groups were given a number

between 0 and (S − 1). After initializing the starting solution for each chain, and after each

mutation step, the solution was run through the RGF algorithm. This algorithm renumbers

the groups such that as you move from left to right through the vector, new groups are

numbered sequentially. For example, the solution [2 3 1 1 4 2] would be represented as [0 1

2 2 3 0] after being run through the RGF. The renumbering does not change the solution,

since the group labelling is arbitrary, but it ensures that each solution has a single consistent

representation. This algorithm runs in linear time and improves the efficiency of the parallel

tempering algorithm, since it spends less time rediscovering solutions that are identical but

encoded differently.

6.1.5 Gibbs Sampler

The mutation step for each chain used a Gibbs sampler, which ran as follows: A single species

was chosen for mutation. Then, the algorithm calculated the Bayes factor for each potential

group assignment for that species, including its current group assignment and assigning it the

species its own unique group. The new group assignment was chosen based on probabilities

BTi , where Bi is the Bayes factor of the ith group, and T is the temperature of the chain.

101



6.1.6 Jackknife Resampling

An implicit assumption of the group model as used in this study is that the “complete”

network structure, containing all available interaction data, is the “true” network structure.

That is, the model assumes that there are no missing or erroneous interactions. There are

many possible ways to test the robustness of the method to incomplete data. Jackknife

resampling was chosen due to the relative simplicity of performing and interpreting the

results. Resampling was only performed using the Tatoosh Island network, because this was

the only network with fast enough convergence to be computationally feasible. Species were

removed one at a time from the complete network, then were partitioned using the group

model 25 times, with the algorithm running for 10000 steps with 20 chains each run. The

25 runs converged to between 2 and 6 solutions with similar marginal likelihoods, suggesting

that the algorithm was able to adequately explore the solution space. The best grouping

for each species removal was compared to the best grouping before species removal. The

match between the grouping before and after removal was calculated as MI
MImax

, that is, the

observed MI over the maximum MI possible for the two partitions (MImax is equivalent

to the minimum of the two entropies).

6.1.7 Null Model for Partition Comparison

There are multiple possible null models when comparing the observed mutual information

to what is expected by chance. An intuitive null model for species grouping would be to

assign each species a group identity from 1 to S. However, this allows the null to have

more or fewer groups than observed, which changes the number of parameters in the model.

A similar problem exists if we choose to assign each species a group identity from 1 to g

(the number of groups in the observed partition). The null will have the same number of

groups as observed, but will likely have different numbers of species in each group. the

number of species in the different groups has a large effect on the entropy, which provides
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an upper bound on the MI. Therefore, we choose to randomize the grouping by shuffling

the species, such that the number of species in each group remains identical to the observed

partition, but the species identities in the groups are randomized. This procedure maintains

the entropies of each partition, so that the MI has the same upper bound, but allows us to

get a distribution of what MI would be expected by chance, in the absence of the effect of

network structure. This is the most conservative null model of the three.

6.1.8 Supplemental Figures and Tables
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Figure 6.1: Optimal grouping structure for the Tatoosh Island mussel bed trophic
network. Figure structured as in main text Fig. 2.1. Numbered list of taxon names is given
in Table 6.1.
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Figure 6.2: Optimal grouping structure for the Tatoosh Island mussel bed non-
trophic network. Figure structured as in main text Fig. 2.1. Numbered list of taxon names
is given in Table 6.1.
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Figure 6.3: Similarities between Tatoosh Mussel Bed partitions. Table structured
as in main text Fig. 2.4, but containing all pairwise comparisons between partitions for the
Tatoosh Mussel Bed.

106



Figure 6.4: Similarities between Doñana Biological Reserve plant partitions. Ta-
ble structured as in main text Fig. 2.7, but containing all pairwise comparisons between
partitions for Doñana Biological Reserve.
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Figure 6.5: Similarities between Norwood Farm plant partitions. Table structured
as in main text Fig. 2.9, but containing all pairwise comparisons between plant partitions
for Norwood Farm.
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Species Names All Trophic NonTrophic
Particulate Detritus 1 6 3

Phytoplankton 1 6 12
Detritus 2 6 1

Larus glaucescens 3 4 2
Corvus caurinus 3 4 2

Haematopus bachmani 3 5 2
Dialula (Discodoris) sandiegensis 4 10 3

Archidoris montereyensis 4 10 3
Odostomia columbiana 4 10 3

Fissurelidia (Megatebennus) bimaculatus 4 10 3
Hermissenda (Phidiana) crassicornis 4 10 3

Opalia montereyensis 4 10 3
Haliaeetus leucocephalus 4 10 3

Falco peregrinus 4 10 3
Pelagic Fish 4 10 3

Pinnotheres plsum 4 10 5
Amphissa columbiana 4 11 3

Cirolana 4 11 3
Calliostoma ligatum 4 11 3

Ophiuroidea 4 11 3
Alia 4 11 3

Staphylinid Beetle 4 11 3
Small Turrid 4 11 3

Henricia 4 11 3
Chironomidae 4 11 5

sand tube worm 4 11 5
Zooplankton 4 11 5

Emplectonema gracile 5 5 3
Leptasterias hexactis 5 5 3

Notoplana 5 5 3
Pisaster ochraceus 5 5 3

Oligocottus maculosus 5 5 5
Clinocottus embryum 5 5 5
Clinocottus globiceps 5 5 5

Table 6.1: Group identities for Tatoosh mussel bed species. Species in the Tatoosh
mussel bed network are listed in order of grouping in the complete network as shown in main
text Fig. 2.6. Group identities for the trophic and nontrophic networks (as in Figs. 6.1 and
6.2, respectively) are also listed.
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Species Names All Trophic NonTrophic
Paranemertes peregrina 6 10 3

Amphiporus bimaculatus 6 10 3
Nereis vexillosa 6 11 3
Tonicella lineata 6 11 3

Phascolosoma agassizii 6 11 3
Cucumaria pseudocurata 6 11 3

Petrolisthes 6 11 3
Nereis sp. 6 11 3

Oedignathus inermis 6 11 3
Ceratostoma foliatum 6 11 3
Halosydna brevisetosa 6 11 3

Stichaeidae 6 11 3
Pagurid 6 11 4

Amphipoda 7 1 3
Idotea wosnesenskii 7 1 3

Chlorostoma (Tegula) funebralis 7 1 3
Katharina tunicata 7 1 5

Mopalia 7 1 5
Strongylocentrotus purpuratus 7 1 5

Strongylocentrotus droebachensis 7 1 5
Strongylocentrotus franciscanus 7 1 5

Littorina sitkana 8 12 3
Littorina scutulata 8 12 3

Lacuna vincta 8 12 3
Siphonaria thersites 8 12 3
Onchidella borealis 8 12 4

Lepidochitona 8 12 5
Lottia pelta 9 2 5

Lottia digitalis 9 2 5
Lottia paradigitalis 9 2 5

Lottia (Tectura) scutum 9 2 5
Ocenebra interfossa 10 3 3

Nucella ostrina 10 3 5
Nucella canalicalata 10 3 5

Nucella lamellosa 10 3 5
Chthamalus dalli 11 11 6
Balanus nubilus 11 13 5

Entodesma saxicola 11 13 5
Serpula vermicularis 11 13 5

Table 6.1, continued
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Species Names All Trophic NonTrophic
Anthopleura 12 5 6

Sacharina (Hedophyllum) sessilis 13 8 7
Laminaria 13 8 7

Alaria 13 8 7
Costaria costata 13 8 7

Postelsia palmaeformis 13 8 7
Halichondria Haliclona 14 9 12

Phyllospadix 14 9 13
Diatoms 15 7 8

Corallina vancouvriensis 16 9 9
Articulated corralines 16 9 9

Petrocelis Ralfsia 16 10 8
Halosaccion glandiforme 17 8 10
Mastocarpus (Gigartina) 17 8 10

Endocladia muricata 17 8 10
Ulva 17 8 10

Porphyra 17 8 10
Acrosiphonia (Spongomorpha) coalita 17 8 10

Fucus distichus 17 8 10
Microcladia borealis 17 8 10

Iridaea 17 8 10
Leathesia marine (difformis) 17 8 10

Polysiphonia 17 8 10
Neorhodomela 17 8 10

Prionitis 17 8 10
Petalonia fasciata 17 8 10

Callithamnion pikeanum 17 8 10
Scytosiphon lomentaria 17 8 10
Cumagloia andersonii 17 8 10

Analipus japonicus 17 8 10
Enteromorpha 17 8 10

Semibalanus cariosus 18 13 11
Balanus glandula 18 13 11
Mytilus trossulus 19 13 12

Pollicipes polymerus 19 13 12
Eudistylia 19 13 12

Mytilus californianus 19 13 13

Table 6.1, continued
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CHAPTER 7

APPENDIX 2: SUPPLEMENTAL INFORMATION FOR

UNDERSTANDING THE ROLE OF PARASITES IN FOOD

WEBS USING THE GROUP MODEL

7.1 Group Model

The group model organizes species into groups such that species within a group tend to

interact with other groups in the same way. Here, and throughout, we consider the directed

case. The undirected case is mathematically very similar and is given a fuller treatment in

[132]. In the most basic version of this model, it is possible to calculate the likelihood of

obtaining the observed network A given the block structure or grouping G, where each block

is treated as a separate Erdős-Rényi random graph. This likelihood is given as:

L
(
A|G, crs; r, s ∈ 1, . . . , g

)
=

g∏
r=1

g∏
s=1

cLrs
rs (1− crs)SrSs−Lrs (7.1)

where crs is the connectance between groups r and s (note that, since the graph is directed,

crs is not necessarily equal to csr), g is the number of groups, Lrs is the number of edges

going from group r to group s, and Sr is the number of species in group r [221]. Using a

uniform prior, the Bayes factor can be calculated for model selection. For two groupings G1

and G2, the Bayes factor is given by

B =
P (A|G1)

P (A|G2)
(7.2)

where P (A|G1) is the marginal likelihood

∫ 1

0
· · ·
∫ 1

0
P (crs; r, s ∈ 1, . . . , g)L

(
A|G, crs, r, s ∈ 1 : g

)
dc11 . . . dcgg (7.3)
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which can be integrated to give

g∏
r=1

g∏
s=1

Lrs! (SrSs − Lrs)!
(1 + Lrs) (1 + SrSs)!

(7.4)

7.2 Group Model for Multigraphs

Here we consider the group model for multigraphs, which is consistent with the degree-

corrected case. For sparse networks such as ecological networks, the possibility of multiple

edges between nodes does not significantly affect the results [132]. Using the multigraph

group model, the number of interactions between a species from group r and a species

from group s are drawn from a Poisson distribution with rate parameter ωrs, such that

E[Aij ] = ωrs when i ∈ r, j ∈ s. Then the likelihood of the network A given the block

structure G is:

L
(
A|G,ωrs; r, s ∈ 1, . . . , g

)
= C

S∏
i=1

S∏
j=1

(
ωgigj

)Aij
exp

(
−ωgigj

)
(7.5)

where

C =
S∏
i=1

S∏
j=1

(
Aij !

)−1
(7.6)

The likelihood of a single block rs is then

∏
i∈r

∏
j∈s

(
ωgigj

)Aij
exp

(
−ωgigj

)

= (ωrs)
∑

i∈r
∑

j∈sAij exp (−ωrs) (7.7)

= ωLrs
rs exp (−ωrs)
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Substituting this back into the likelihood for the full network, we get

L
(
A|G,ωrs; r, s ∈ 1, . . . , g

)
= C

g∏
r=1

g∏
s=1

ωLrs
rs exp (−ωrs) (7.8)

Note that the fractional term C is constant with respect to the network structure, and

therefore can be ignored when using Bayes factors for model selection on the same network.

Note that C = 1 when the network is not a multigraph. Using equation 2 for the Bayes

factor, we need to calculate the marginal likelihood. We can then use a Gamma distribution

as a (conjugate) prior for the ωs, for the marginal likelihood

P (A|G1) = C

∫ ∞
0
· · ·
∫ ∞

0

g∏
r=1

g∏
s=1

βα

Γ (α)
ωLrs+α−1
rs exp

(
−ωrs (1 + β)

)
dω11 . . . dωgg (7.9)

Since the likelihood is a function, and the prior is the probability of that function, the

quantity inside the integrals and products is an expectation. Since the expectation of the

product is the product of expectations, this may be rewritten as

P (A|G1) = C

g∏
r=1

g∏
s=1

∫ ∞
0
· · ·
∫ ∞

0

βα

Γ (α)
ωLrs+α−1
rs exp

(
−ωrs (1 + β)

)
dω11 . . . dωgg (7.10)

which can be integrated to give

C

(
βα

Γ (α)

)g2
(1 + β)−αg

2+L
g∏
r=1

g∏
s=1

Γ (α + Lrs) (7.11)

where L is the total number of links in the network.
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7.3 Degree-Corrected Directed Group Model

Now to incorporate degree correction into the group model for multigraphs, consider pa-

rameters θi and φi, i ∈ 1 : S, which control the expected in- and out-degree of vertex i,

respectively. Then the expected number of edges going from species j to i is given by

E
[
Aij

]
= θiφjωgigj (7.12)

Then the likelihood may be written as

L
(
A|G, θ, φ, ω

)
= C

S∏
i=1

S∏
j=1

(
θiφjωgigj

)Aij
exp

(
−θiφjωgigj

)
(7.13)

To normalize the θs and φs, we impose the following constraint for all groups r:

S∑
i=1

θiδgi,r =
S∑
i=1

φiδgi,r = 1 (7.14)

where δgi,r is the Kronecker delta. The likelihood can then be simplified, again by considering

a single block rs:

ωLrs
rs

∏
i∈r

∏
j∈s

(
θiφj

)Aij
exp

(
−ωrsθiφj

)
(7.15)

= ωLrs
rs exp

−ωrs∑
i∈r

∑
j∈s

θiφj

∏
i∈r

∏
j∈s

θ
Aij

i φ
Aij

j (7.16)

= ωLrs
rs exp

−ωrs∑
i∈r

θi
∑
j∈s

φj

∏
i∈r

θ

∑
j∈sAij

i

∏
j∈s

φ

∑
i∈r Aij

j (7.17)

then we can use the normalization constraints and plug this back into the likelihood for the

full network to get

115



L
(
A|G, θ, φ, ω

)
= C

S∏
i=1

θ
kouti
i

S∏
i=1

φ
kini
i

g∏
r=1

g∏
s=1

ωLrs
rs exp (−ωrs) (7.18)

where kin
i and kout

i are the observed in- and out-degree of species i, respectively. Within

each groups, the θs and φs are on a simplex (using the constraints in equation 14). Thus for

each group r, we can set a prior of Dirichlet(~1) over the θs and φs in each group to get a

flat prior over the simplex. As before, we use a Gamma prior over each ωrs, for the marginal

likelihood

P (A|G1) = C

∫ ∞
0
· · ·
∫ ∞

0

g∏
r=1

g∏
s=1

βα

Γ (α)
ωLrs+α−1
rs exp

(
−ωrs (1 + β)

)
dω11 . . . dωgg×∫

· · ·
∫

∆r,r∈1:g

∏
i∈r

θ
kouti
i dθ1 . . . dθS

∫
· · ·
∫

∆s,s∈1:g

∏
j∈s

φ
kinj
j dφ1 . . . dφS (7.19)

Using the same technique as before, the products may be moved outside of the integrals,

and the result may be integrated to give:

P (A|G1) = C

( βα

Γ (α)

)g2 g∏
r=1

g∏
s=1

(1 + β)−(α−Lrs) Γ (α + Lrs)

×
 g∏
r=1

∏Sr
i=1

(
kin
i

)
!
(
kout
i !
)

Γ (Sr)
2 Γ
(
Sr +

∑Sr
i=1 k

in
i

)
Γ
(
Sr +

∑Sr
i=1 k

out
i

)
 (7.20)

7.4 Mutual Information

We compared the groupings for degree-corrected and degree-uncorrected models using the

information theoretic measure of mutual information (MI). MI measures the reduction

in entropy of partition B when partition A is known, such that if the MI is 1, the two
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partitions contain identical information. It can be thought of as the intersection between

the two entropies, and is calculated as follows:

MIAB = H(A) +H(B)−H(A,B) =
∑
a∈A

∑
b∈B

p(a, b) ln
p(a, b)

p(a)p(b)
(7.21)

where H(A) is the entropy of partition A, and H(A,B) is the joint entropy of partitions

A and B. The significance of MIAB was calculated using a randomization test. For more

details, see [221].

7.5 Search Algorithm

High-quality partitions were searched for using Metropolis-coupled Markov Chain Monte

Carlo (MC3). This algorithm uses multiple MCMC chains, run in parallel at different tem-

peratures, with occasional opportunities for chains to swap temperatures. The temperature

parameter tunes the probability of accepting a “bad” move, that is, accepting a move that

reduces the marginal likelihood. At low temperatures, the chain acts as a local search, only

accepting steps which improve the marginal likelihood. At high temperatures, the chain acts

more like a random walk, accepting many “bad” steps, in hopes of escaping local optima to

find the globally optimal solution.

The algorithm was given a maximum number of groups g. Solutions were initialized

by randomly assigning each species a group assignment between 1 and g. Throughout the

search, partitions were allowed to collapse down to fewer than g groups (that is, some groups

were allowed to be “empty”), but were never permitted to have more than g groups.

For further implementation details, see the main text and supplement of [221]. The

structure of the search algorithm used here is identical, but with the added constraint of a

maximum number of groups.
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7.6 Subgraph Role Analysis

Here we investigate the usefulness of a species’ subgraph contributions in classifying trophic

strategies. We start by enumerating how many of each of the thirty possible subgraph-role

combinations (Figure 7.1) each node of the network participates in. These distributions (a

vector of length 30 for each node in the network) were run through a principal component

analysis to remove co-linearities and the resulting principal component coordinates were then

clustered using a k-means algorithm into 2, 3, 5, or 10 groups in R (corresponding to the

number of groups found using the group model). The k-means algorithm divides the data

into a set number of groups (without the possibility of empty groups), thus it did not make

sense to also repeat the g = 100 case in which we were looking for a natural upper-bound

on the number of groups.

The groupings found by the k-means algorithm were then evaluated for imbalance with

respect to trophic strategy. The results of this analysis are depicted in Section 7.9, in tables

analogous to those for the group-model groupings in Section 7.8. Because this analysis is

computationally intensive, we omitted the largest network (Punta Banda).

1. 4. 7. 10. 13.

2. 5. 8. 11.

3. 6. 9. 12.

Figure 7.1: A graphical portrayal of the thirteen unique, connected, three-node subgraph
structures. Unique “roles” (i.e. unique degree distributions within the subgraph) are de-
picted by differing colors. There are thirty unique subgraph-role combinations in total across
these subgraphs.
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7.7 Data

Name Species Links (with concomitant predation) Reference
Bahia Falsa 171 2234 (3720) [106]
Carpinteria Salt Marsh 165 2187 (3708) [106]
Flensburg Fjord 123 968 (1406) [276]
Otago Harbor 142 1487 (1844) [176]
Punta Banda 214 3334 (5653) [106]
Sylt Tidal Basin 161 1950 (3005) [243]
Ythan Estuary 133 597 (1391) [113]

Table 7.1: Empirical food web data used in this paper. Each row corresponds to a different
food web. Columns indicate, respectively, the name of the web, its number of species, number
of links without (and with) including concomitant links, and a reference for the source of
the original data.
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7.8 Full Imbalance Results

Concomitant Links Degree Corrected g 1◦ Produc-

ers

Herbivores Consumers Parasites All

No No

2/2 0.841** 0.636*** 0.382 0.423 0.191**

3/3 0.809*** 0.534*** 0.446*** 0.406*** 0.218***

5/5 0.644* 0.717*** 0.740*** 0.575*** 0.313***

10/10 0.439* 0.480*** 0.655*** 0.459*** 0.202***

15/100 0.439*** 0.329*** 0.427*** 0.436*** 0.132***

No Yes

2/2 0.817 0.597* 0.679*** 0.494* 0.309***

3/3 0.737 0.452 0.646*** 0.576*** 0.326***

5/5 0.587 0.544*** 0.568*** 0.403*** 0.221***

10/10 0.450*** 0.516*** 0.246*** 0.264*** 0.115***

38/100 0.131*** 0.015*** 0.012*** 0.021*** 0.001***

Yes No

2/2 0.845** 0.649*** 0.931*** 0.544*** 0.448***

3/3 0.754*** 0.580*** 0.906*** 0.798*** 0.541***

5/5 0.734*** 0.625*** 0.882*** 0.897*** 0.588***

10/10 0.567*** 0.645*** 0.573*** 0.535*** 0.325***

19/100 0.842*** 0.704*** 1.000 0.425*** 0.358***

Yes Yes

2/2 0.819 0.612*** 0.820*** 0.497* 0.422***

3/3 0.724 0.464* 0.698*** 0.473*** 0.273***

5/5 0.653*** 0.425*** 0.690*** 0.565*** 0.312***

10/10 0.321 0.241*** 0.325*** 0.553*** 0.091***

43/100 0.100*** 0.013*** 1.000 0.067*** 0.000***

Table 7.2: As Table 3.1, but for the BahiaFalsa network.
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Concomitant Links Degree Corrected g 1◦ Produc-

ers

Herbivores Consumers Parasites All

No No

2/2 0.860 0.735 0.438*** 0.418 0.198

3/3 0.836*** 0.685*** 0.465*** 0.353*** 0.195***

5/5 0.685 0.539*** 0.625*** 0.576*** 0.346***

10/10 0.656*** 0.587*** 0.469*** 0.468*** 0.283***

14/100 0.510* 0.730*** 0.494*** 0.312*** 0.234***

No Yes

2/2 0.865 0.750*** 0.403*** 0.420 0.205

3/3 0.776 0.601 0.321*** 0.498*** 0.225***

5/5 0.694 0.405 0.150*** 0.289*** 0.089***

10/10 0.367 0.282*** 0.147*** 0.146*** 0.041***

39/100 0.234*** 0.073*** 0.011*** 0.005*** 0.001***

Yes No

2/2 0.840 0.693 0.542*** 0.420 0.236**

3/3 0.803 0.623 0.857*** 0.639*** 0.358***

5/5 0.803*** 0.623*** 0.823*** 0.614*** 0.344***

10/10 0.769*** 0.529*** 0.552*** 0.500*** 0.259***

17/100 0.586*** 0.264*** 0.517*** 0.239*** 0.103***

Yes Yes

2/2 0.862 0.743 0.788*** 0.608*** 0.535***

3/3 0.785 0.647 0.572*** 0.352*** 0.234***

5/5 0.632 0.401 0.318*** 0.502*** 0.160***

10/10 0.457 0.207 0.194*** 0.369*** 0.061***

47/100 0.315*** 0.055*** 0.010*** 0.072*** 0.002***

Table 7.3: As Table 3.1, but for the Carpinteria network.
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Concomitant Links Degree Corrected g 1◦ Produc-

ers

Herbivores Consumers Parasites All

No No

2/2 0.910 0.779 0.567*** 0.496*** 0.425***

3/3 0.818 0.730 0.358*** 0.404*** 0.281***

5/5 0.750 0.642 0.470*** 0.461*** 0.312***

10/10 0.750 0.440 0.426*** 0.970*** 0.365***

13/100 0.750** 0.674*** 0.557*** 0.827*** 0.478***

No Yes

2/2 0.902 0.797 0.333 0.392 0.216

3/3 0.888* 0.622 0.492*** 0.728*** 0.433***

5/5 0.647 0.549 0.265*** 0.789*** 0.265***

10/10 0.500 0.347 0.268*** 0.404*** 0.117***

27/100 0.200 0.200*** 0.023*** 0.051*** 0.006***

Yes No

2/2 0.943 0.876 0.619*** 0.562*** 0.438***

3/3 0.921 0.829** 0.423*** 0.470*** 0.291***

5/5 0.857** 0.690** 0.315*** 0.525*** 0.300***

10/10 0.615 0.680*** 0.533*** 0.857*** 0.426***

14/100 0.750** 0.700*** 0.567*** 0.814*** 0.486***

Yes Yes

2/2 0.854 0.742 0.387* 0.561*** 0.356***

3/3 0.835 0.680 0.208 0.347*** 0.189***

5/5 0.538 0.541 0.207*** 0.655*** 0.177***

10/10 0.500 0.477*** 0.276*** 0.909*** 0.237***

32/100 0.250 0.200*** 0.024*** 0.240*** 0.016***

Table 7.4: As Table 3.1, but for the Flensburg network.
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Concomitant Links Degree Corrected g 1◦ Produc-

ers

Herbivores Consumers Parasites All

No No

2/2 0.931 0.517*** 0.504*** 0.756 0.380***

3/3 0.902 0.588*** 0.343*** 0.632 0.326***

5/5 0.667 0.603*** 0.263*** 0.442 0.191***

10/10 0.800 0.527*** 0.351*** 0.533*** 0.281***

15/100 0.667 0.277*** 0.169*** 0.433*** 0.113***

No Yes

2/2 0.941 0.464 0.278 0.748 0.278

3/3 0.911 0.288 0.221* 0.619 0.182**

5/5 0.822 0.162 0.145*** 0.546*** 0.083***

10/10 0.577 0.105*** 0.063*** 0.412*** 0.024***

34/100 0.211 0.055*** 0.007*** 0.321*** 0.005***

Yes No

2/2 0.956 0.538*** 0.690*** 0.786** 0.452***

3/3 0.833 0.569*** 0.543*** 0.589 0.371***

5/5 0.500 0.606*** 0.297*** 0.358 0.165***

10/10 1.000*** 0.401*** 0.465*** 0.794*** 0.373***

17/100 0.831* 0.257*** 0.317*** 0.755*** 0.217***

Yes Yes

2/2 0.945 0.491 0.294 0.740 0.294

3/3 0.920* 0.354*** 0.178 0.613 0.178**

5/5 0.789 0.256*** 0.101* 0.490 0.086***

10/10 0.562 0.193*** 0.052*** 0.572*** 0.052***

36/100 0.225 0.072*** 0.008*** 0.500*** 0.008***

Table 7.5: As Table 3.1, but for the Otago network.
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Concomitant Links Degree Corrected g 1◦ Produc-

ers

Herbivores Consumers Parasites All

No No

2/2 0.933* 0.933* 0.491 0.579 0.491

3/3 0.842 0.871 0.347 0.493 0.347

5/5 0.870 0.879* 0.487*** 0.660*** 0.487***

10/10 0.473 0.756 0.507*** 0.543*** 0.290***

15/100 0.510 0.633 0.280*** 0.514*** 0.191***

No Yes

2/2 0.925 0.927 0.494 0.605 0.494

3/3 0.871 0.896 0.692*** 0.688*** 0.603***

5/5 0.820 0.809 0.396*** 0.470*** 0.335***

10/10 0.635 0.632 0.338*** 0.196*** 0.129***

36/100 0.169 0.268 0.018*** 0.064*** 0.007***

Yes No

2/2 0.927 0.972 0.476 0.551 0.476

3/3 0.899 0.959 0.849*** 0.812*** 0.767***

5/5 0.829 0.947 0.554*** 0.718*** 0.554***

10/10 0.540 0.778 0.468*** 0.675*** 0.351***

15/100 0.540 0.771 0.309*** 0.452*** 0.231***

Yes Yes

2/2 0.929 0.975 0.484 0.547 0.484

3/3 0.878 0.964 0.831*** 0.728*** 0.707***

5/5 0.758 0.915 0.504*** 0.644*** 0.468***

10/10 0.559 0.859 0.207*** 0.476*** 0.207***

43/100 0.213 0.500 0.007*** 0.042*** 0.003***

Table 7.6: As Table 3.1, but for the Sylt network.
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Concomitant Links Degree Corrected g 1◦ Produc-

ers

Herbivores Consumers Parasites All

No No

2/2 0.926 0.479 0.390 0.562*** 0.248***

3/3 0.899 0.533*** 0.611*** 0.538*** 0.373***

5/5 0.912 0.476*** 0.412*** 0.778*** 0.371***

8/10 0.856 0.303*** 0.255*** 0.713*** 0.212***

8/100 0.856 0.303*** 0.255*** 0.713*** 0.212***

No Yes

2/2 0.935 0.514 0.479*** 0.470 0.269***

3/3 0.914 0.754*** 0.611*** 0.733*** 0.550***

5/5 0.846 0.740*** 0.426*** 0.452*** 0.344***

10/10 0.636 0.398*** 0.063*** 0.079*** 0.035***

27/100 0.480 0.007*** 0.004*** 0.001* 0.000***

Yes No

2/2 0.957 0.609*** 0.891*** 0.543*** 0.457***

3/3 0.929* 0.483*** 0.753*** 0.604*** 0.426***

5/5 0.819 0.476*** 0.745*** 0.374*** 0.312***

10/10 0.927** 0.598*** 0.643*** 0.519*** 0.426***

13/100 0.874** 0.326*** 0.651*** 0.455*** 0.276***

Yes Yes

2/2 0.940 0.497 0.706*** 0.448 0.348***

3/3 0.909 0.394*** 0.593*** 0.304 0.197***

5/5 0.853 0.492*** 0.699*** 0.445*** 0.350***

10/10 0.764 0.362*** 0.386*** 0.397*** 0.198***

34/100 0.338 0.013*** 0.004*** 0.064*** 0.001***

Table 7.7: As Table 3.1, but for the Ythan network.

125



7.9 Subgraph Role Imbalance Results

Concomitant Links g 1◦ Producers Herbivores Consumers Parasites All

No

2/2 0.840 0.625* 0.500*** 0.528** 0.236***
3/3 0.824 0.636*** 0.338 0.335 0.156***
5/5 0.675 0.516*** 0.206* 0.167 0.075***

10/10 0.498 0.734*** 0.126*** 0.180*** 0.072***

Yes

2/2 0.881* 0.720*** 0.391 0.459 0.217**
3/3 0.771 0.551*** 0.476*** 0.328 0.174***
5/5 0.464 0.313 0.340*** 0.261** 0.046***

10/10 0.400 0.285*** 0.234*** 0.436*** 0.081***

Table 7.8: As Table 3.1, but for groupings based on k-means clustering of the subgraph-role
contributions of each node of the BahiaFalsa network.

Concomitant Links g 1◦ Producers Herbivores Consumers Parasites All

No

2/2 0.923 0.853 0.317 0.363 0.239
3/3 0.844* 0.717** 0.273** 0.288 0.115*
5/5 0.593 0.756*** 0.192* 0.163 0.083*

10/10 0.569 0.481*** 0.026* 0.048* 0.017***

Yes

2/2 0.876 0.796*** 0.774*** 0.513*** 0.494***
3/3 0.918** 0.808* 0.331 0.393 0.254*
5/5 0.734 0.539 0.275*** 0.298*** 0.118***

10/10 0.476 0.313 0.282*** 0.298*** 0.081***

Table 7.9: As Table 3.1, but for groupings based on k-means clustering of the subgraph-role
contributions of each node of the Carpinteria network.

Concomitant Links g 1◦ Producers Herbivores Consumers Parasites All

No

2/2 0.891 0.746 0.301 0.437*** 0.273*
3/3 0.902 0.762 0.450*** 0.588*** 0.412***
5/5 0.890 0.809* 0.413*** 0.486*** 0.368***

10/10 0.837* 0.514 0.107** 0.115** 0.057***

Yes

2/2 0.950 0.891 0.391 0.479 0.359
3/3 0.897 0.789 0.426*** 0.489*** 0.362***
5/5 0.878* 0.633 0.145* 0.150 0.057

10/10 0.837** 0.456 0.090*** 0.107*** 0.042***

Table 7.10: As Table 3.1, but for groupings based on k-means clustering of the subgraph-role
contributions of each node of the Flensburg network.
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Concomitant Links g 1◦ Producers Herbivores Consumers Parasites All

No

2/2 0.947 0.431 0.347* 0.759** 0.309***
3/3 0.879 0.424*** 0.165 0.500 0.165
5/5 0.930* 0.409*** 0.190* 0.522 0.184***

10/10 0.861 0.260*** 0.076*** 0.270 0.049***

Yes

2/2 0.963 0.615*** 0.352 0.639 0.345*
3/3 0.879 0.394* 0.309*** 0.677 0.221***
5/5 0.941 0.444*** 0.139 0.370 0.132*

10/10 0.728 0.191*** 0.087*** 0.299 0.043***

Table 7.11: As Table 3.1, but for groupings based on k-means clustering of the subgraph-role
contributions of each node of the Otago network.

Concomitant Links g 1◦ Producers Herbivores Consumers Parasites All

No

2/2 0.650 0.962 0.477 0.778 0.477
3/3 0.633 0.925 0.341 0.606 0.341
5/5 0.775 0.855 0.168 0.279 0.168

10/10 0.711 0.697 0.063 0.139 0.063

Yes

2/2 0.947 0.982 0.470 0.512 0.470
3/3 0.924 0.971 0.366 0.417 0.366
5/5 0.897 0.966 0.222 0.270 0.222

10/10 0.647 0.883 0.079** 0.136** 0.073**

Table 7.12: As Table 3.1, but for groupings based on k-means clustering of the subgraph-role
contributions of each node of the Sylt network.

Concomitant Links g 1◦ Producers Herbivores Consumers Parasites All

No

2/2 0.932 0.651*** 0.425** 0.527*** 0.333***
3/3 0.932 0.443 0.270 0.373 0.126**
5/5 0.874 0.545*** 0.252*** 0.301*** 0.121***

10/10 0.818 0.247*** 0.100** 0.365*** 0.055***

Yes

2/2 0.943 0.529 0.446*** 0.470 0.231***
3/3 0.876 0.377 0.261 0.278 0.102*
5/5 0.894 0.244 0.256*** 0.164 0.075***

10/10 0.723 0.246*** 0.161*** 0.072* 0.028***

Table 7.13: As Table 3.1, but for groupings based on k-means clustering of the subgraph-role
contributions of each node of the Ythan network.
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7.10 Mutual Information Between Group Models

Web Concomitant G H(Uncorrected) H(Corrected) MI

Flensburg Yes 2 0.42 0.64 0.19∗∗∗

Flensburg Yes 3 0.92 1.09 0.36∗∗∗

Flensburg Yes 5 1.43 1.58 0.78∗∗∗

Flensburg Yes 10 2.14 2.26 1.71∗∗∗

Flensburg No 2 0.69 0.69 0.012

Flensburg No 3 1.08 1.06 0.23∗∗∗

Flensburg No 5 1.45 1.58 0.85∗∗∗

Flensburg No 10 2.02 2.26 1.50∗∗∗

Table 7.14: Overlap between partitions that are corrected for degree and those that are not.
Columns list the food web (Web), whether or not concomitant predation is included (Con-
comitant), the maximum number of groups the network is split into (G), the entropy of the
degree-corrected and non-degree-corrected partitions (H(Corrected) and H(Uncorrected),
the mutual information shared by the two partitions (MI), and the overlap represented as a
Venn diagram. The left (purple) circle corresponds to the partition found by the group model
without degree correction, and the right (green) circle corresponds to the partition found
by the degree-corrected model. The area of each circle is proportional to the corresponding
entropy, and the area of overlap between the circles is proportional to the mutual informa-
tion. Stars next to the mutual information values correspond to the level of significance
(< .05, < .01, < .001), as calculated by a randomization test [221]. As the number of groups
increases, the entropy also increases, but the two partitions become increasingly similar.
Corrected and uncorrected partitions become very similar when the network is partitioned
into 10 groups, although there is always some distinct information in each.
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Web Concomitant G H(Uncorrected) H(Corrected) MI

Carpinteria Yes 2 0.69 0.69 0.073∗∗∗

Carpinteria Yes 3 1.08 1.09 0.39∗∗∗

Carpinteria Yes 5 1.49 1.58 0.93∗∗∗

Carpinteria Yes 10 2.06 2.27 1.49∗∗∗

Carpinteria No 2 0.69 0.69 0.03∗∗

Carpinteria No 3 1.07 1.08 0.37∗∗∗

Carpinteria No 5 1.58 1.60 0.83∗∗∗

Carpinteria No 10 2.11 2.28 1.30∗∗∗

Table 7.14, continued
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Web Concomitant G H(Uncorrected) H(Corrected) MI

Otago Yes 2 0.65 0.69 0.0021

Otago Yes 3 1.02 1.10 0.14∗∗∗

Otago Yes 5 1.42 1.59 0.72∗∗∗

Otago Yes 10 2.07 2.25 1.48∗∗∗

Otago No 2 0.65 0.69 0.0055

Otago No 3 1.06 1.10 0.21∗∗∗

Otago No 5 1.40 1.59 0.59∗∗∗

Otago No 10 2.04 2.26 1.34∗∗∗

Table 7.14, continued
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Web Concomitant G H(Uncorrected) H(Corrected) MI

BahiaFalsa Yes 2 0.64 0.67 0.46∗∗∗

BahiaFalsa Yes 3 1.08 1.08 0.43∗∗∗

BahiaFalsa Yes 5 1.50 1.57 1.07∗∗∗

BahiaFalsa Yes 10 2.16 2.25 1.51∗∗∗

BahiaFalsa No 2 0.65 0.68 0.024∗∗

BahiaFalsa No 3 1.00 1.09 0.27∗∗∗

BahiaFalsa No 5 1.53 1.58 0.79∗∗∗

BahiaFalsa No 10 2.12 2.27 1.54∗∗∗

Table 7.14, continued
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Web Concomitant G H(Uncorrected) H(Corrected) MI

Ythan Yes 2 0.62 0.69 0.30∗∗∗

Ythan Yes 3 1.08 1.10 0.25∗∗∗

Ythan Yes 5 1.52 1.61 0.86∗∗∗

Ythan Yes 10 1.93 2.28 1.22∗∗∗

Ythan No 2 0.59 0.69 0.0017

Ythan No 3 0.96 1.10 0.46∗∗∗

Ythan No 5 1.33 1.58 0.68∗∗∗

Ythan No 10 1.72 2.28 1.02∗∗∗

Table 7.14, continued
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Web Concomitant G H(Uncorrected) H(Corrected) MI

PuntaBanda Yes 2 0.65 0.69 0.44∗∗∗

PuntaBanda Yes 3 1.07 1.08 0.44∗∗∗

PuntaBanda Yes 5 1.57 1.59 0.82∗∗∗

PuntaBanda Yes 10 2.18 2.28 1.62∗∗∗

PuntaBanda No 2 0.66 0.69 0.059∗∗∗

PuntaBanda No 3 1.09 1.10 0.066∗∗∗

PuntaBanda No 5 1.58 1.59 0.67∗∗∗

PuntaBanda No 10 2.18 2.28 1.41∗∗∗

Table 7.14, continued
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Web Concomitant G H(Uncorrected) H(Corrected) MI

Sylt Yes 2 0.64 0.69 0.018∗

Sylt Yes 3 0.95 1.08 0.34∗∗∗

Sylt Yes 5 1.59 1.57 0.74∗∗∗

Sylt Yes 10 2.12 2.28 1.46∗∗∗

Sylt No 2 0.69 0.69 0.01

Sylt No 3 1.06 1.06 0.16∗∗∗

Sylt No 5 1.51 1.59 0.74∗∗∗

Sylt No 10 2.02 2.28 1.30∗∗∗

Table 7.14, continued
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7.11 Empirical Network Adjacency Matrices – Grouped by

Trophic Strategy
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●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●
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● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●
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● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●
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● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ●
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● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●
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● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●
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● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ●
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● ● ●
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● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ● ● ● ● ● ● ●

● ● ● ● ●
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● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ●

● ● ● ● ● ● ●
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● ● ● ● ●

● ● ● ●
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● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ● ●

● ● ●
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Figure 7.2: Punta Banda network structure with (top) and without (bottom) concomitant
predation and species grouped by trophic strategy. Colored squares represent trophic strat-
egy (green for primary producers, blue for herbivores, red for parasites, and yellow for other
consumers), and dots represent feeding interactions wherein the column species consumes
the row species. Note the addition of concomitant links increases the number of consumer-
resource interactions from predators to parasites and decreases the cascade-like structure
seen in the top matrix.
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Figure 7.3: As Figure 7.2, but showing the BahiaFalsa network.
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Figure 7.4: As Figure 7.2, but showing the Carpinteria network.
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Figure 7.5: As Figure 7.2, but showing the Flensburg network.
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Figure 7.6: As Figure 7.2, but showing the Otago network.
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Figure 7.7: As Figure 7.2, but showing the Sylt network.
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Figure 7.8: As Figure 7.2, but showing the Ythan network.
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Figure 7.9: Group model results for uncorrected group model and either including concomi-
tant links (bottom) or not (top) for the Punta Banda network.
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Figure 7.10: As Figure 7.9, but showing the BahiaFalsa network.
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Figure 7.11: As Figure 7.9, but showing the Carpinteria network.
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Figure 7.12: As Figure 7.9, but showing the Flensburg network.
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Figure 7.13: As Figure 7.9, but showing the Otago network.
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Figure 7.14: As Figure 7.9, but showing the Sylt network.
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Figure 7.15: As Figure 7.9, but showing the Ythan network.
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Figure 7.16: Group model results for degree corrected group model and either including
concomitant links (bottom) or not (top) for the Punta Banda network.
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Figure 7.17: As Figure 7.16, but showing the BahiaFalsa network.
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Figure 7.18: As Figure 7.16, but showing the Carpinteria network.
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Figure 7.19: As Figure 7.16, but showing the Flensburg network.
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Figure 7.20: As Figure 7.16, but showing the Otago network.
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Figure 7.21: As Figure 7.16, but showing the Sylt network.
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Figure 7.22: As Figure 7.16, but showing the Ythan network.
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Figure 7.23: Convergence of sampling routine to analytically calculated p-values. Horizontal
red line is the analytical value, while the black lines are the sampled value as the number of
samples increases. Blank plots indicate computationally infeasible analytical values.
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Figure 7.23, continued
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Figure 7.23, continued
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Figure 7.23, continued
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7.14 Degree Violin Plots
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7.15 Condensed Network Diagrams
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Figure 7.26: As Figure 3.3, but for the BahiaFalsa network and g = 2.
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Figure 7.27: As Figure 3.3, but for the BahiaFalsa network and g = 3.
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Figure 7.28: As Figure 3.3, but for the BahiaFalsa network and g = 5.
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Figure 7.29: As Figure 3.3, but for the BahiaFalsa network and g = 10.
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Figure 7.30: As Figure 3.3, but for the Carpinteria network and g = 2.
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Figure 7.31: As Figure 3.3, but for the Carpinteria network and g = 3.
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Figure 7.32: As Figure 3.3, but for the Carpinteria network and g = 5.
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Figure 7.33: As Figure 3.3, but for the Carpinteria network and g = 10.
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Figure 7.34: As Figure 3.3, but for the Flensburg network and g = 2.
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Figure 7.35: As Figure 3.3, but for the Flensburg network and g = 3.
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Figure 7.36: As Figure 3.3, but for the Flensburg network and g = 5.
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Figure 7.37: As Figure 3.3, but for the Flensburg network and g = 10.
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Figure 7.38: As Figure 3.3, but for the Otago network and g = 2.
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Figure 7.39: As Figure 3.3, but for the Otago network and g = 3.
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Figure 7.40: As Figure 3.3, but for the Otago network and g = 5.
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Figure 7.41: As Figure 3.3, but for the Otago network and g = 10.
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Figure 7.42: As Figure 3.3, but for the PuntaBanda network and g = 2.
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Figure 7.43: As Figure 3.3, but for the PuntaBanda network and g = 3.
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Figure 7.44: As Figure 3.3, but for the PuntaBanda network and g = 5.
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Figure 7.45: As Figure 3.3, but for the PuntaBanda network and g = 10.
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Figure 7.46: As Figure 3.3, but for the Sylt network and g = 2.
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Figure 7.47: As Figure 3.3, but for the Sylt network and g = 3.
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Figure 7.48: As Figure 3.3, but for the Sylt network and g = 5.
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Figure 7.49: As Figure 3.3, but for the Sylt network and g = 10.
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Figure 7.50: As Figure 3.3, but for the Ythan network and g = 2.
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Figure 7.51: As Figure 3.3, but for the Ythan network and g = 3.
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Figure 7.52: As Figure 3.3, but for the Ythan network and g = 5.
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Figure 7.53: As Figure 3.3, but for the Ythan network and g = 10. Note that the group
model without degree correction found that 8 groups outperforms 10 for the Ythan web
without concomitant predation. This has the effect of making the nodes for this network
disproportionately large and thus uncomparable to the condensed graphs with 10 nodes.
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CHAPTER 8

APPENDIX 3: SUPPLEMENTAL INFORMATION FOR

ECOLOGICAL NETWORK INFERENCE FROM

LONG-TERM PRESENCE-ABSENCE DATA
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Web Model Precision Recall p-value
Tatoosh Trophic DBN-2 0.24 0.02 0.35
Tatoosh Trophic DBN-3 0.15 0.01 0.78
Tatoosh Trophic DBN-4 0.18 0.01 0.67
Tatoosh Trophic DBN-5 0.20 0.02 0.59
Tatoosh Trophic Lasso-1st 0.19 0.19 1.00
Tatoosh Trophic Lasso-2nd 0.21 0.41 0.96
Tatoosh Trophic Pearson 0.18 0.16 0.81
Tatoosh Nontrophic DBN-2 0.31 0.03 0.02
Tatoosh Nontrophic DBN-3 0.27 0.03 0.06
Tatoosh Nontrophic DBN-4 0.27 0.03 0.06
Tatoosh Nontrophic DBN-5 0.27 0.03 0.06
Tatoosh Nontrophic Lasso-1st 0.22 0.30 0.10
Tatoosh Nontrophic Lasso-2nd 0.20 0.53 0.12
Tatoosh Nontrophic Pearson 0.25 0.28 0.00
France DBN-2 0.33 0.06 0.06
France DBN-3 0.20 0.07 0.51
France DBN-4 0.22 0.08 0.35
France DBN-5 0.23 0.09 0.27
France Lasso-1st 0.24 0.57 0.02
France Lasso-2nd 0.23 0.68 0.01
France Pearson 0.19 0.90 0.18

Table 8.1: Expanded table of precision and recall with p-values. Columns represent the
empirical network used, the model used to construct the inferred network, and the FDR-
corrected p-values, rounded to two decimal places.
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Model Subsample Median Probability Log Likelihood
Coin 1 0.71 -1351.65
Coin 2 0.71 -1438.84
Coin 3 0.72 -1359.96
Coin 4 0.71 -1408.46
Coin 5 0.72 -1324.23
Coin 6 0.71 -1349.12
Coin 7 0.71 -1347.53
Coin 8 0.71 -1363.43
Coin 9 0.71 -1366.17
Coin 10 0.71 -1355.30
Coin 11 0.71 -1432.69
Coin 12 0.71 -1399.75
Coin 13 0.71 -1337.17
Coin 14 0.72 -1387.19
Disconnected 1 0.81 -581.15
Disconnected 2 0.79 -652.67
Disconnected 3 0.81 -630.82
Disconnected 4 0.80 -662.79
Disconnected 5 0.82 -588.37
Disconnected 6 0.81 -604.36
Disconnected 7 0.81 -598.80
Disconnected 8 0.81 -591.53
Disconnected 9 0.82 -594.54
Disconnected 10 0.81 -598.15
Disconnected 11 0.81 -624.40
Disconnected 12 0.80 -613.72
Disconnected 13 0.82 -606.19
Disconnected 14 0.81 -623.79

Table 8.2: Out-of-sample prediction accuracy for different subsamples of the Tatoosh dataset.
Columns represent the model, subsample number, the median probability of correctly pre-
dicting a single out-of-sample species at one time point, and the log likelihood of correctly
predicting all species at all time points, given the model trained on on that data subsample.
The log likelihood values are shown visually in main text Fig. 5.2.
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Model Subsample Median Probability Log Likelihood
DBN-2 1 0.83 -571.70
DBN-2 2 0.82 -646.60
DBN-2 3 0.82 -617.19
DBN-2 4 0.82 -669.52
DBN-2 5 0.84 -582.59
DBN-2 6 0.84 -590.07
DBN-2 7 0.84 -579.43
DBN-2 8 0.83 -584.08
DBN-2 9 0.83 -591.26
DBN-2 10 0.84 -576.44
DBN-2 11 0.83 -594.09
DBN-2 12 0.82 -603.52
DBN-2 13 0.84 -579.63
DBN-2 14 0.83 -624.11
DBN-3 1 0.83 -571.70
DBN-3 2 0.82 -646.60
DBN-3 3 0.82 -617.19
DBN-3 4 0.82 -669.52
DBN-3 5 0.84 -582.59
DBN-3 6 0.84 -590.07
DBN-3 7 0.84 -579.43
DBN-3 8 0.83 -584.08
DBN-3 9 0.83 -591.26
DBN-3 10 0.84 -576.44
DBN-3 11 0.83 -594.09
DBN-3 12 0.82 -603.52
DBN-3 13 0.84 -579.63
DBN-3 14 0.83 -624.11

Table 8.2, continued
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Model Subsample Median Probability Log Likelihood
DBN-4 1 0.83 -571.70
DBN-4 2 0.82 -646.60
DBN-4 3 0.82 -617.19
DBN-4 4 0.82 -669.52
DBN-4 5 0.84 -582.59
DBN-4 6 0.84 -590.07
DBN-4 7 0.84 -579.43
DBN-4 8 0.83 -584.08
DBN-4 9 0.83 -591.26
DBN-4 10 0.84 -576.44
DBN-4 11 0.83 -594.09
DBN-4 12 0.82 -603.52
DBN-4 13 0.84 -579.63
DBN-4 14 0.83 -624.11
DBN-5 1 0.83 -571.70
DBN-5 2 0.82 -646.60
DBN-5 3 0.82 -617.19
DBN-5 4 0.82 -669.52
DBN-5 5 0.84 -582.59
DBN-5 6 0.84 -590.07
DBN-5 7 0.84 -579.43
DBN-5 8 0.83 -584.08
DBN-5 9 0.83 -591.26
DBN-5 10 0.84 -576.44
DBN-5 11 0.83 -594.09
DBN-5 12 0.82 -603.52
DBN-5 13 0.84 -579.63
DBN-5 14 0.83 -624.11

Table 8.2, continued
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Model Subsample Median Probability Log Likelihood
Lasso-1st 1 0.71 -580.27
Lasso-1st 2 0.71 -609.93
Lasso-1st 3 0.73 -580.36
Lasso-1st 4 0.71 -607.62
Lasso-1st 5 0.72 -571.27
Lasso-1st 6 0.71 -605.50
Lasso-1st 7 0.73 -581.86
Lasso-1st 8 0.71 -562.52
Lasso-1st 9 0.71 -580.16
Lasso-1st 10 0.70 -622.67
Lasso-1st 11 0.70 -666.94
Lasso-1st 12 0.71 -629.32
Lasso-1st 13 0.72 -598.10
Lasso-1st 14 0.74 -612.47
Lasso-2nd 1 0.71 -580.27
Lasso-2nd 2 0.71 -609.93
Lasso-2nd 3 0.73 -580.36
Lasso-2nd 4 0.71 -607.62
Lasso-2nd 5 0.72 -571.27
Lasso-2nd 6 0.71 -605.50
Lasso-2nd 7 0.73 -581.86
Lasso-2nd 8 0.71 -562.52
Lasso-2nd 9 0.71 -580.16
Lasso-2nd 10 0.70 -622.67
Lasso-2nd 11 0.70 -666.94
Lasso-2nd 12 0.71 -629.32
Lasso-2nd 13 0.72 -598.10
Lasso-2nd 14 0.74 -612.47

Table 8.2, continued
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Predator Prey Ref
Ameiurus melas Cyprinus carpio [149]
Ameiurus melas Gymnocephalus cernua [186]
Ameiurus melas Lepomis gibbosus [149]
Anguilla anguilla Abramis brama [216, 143]
Anguilla anguilla Barbatula barbatula [22, 105]
Anguilla anguilla Cottus gobio [105, 103]
Anguilla anguilla Gasterosteus aculeatus [105, 143, 218]
Anguilla anguilla Gobio gobio [22, 105]
Anguilla anguilla Gymnocephalus cernua [127, 185, 62, 216, 143]
Anguilla anguilla Leuciscus leuciscus [22, 216]
Anguilla anguilla Lota lota [216]
Anguilla anguilla Phoxinus phoxinus [90, 245, 218, 105]
Anguilla anguilla Perca fluviatilis [90, 62, 216, 143]
Anguilla anguilla Rutilus rutilus [22, 218, 62, 216, 143]
Anguilla anguilla Sander lucioperca [62, 143]
Anguilla anguilla Salmo salar [146]
Anguilla anguilla Squalius cephalus [216]
Blicca bjoerkna Gymnocephalus cernua [185]
Cottus gobio Perca fluviatilis [229]
Cottus gobio Salmo trutta [93]
Esox lucius Abramis brama [255, 104]
Esox lucius Alburnus alburnus [255, 157, 129, 156]
Esox lucius Ameiurus melas [224, 186]
Esox lucius Anguilla anguilla [91, 2, 157, 156, 105, 104]
Esox lucius Barbatula barbatula [157, 156, 135, 105, 104, 103]
Esox lucius Cottus gobio [157, 156, 135, 105, 104]
Esox lucius Cyprinus carpio [164, 77, 61]
Esox lucius Gasterosteus aculeatus [7, 91, 255, 2, 156, 135, 105,

104, 103]
Esox lucius Gobio gobio [157, 156, 14, 77, 105, 104,

61, 103, 56]
Esox lucius Gymnocephalus cernua [76, 129, 185, 135, 186]
Esox lucius Lepomis gibbosus [163, 77, 153]
Esox lucius Leuciscus leuciscus [157, 156]
Esox lucius Lota lota [255, 60, 126]
Esox lucius Perca fluviatilis [7, 91, 255, 2, 129, 60, 126,

135]
Esox lucius Phoxinus phoxinus [7, 91, 255, 2, 157, 156, 126,

105, 104, 103]
Esox lucius Pungitius pungitius [147, 126, 135]

Table 8.3: Adjacency list of interactions in the French piscivory food web, with supporting
references.
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Predator Prey Ref
Esox lucius Rutilus rutilus [255, 2, 157, 129, 156, 105,

104, 103]
Esox lucius Sander lucioperca [129]
Esox lucius Salmo trutta [7, 91, 255, 2, 157, 156, 126,

122, 111, 61]
Esox lucius Salmo salar [2, 157, 146, 135]
Esox lucius Scardinius erythrophthal-

mus
[76, 153]

Esox lucius Squalius cephalus [156, 14, 56]
Esox lucius Thymallus thymallus [157]
Esox lucius Tinca tinca [14, 153, 61]
Gasterosteus aculeatus Pungitius pungitius [116]
Gymnocephalus cernua Gymnocephalus cernua [185]
Lota lota Gymnocephalus cernua [186, 185]
Lota lota Esox lucius [92]
Lota lota Pungitius pungitius [126, 92]
Lota lota Salmo trutta [25, 126]
Lota lota Salmo salar [146]
Lota lota Sander lucioperca [45]
Perca fluviatilis Alburnus alburnus [57, 198]
Perca fluviatilis Gasterosteus aculeatus [6, 104]
Perca fluviatilis Gymnocephalus cernua [185, 63]
Perca fluviatilis Phoxinus phoxinus [6]
Perca fluviatilis Rutilus rutilus [120, 57, 79, 203, 198, 179,

65, 104]
Perca fluviatilis Sander lucioperca [200, 65, 63]
Perca fluviatilis Scardinius erythrophthal-

mus
[204, 198]

Perca fluviatilis Squalius cephalus [198]
Pungitius pungitius Gasterosteus aculeatus [116]
Salmo salar Gasterosteus aculeatus [131, 119]
Salmo trutta Barbatula barbatula [89]
Salmo trutta Cottus gobio [168, 21]
Salmo trutta Gasterosteus aculeatus [91, 127, 145, 140, 121]
Salmo trutta Gobio gobio [202, 105, 89]
Salmo trutta Gasterosteus aculeatus [105, 140, 199, 118]
Salmo trutta Gymnocephalus cernua [117]
Salmo trutta Perca fluviatilis [91, 117, 184]
Salmo trutta Phoxinus phoxinus [245, 91, 202, 151, 178, 140,

139]

Table 8.3, continued
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Predator Prey Ref
Salmo trutta Pungitius pungitius [126, 184, 121, 117]
Salmo trutta Rutilus rutilus [117]
Salmo trutta Salmo salar [115, 146, 98, 199, 118]
Sander lucioperca Alburnus alburnus [232, 130, 233, 249]
Sander lucioperca Abramis brama [232, 130, 233, 211, 37, 251]
Sander lucioperca Cottus gobio [227]
Sander lucioperca Esox lucius [130]
Sander lucioperca Gymnocephalus cernua [185, 27, 232, 95, 64, 137,

130, 233, 249, 211, 37]
Sander lucioperca Lepomis gibbosus [232]
Sander lucioperca Perca fluviatilis [27, 95, 64, 137, 130, 249,

102, 227, 211, 37, 251]
Sander lucioperca Rutilus rutilus [232, 95, 64, 137, 130, 249,

102, 227, 211, 37, 251]
Sander lucioperca Salmo trutta [122]
Squalius cephalus Alburnoides bipunctatus [181]
Squalius cephalus Barbus meridionalis [181]
Squalius cephalus Cyprinus carpio [250]

Table 8.3, continued
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True Negative

True Positive

False Positive

False Negative

Figure 8.1: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the France piscivory network and the DBN-2 model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.2: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the France piscivory network and the DBN-3 model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.3: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the France piscivory network and the DBN-4 model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.4: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the France piscivory network and the DBN-5 model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.5: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the France piscivory network and the Lasso-1st model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.6: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the France piscivory network and the Lasso-2nd model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.7: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the France piscivory network and the Pearson model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.8: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the Tatoosh trophic network and the DBN-3 model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.9: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the Tatoosh trophic network and the DBN-4 model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.10: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the Tatoosh trophic network and the DBN-5 model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.11: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the Tatoosh trophic network and the Lasso-2nd model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.12: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the Tatoosh nontrophic network and the DBN-3 model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.13: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the Tatoosh nontrophic network and the DBN-4 model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.14: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the Tatoosh nontrophic network and the DBN-5 model.
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True Negative

True Positive

False Positive

False Negative

Figure 8.15: Structural comparison between empirical and model adjacency matrices as in
Fig. 5.3, but for the Tatoosh nontrophic network and the Lasso-2nd model.
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[137] T. Keskinen and T. J. Marjomäki. Diet and prey size spectrum of pikeperch in lakes
in central Finland. Journal of Fish Biology, 65(4):1147–1153, 2004.

[138] Zachary D Kurtz, Christian L Müller, Emily R Miraldi, Dan R Littman, Martin J
Blaser, and Richard A Bonneau. Sparse and Compositionally Robust Inference of
Microbial Ecological Networks. PLoS Computational Biology, 11(5):e1004226, 2015.

[139] J H L’Abée-Lund, P. Aass, and H. Sægrov. Long-term variation in piscivory in a brown
trout population : effect of changes in available prey organisms. Ecology of Freshwater
Fish, 11:260–269, 2002.

[140] J H L’Abée-Lund, A Langeland, and H Saegrov. Piscivory by brown trout <i>Salmo
trutta</i> L. and Arctic charr <i>Salvelinus alpinus</i> (L.) in Norwegian lakes.
Journal of Fish Biology, 41:91–101, 1992.

[141] Kevin D Lafferty, Stefano Allesina, Matias Arim, Cherie J Briggs, Giulio De Leo,
Andrew P Dobson, Jennifer A Dunne, Pieter T J Johnson, Armand M Kuris, David J
Marcogliese, Neo D Martinez, Jane Memmott, Pablo a Marquet, John P McLaughlin,
Erin a Mordecai, Mercedes Pascual, Robert Poulin, and David W Thieltges. Parasites
in food webs : the ultimate missing links. Ecology Letters, 11(6):533–46, jun 2008.

235



[142] Kevin D Lafferty, Andrew P Dobson, and Armand M Kuris. Parasites dominate food
web links. Proceedings of the National Academy of Sciences of the United States of
America, 103(30):11211–6, jul 2006.

[143] Eddy H R R Lammens and Jentsje T. Visser. Variability of mouth width in European
eel, Anguilla anguilla, in relation to varying feeding conditions in three Dutch lakes.
Environmental Biology of Fishes, 26(1):63–75, 1989.

[144] Armin Landmann and Norbert Winding. Niche segregation in high-altitude Himalayan
chats (Aves, Turdidae): does morphology match ecology? Oecologia, 95:506–519, 1993.

[145] A Langeland, J H L’Abée-Lund, Bror Jonsson, and N Jonsson. Resource Partitioning
and Niche Shift in Arctic Charr Salvelinus alpinus and Brown Trout Salmo trutta.
Journal of Animal Ecology, 60(3):895–912, 1991.

[146] P-O. Larsson. Predation on migrating smolt as a regulating factor in Baltic salmon,
Salmo salar L., populations. Journal of Fish Biology, 26:391–397, 1985.

[147] GH Lawler. The Food of the Pike Esox lucius, in Heming Lake, Manitoba. Journal of
the Fisheries Research Board of Canada, 22(6):1357–1377, 1965.

[148] Jure Leskovec, Daniel Huttenlocher, and Jon Kleinberg. Signed Networks in Social Me-
dia. Proceedings of the SIGCHI Conference on Human Factors in Computing Systems,
pages 1361–1370, 2010.

[149] P. M. Leunda, J. Oscoz, B. Elvira, A. Agorreta, S. Perea, and R. Miranda. Feeding
habits of the exotic black bullhead Ameiurus melas (Rafinesque) in the Iberian Penin-
sula: First evidence of direct predation on native fish species. Journal of Fish Biology,
73(1):96–114, 2008.

[150] Ping Li, C Zhang, E J Perkins, P Gong, and Y Deng. Comparison of probabilistic
Boolean network and dynamic Bayesian network approaches for inferring gene regula-
tory networks. BMC Bioinformatics, 8(Suppl 7):S13, 2007.

[151] Leif Lien. Biology of the Minnow Phoxinus phoxinus and Its Interactions with Brown
Trout Salmo in Øvre Heimdalsvatn , Norway. Holarctic Ecology, 4(3):191–200, 1981.

[152] Carmen Maria Livi, Ferenc Jordán, Paola Lecca, and Thomas A. Okey. Identifying
key species in ecosystems with stochastic sensitivity analysis. Ecological Modelling,
222(14):2542–2551, 2011.
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