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Abstract

A complex systems approach to the modeling and characterization of natural ecosystems

Daniel B. Stouffer

The linear food chain of high school biology textbooks has been replaced by the food web, the

increasingly complex network of trophic interactions in an ecosystem. This complexity, however,

masks a number of robust statistical properties. Yet much research to date has concentrated upon

predicting and testing the existence of such patterns rather than on the factors giving rise to them.

In order to study such a complex problem, I incorporate concepts and methods from fields not tra-

ditionally aligned with ecology—such as chemical engineering and statistical physics—to develop

an integrated approach.

By following this approach, I have demonstrated that there are key universal features common

to all ecosystems, independent of variables such as the population and type of species present, as-

sembly history, or particular environment. These universal features include a number of important

descriptors of the structure of food webs, as well as the empirically observed mechanism of prey

selection. My research provides insight into, for example, how best to develop dynamic ecosystem

models to probe the effect of exotic species.
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Chapter 1

Introduction

1.1 The global biodiversity challenge

There are between seven and fifty million different species of plants and animals on Earth 1. About

two-thirds of these species live in the tropics, largely in the tropical forests 1. In fact, about 30–

50% of plant, amphibian, reptile, mammal, and bird species occur in 25 hotspots that occupy no

more than 2% of the terrestrial land mass2. It is believed that fish and other marine organisms are

similarly concentrated3.

The concentration of natural species demands that hotspots be managed with particular atten-

tion and caution. Unfortunately, the tropical rain forests receive the complete opposite as only

about one half of the original 16 million square kilometers remains 4 and clearing now eliminates

about 0.2 million square kilometers every year 5,6. This factor and others such as overpopulation

and global warming place us in the midst of the sixth major extinction event in natural history 7.

Extinctions of species represent one of the most dramatic ecosystem perturbations and take

place on far quicker time scales than evolution and introduction of new species into a habitat 7.
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Extinctions can greatly alter an ecosystem’s biodiversity; they can affect ecosystem stability, its

resilience to environmental change, or its resistance to invasion of exotic species 8.

On the shore of Lake Michigan, the situation is no better. High levels of PCBs and heavy

metal contamination have led to fish consumption advisories. Pollution, however, is not the only

danger. On October 13, 2004, a federal task force announced funding for a $9.1 million permanent

electrified barrier on a waterway near Chicago to prevent the invasive Asian carp from migrating

from the Mississippi River into Lake Michigan. At about the same time, a Northern snakehead, a

fish native to China, Korea, and Russia, was caught in Lake Michigan. This was the first appearance

of the fish in the Lake, despite both Illinois and Chicago imposing snakehead bans two years ago.

Both species are characterized by voracious appetites, and could potentially wreak havoc upon the

Lake’s ecosystem. Changes to ecosystems also carry high social and economic costs. Estimates of

the overall cost of invasions by exotic species in the United States alone range up to $137 billion

annually8.

1.2 The complexity of ecological problems

The management of ecosystems must be firmly based upon environmental and ecological knowl-

edge. However, this “principle” is hard to implement for two types of reasons: First, its conse-

quences extend far into the realms of social and economic policy. Second, in order to optimize the

policies for management of wildlife habitats and fisheries, sustainability of natural resources, and

allocation of areas for habitat preservation, we need a better understanding of ecosystems.

Unfortunately, there remain a number of open questions regarding ecosystem structure, stabil-

ity, and dynamics. Studies demonstrate that a linear conception of ecosystems, represented by the

simplistic, but widely used, “food chain” model, is not accurate; rather, trophic interactions are
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Cod

Harp Seals

Figure 1.1: Graphical representation of the food web for the Northwestern Atlantic fishery. An
arrow connects species in predator-prey relationships, with the arrow pointing from the prey to
the predator. Some experts blamed harp seals (purple box) for the collapse of the cod (red box)
population. (Note that cod is also a prey of other species such as hooded seals, grey seals, and
harbor porpoises. Adapted from Buchanan 9.
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known to give rise to complex webs that are still far from being understood 10,11,12 (Fig. 1.1). Much

of this lack of understanding stems from insufficient progress in the characterization of empiri-

cal food webs due to the difficulties involved in collecting high quality empirical data 13. These

difficulties including the long hours required for direct observation and data collection for stom-

ach content analysis or scatology. Additionally, it is still an issue to know when a scientist may

faithfully declare any data as “complete.” Because of these and other hurdles, there exist less than

twenty empirical data sets which are widely regarded as “sufficiently comprehensive.”

Though ecologists have been studying the problem for decades, there has been little progress

in taking ecology from an observational science to a predictive one. This is due partially to the fact

that, until recently, ecology has also stood as more of a qualitative than quantitative science. More

importantly, however, is the typical scale of ecological problems and what is required in order to

solve them. Consider, for example, the issue of invasive species in Lake Michigan. There is much

speculation regarding the impact of introduction of the Asian carp or Northern snakehead, yet there

exists no legitimate means to predict what the effects will truly be. As experimental reproduction

of such a scenario is impossible, not to mention unwise environmentally, the development of the-

oretical and computational means to model such processes provides the strongest possibility of

transforming the predictive capabilities of the science of ecology.

1.3 The “philosopher’s stone” of ecological research

The tremendous diversity of ecosystems around the globe is apparent to even the most casual

of observers. These ecosystems can differ in the population sizes and type of species present,

the type of environment, the assembly history, and the rate of change. This diversity poses a

very real challenge to the development of a general understanding of ecosystem behavior and
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stability. However, recalling the tale of the Northwest Atlantic fishery, how can we hope to begin

to understand the consequences of our actions on a general ecosystem if experts cannot reach a

consensus regarding a single ecosystem?

During the 80’s, ecologists have attempted to draw generalizations about the structure of food

webs and three food web “laws” were proposed 10,14,15. The first, known as the “species scaling

law,” states that the fractions of top, intermediate, and basal species � do not vary with the number

of species
�

in the food web. The second, the “link scaling law,” states that the fractions of top-

intermediate, top-basal, intermediate-intermediate, and intermediate-basal links also do not vary

with
�

. The last, referred to as the “link-species scaling law,” states that the number of links
�

is

proportional to
�

and thus that the linkage density � does not change with
�

.

These “laws” were “uncovered” for a number of poorly resolved food webs, some with as few

as five species15,16,17. For example, data analyzed to validate all three of these laws in Havens 18

was reanalyzed by Martinez17 whose study discredited this validation. Based on his analysis,

Martinez proposed that the directed connectance � , not � , is invariant with
� 17. Unfortunately,

even the scale invariance of direct connectance seems inaccurate.

Due to the complexity of the new highly-resolved webs it has become quite challenging to

obtain quantitative patterns with which to “substitute” the old ones 12. However, the recent appli-

cation of more tools from statistical physics has helped uncover new patterns which are robust and

universal among the empirical food webs.
�
Top species are species who have no predators. Intermediate species are species who have both predators and

prey. Basal species are species who have no prey.
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1.4 Universality in food web structure

The central hypothesis of my research continues the idea that, in spite of all the aspects unique to

each ecosystem, there are a number of universal features that hold for a large number of ecosys-

tems. This hypothesis is based on the principle that there are emergent properties in complex

systems which arise from constraints acting upon the system. This is the origin of the “universal-

ity” found in food webs. In the case of ecosystems, bioenergetic constraints could be considered

a major factor controlling ecosystem structure, though as we will see may not be the strongest

driving force.

While much research to date has concentrated upon predicting and testing the existence of such

patterns rather than on the factors giving rise to them. In order to study such a complex problem,

I incorporate concepts and methods from fields not traditionally aligned with ecology—such as

chemical engineering and statistical physics—to develop an integrated approach.

By following this approach, I have demonstrated that there are key universal features common

to all ecosystems, independent of variables such as the population and type of species present, as-

sembly history, or particular environment. These universal features include a number of important

descriptors of the structure of food webs, as well as the empirically observed mechanism of prey

selection. In addition, I have been able to demonstrate that some of these universal features provide

an empirical validation of long standing, but heretofore unproven, ecological theories. My research

provides insight into, for example, how best to develop dynamic ecosystem models to probe the

effect of exotic species.
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Chapter 2

Static food web models

A number of models were proposed the past twenty years in an attempt to explain the source of

patterns or regularities in empirical food webs. The concept of “niche theory” or “niche space” is a

fundamental concept in these models. According to Cohen 19, niche theory has origins dating back

to the beginning of the twentieth century. Niche space is defined as an “ � -dimensional hyperspace”

with � corresponding to innumerable ecological and environmental characteristics 20. Therefore,

each species’ niche is the “result” of all � factors acting upon it and the niche represents the

functional role and position of the organism in its community.

Upon reviewing an increasing number of ecological factors, it is clear that each niche contains a

single species because no pair of species is exactly the same. Because of this fact, the concept of an

ecological niche has been inextricably linked to inter-species competition and resource utilization.

In this context, a niche is not a “point” but rather a niche “range” corresponding to the resource

spectrum a species exploits21. The niche overlap, or the region of niche space shared by two

species, represents the amount of shared resources and has been used as a gauge of the level of

inter-species competition. It is believed that each species exists in its own, unique, niche in order
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to avoid substantial niche overlap, and hence competition. Likewise, evolutionary pressure leads

to the filling of vacant regions of niche space by species adaptation or even the evolution of new

species20.

However, substantial niche overlap does not translate directly to exclusionary competition; in

fact, there may be an inverse relationship between overlap and competition 22. If resources are

plentiful, two species may have significant overlap without detriment to each other. In this case,

extensive overlap could be correlated with reduced competition. A lack of niche overlap on an

ecosystem-wide scale could represent a resource-scarce environment, where the disadvantage of

sharing resources is far more severe. This concept, Pianka’s “niche overlap hypothesis,” states that

the maximal tolerable niche overlap should be lower in intensely competitive situations than in

environments with plenty of resources22.

A more recent interpretation of niche theory, however, relates to the niche providing species

an ordering or hierarchy23,24. The most common hypothesis is that species may be ordered in

one-dimension based solely upon the mass of an individual. This formulation of niche theory

provides a much simpler criterion than Hutchinson’s “ � -dimensional hyperspace” and in fact, with

few exceptions, species’ diets have been found to agree quite well empirically 25,26. This notion of

the niche again representing a point, but here in a trophic hierarchy, has provided the foundation

for recent advances in the understanding of how food webs are “assembled”.

Several models have been proposed in the last two decades that aim to describe the structure

of food webs10,27,28. Unfortunately, such simulation models alone are rarely able to bridge the gap

between stochastic simulations and underlying mechanisms in a way that is useful or relevant to

field ecologists. Because the models may be analytically intractable, it is difficult to understand

exactly why a model behaves as it does, and how its behavior may be sensitive to the parameters

chosen.
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In an effort to shed new light on the factors behind the success, or failure, of food web mod-

els, I have performed a detailed study of three food web models: the cascade model 10, the niche

model27, and the nested-hierarchy model28. We investigate the cascade model because it is perhaps

the simplest numerical model that seeks to capture food web structure using simple rules to define

predator-prey interactions10. We also select it because it fails to capture the structure of food webs

with many species. By studying the differences between this model and more successful models we

can elucidate the important mechanisms it lacks. We select the niche model because it is capable

of accurately describing several statistical properties of empirical food webs from diverse environ-

ments, while maintaining computational simplicity 27. Finally, we consider the nested-hierarchy

model because it claims to improve on the niche model by considering phylogenetic constraints

and adaptation, thereby being more “ecologically sound” 28.

2.1 The cascade model

In the cascade model, one first randomly assigns
�

species to “trophic niches” with niche values

��� mapped uniformly onto the interval
����� ���

. Each species 	 with ��
� ��� can become a prey of
�

with probability ������� � ����� ��� ���
, where ��� � � ���

is the food web’s directed connectance

(Fig. 2.1). This results in a food web with
�

species and
�

trophic interactions between those

species.

2.2 The niche model

In the niche model27, one first randomly assigns
�

species to “trophic niches” with niche values ���
mapped uniformly onto the interval

����� � �
, just as in the cascade model.
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1

0

Figure 2.1: We show the prey selection in the cascade model in the figure on the left. The yellow
predator can randomly select prey from the set of all species with lower niche values, with equal
probability ��� . Here � � � � � ��� and the predator selects the three species marked in red as prey. On
the right, we show a graphical representation of a cascade model-generated food web with

� � � �
species and directed connectance � � � � ��� .

A species
�

is characterized by its niche value � � and by its list of prey. Prey are chosen for

all species according to the following rule (Fig. 2.2). A species
�

preys on all species 	 with niche

value ��
 inside a segment of length � � centered in a position chosen randomly inside the interval
� � � � � � ��� � , with � � � � ��� and ��� ����� � �

is a random variable with probability density function

� � � � �	� � � � � ��
������� � (2.1)

Williams & Martinez27 appear to have chosen this functional form for convenience, but, as we will

show later, the predictions of the model are robust to changes in the specific form of � � � � . Note

that this species-specific probability � is an important distinction between the cascade and niche
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0

1

a

Figure 2.2: We show the prey selection mechanism in the niche model in the figure on the left.
In the niche model, each predator consumes all species lying within a segment of the niche axis
with length � � . The center of this segment, ����� , is uniformly drawn from the range

� � � � � � ��� � . Note
that this will allow up to half of the potential prey to have niche values higher than the predator.
In this example, the yellow predator consumes the four red prey all with niche values less than its
own. On the right, we show a graphical representation of a niche model-generated food web with� � � � species and directed connectance ��� � � � � . For the sake of comparison, the species are
arranged spatially just as in Fig. 2.1.

models. The values of the parameters � and
�

determine the linkage density � � � � �
of the food

web and its directed connectance � � � � � �
, as � � ���� � �

.

2.3 The nested-hierarchy model

In the nested-hierarchy model, the number of prey
� � of a species

�
is obtained by multiplying the

predator’s niche value � � by a value � � drawn from the interval
� ��� � �

according to Eq. (2.1).

Prey selection in this model obeys a two-stage, multi-step process (Fig. 2.3). In stage one, the

first prey of species
�

is selected at random from among species with lower niche values than
�
.



24

d

c

b

a

10

10

10

10

Figure 2.3: We diagram the implementation of prey selection in the nested-hierarchy model in the
figures on the left. a, The yellow species randomly selects a prey from the set of all species with
lower niche values. The chosen species, indicated in red, is also a prey of the magenta species.
b and c, The next prey of the yellow species is then randomly chosen from among the set of
prey of the group of the red species’ consumers. The group of the red species’ consumers are the
consumers sharing at least one prey, at least one of which must be the red species; this group is thus
the magenta species, the purple species, and now the yellow species. d, The pool of potential prey
for the yellow species is then each of the green prey species. Note that it contains all prey from the
group of the red species’ consumers. On the right, we show a graphical representation of a nested-
hierarchy model-generated food web with

� � � � species and directed connectance � � � � � � .
For the sake of comparison, the species are arranged spatially just as in Figs. 2.1 and 2.2.

Let 	 be the first prey of
�
. If 	 is a prey of another species, then the next prey of

�
is chosen from

the pool of species eaten by the group of 	 ’s consumers. The group of 	 ’s consumers is defined

as all consumers sharing at least one prey, with at least one of these consumers feeding on 	 . If

the required number of links for species
�

cannot be satisfied by this pool, the remaining prey are

chosen randomly from among the species with no predators that have niche values lower than
�
.
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As a last resort, if all possible species with niche values lower than
�

have been selected and
�

requires additional prey, selection enters stage two, and prey are chosen at random from among

species with niche values greater than or equal to the niche value of
�
.

2.4 Validation of food web models

The original testing of the models by Cohen & Newman 10, Williams & Martinez27, and Cattin

et al.28 relied on the comparison of different properties between model-generated and empirical

webs. The properties compared include the number of top, intermediate, and basal species, the

standard deviations of generality and vulnerability, the mean maximum similarity between species,

the mean and standard deviation of food chain length, the number of food chains, the number of

trophic loops, the fraction of cannibal species, and the fraction of omnivores 10,27,28. For each of

these properties, the authors compared the empirical values to averages obtained from multiple

model realizations to determine whether or not they fell within the confidence intervals.

It is important to stress, however, that this approach is far from ideal. The authors of these

studies rely principally on comparisons between empirical data and properties most of which can

be derived from the distributions of numbers of prey and predators (Table 2.1). We believe that it

is more direct and elucidating to compare the distributions themselves. In the next section, we will

solve analytically and numerically for these distributions for each of the models discussed with

that goal of quantifying both how and why three seemingly distinct models accurately predict the

statistical properties of empirical food webs.
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Figure 2.4: Comparison between the beta-distribution, Eq. (2.1), and the exponential distribution,
Eq. (2.3), across the range of empirically observed values of � . For ��� � � � � , the exponential
distribution provides a good approximation of the beta-distribution.

2.5 Distribution of number of prey

Camacho et al.29 derived analytical expressions for the distributions of numbers of prey, predators,

and links for the niche model in the limits
� � �

and � � �
. In particular, the analytical

expression for the distribution of number
�

of prey is

�������	� � � � � � � � � �
��
 � � � � � �

� �
(2.2)

where

 � � � � is the exponential-integral function30.

Camacho et al.29 showed further that the distribution of number of prey does not depend on

the exact functional form of � � � � —which represents the probability of preying on a fraction � of

species with lower niche values—as long as � � � � depends exponentially on � . This arises because

the limit � � � corresponds to ���  . Thus, � � � � is negligible except when � � � , where

� ����� � � � � � , in other words
�����
����� �

� � � � � � � ��� � (2.3)

Figure 2.4 compares Eq. (2.3) and Eq. (2.1) for various values of � , confirming that the former

tends to the exponential function of Eq. (2.1) for small � . Therefore, the distribution of number



27

of prey in this limit—Eq. (2.2)—does not depend on the particular form of � � � � as long as � � � �
depends exponentially on � .

Furthermore, for any value of � , the scaled variable �
� � � � � � is distributed according to the

same probability density function,

��� ���	� � �� � � 
 � � �� � � (2.4)

Provided that � is small, this probability density function is therefore universal, that is, it is iden-

tical for any values of
�

and � 31.

2.6 Distribution of number of predators

Camacho et al.29 also derived an expression for the distribution of number � of predators, in the

limits
� � �

and � � � ,
� � ����� � � � � � ��� � �

��� � ��� � � � �
� �

(2.5)

where
� � � � is the incomplete gamma function 30. For � � � � , � ������� is approximately constant

because
� � ��� � � � �

�
	 �
; for � � � � , ��� ����� decays to zero with a Gaussian tail29. Unlike the

distribution of number of prey, the distribution of number of predators is completely independent

of the form of � � � � 29.

Unlike the scaling seen for the distribution of number of prey, Eq. (2.5) is not simply a function

of the scaled variable �
� � � . However, for small values of �

� � � ,
�

is a constant and thus it does

not depend on � or � . The probability density for the scaled variable �
� � � � � � is thus

��������� �
�
� � � ��� � � �

��� � � � �
�	 �

�
� � � (2.6)

for any � . For �
� � � , ��� ����� � �� �

decays quite rapidly—it is a Gaussian—so its exact functional

form is not important.
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Figure 2.5: Comparison between the analytical expressions and numerical simulations of the niche
model for the cumulative distributions of scaled a number of prey,

� � � � , b number of predators,
� � � � , and c number of links, � � � � . The distributions are for a single realization of the niche model
with

� � � � � � and ��� �
. The model was implemented with � � � � �	� � � � � � 
������� (filled symbols)

and � � � � � � � � ��� (open symbols).

2.7 Distribution of number of links

If one neglects correlations between the number of prey and number of predators of a species, one

can compute the probability density for the number of links using Eqs. (2.2) and (2.5). Under this

approximation, the probability density for the number of links is simply given by the convolution

of the two distributions. In the limits
� � �

and ��� � , one has

���������	� � � � �

��
� �������	� �� � ��� ����� � � �� ����

�
�

� � �
� �


 �
�

 � �� � � �

� � � � �� � � � � �
���� �

(2.7)

which cannot be integrated analytically in terms of recognizable functions but can be calculated

numerically.

Figure 2.5 presents a comparison of the analytical expressions for the distributions of numbers

of prey, predators, and links to simulations of the niche model. It is important to emphasize that the

distributions of numbers of prey, predators, and links characterizing these diverse food webs obey
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Table 2.1: Summary of the analytical expressions obtained for the niche model in the limits
� � �

and � � � . These properties also hold for the nested-hierarchy and generalized cascade models
in the same limits.

Property Expression
Distribution of number of prey � �����	���������	��
��������� � �����������
Distribution of number of predators � � ����� �������	��
����������������
��������
Distribution of number of links � ������� � �������! �� � � ���	����"�� � ������� ���!#$"%��&'"

� �
 ��( �*)  �� � � ��"%�������+�,���-#."/��
���������&'"
Fraction of top species 0 � � �21%3 )54��(
Fraction of basal species 6 �

��� 
 �87 ��( ���(
Fraction of cannibals 9 � �;: � ��
��<
�=��'>?=<
���'�@#A


B >C�D�'> � �AE	�F>HGI�
Standard deviation of the vulnerability JLK �NM 
��OP��
�Q�
Standard deviation of the generality JSR �NM T'�U��OP�DV'>-��#A

Predator-prey correlation coefficient �XWFY � �N# �Z [ 
 �87 G%\ ( �
Assortativity ] �?# 
 ��( \�G ��� \ � � )��^�( ) \�_ 7 ( \�G 7 � \a`

universal functional forms that depend on a single parameter—the linkage density � of the food

web31. It is therefore possible, given the linkage density of a web, to describe these distributions

without any additional information, provided ��� � .

As discussed earlier, the importance of these distributions lies in the fact that the values of a

number of ecologically relevant quantities may be estimated from them (Table 2.1). Indeed, our

estimates compare quite well to simulations of the niche model 29.

2.8 Numerical analysis of the nested-hierarchy model

The nested-hierarchy model claims to improve on the niche model by incorporating “phylogenetic

constraints and adaptation” into the prey selection process, rather than relying solely on niche

theory28. This approach is said to better reflect the complexity and statistical properties of real food
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Figure 2.6: Comparison between the analytical expressions and numerical simulations of the
nested-hierarchy model for the cumulative distributions of scaled a number of prey,

� � � � , b num-
ber of predators, �

� � � , and c number of links, � � � � . The distributions are for a single realization
of the nested-hierarchy model with

� � � � � � and � � �
. The model was implemented with� � � � � � � � � � � 
������� (filled symbols) and � � � � � � � � ��� (open symbols).

webs. We have examined the nested-hierarchy model in detail and demonstrate here that, though

it appears to be quite different in its description, it nevertheless generates webs characterized by

the same universal distributions of numbers of prey, predators, and links described in the previous

subsection32.

In the nested-hierarchy model, the number of prey
� � of a species

�
is obtained by multiplying

the predator’s niche value � � by a value randomly drawn from the interval
� � � � �

according to the

beta-distribution, exactly as in the niche model. The nested-hierarchy model thus generates the

same distribution of number of prey as the niche model 32 (Fig. 2.6).

In the nested-hierarchy model, preferentially consuming a species to which a species
�

is linked

via a consumer group is intended to mimic phylogenetic constraints. Unfortunately, as demon-

strated in Fig. 2.7, the prey pool is built by sampling species at up to four degrees of separation

from the original predator—that is, potential prey are chosen from among species that are sep-

arated from the predator by up to four trophic links 32. Our numerical results demonstrate that a

species will consume species with niche values greater than or equal to its own only � % of the time
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Figure 2.7: Prey selection in the nested-hierarchy model for food webs with
� � � � � and � ��� .

a Probability density function of number
�

� of prey available, normalized by number
�

of prey
desired. The prey available to species

�
is defined as: (i) the species with niche values smaller

than ��� which have no predators and, (ii) if species
�

has selected a prey with other predators, all
members of the pool defined in Fig. 2.3 which have a lower niche value than species

�
. A species�

will consume species with niche values greater than or equal to its own only � % of the time. b
Probability density function of � � ���	� � � � ����� —where � is the niche value—for links created in the
nested-hierarchy model. � � % of all links have prey with niche values lower than the predator,
with an approximately uniform distribution for niche values lower than that of the predator. c
Probability density function of the fraction of selected prey that already had at least one predator
for the nested-hierarchy model and a random selection model. The resulting distributions are
almost indistinguishable, implying that the nested-hierarchy model is very closely implementing
random selection of species with lower niche values, which shows no bias toward species having
either many or few predators.

(Fig. 2.7a), explaining the very low rate of cannibalism seen in the nested-hierarchy model 32. In

addition, � � % of all links have prey with niche values lower than the predator (Fig. 2.7b), with an

approximately uniform distribution for niche values lower than that of the predator, indicating that

species in this region are effectively chosen at random 32 (Fig. 2.7c). Consuming species with larger

niche values represents only � % of all links32. This explains why, despite apparent differences in

the prey selection rules for the nested-hierarchy model, the distribution of number of predators

and subsequently number of links are described by the same universal forms derived for the niche

model32 (Figs. 2.6).
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Figure 2.8: Comparison between the analytical expressions and numerical simulations of the gen-
eralized cascade model for the cumulative distributions of scaled a number of prey,

� � � � , b number
of predators, �

� � � , and c number of links, � � � � . The distributions are for a single realization of
the generalized cascade model with

� � � � � � and � � �
. The model was implemented with� � � � � � � � � � � 
������� (filled symbols) and � � � � � � � � ��� (open symbols).

2.9 The generalized cascade model

The results for the niche and nested-hierarchy models are congruent with the existence of two

conditions that are sufficient for a model to reproduce the properties of empirical food webs 32:

Condition I: The niche values to which species are assigned form a totally ordered set.

Condition II: Each species has a specific probability � of preying on species with lower niche

values, where � is drawn from an approximately exponential distribution.

In the following, we test the hypothesis that any model satisfying these two conditions will generate

the same distributions of trophic connections as the niche and nested-hierarchy models. To this end,

we generalize the cascade model of Cohen & Newman 10 so that it satisfies Condition II.

In the cascade model of Cohen & Newman 10, a species 	 with ��
 � ��� becomes a prey of
�

with fixed probability ��� ��� � ����� � � ���
. Williams & Martinez27 demonstrated that this model

is not able to reproduce the properties of real food webs. Our analytical results for the niche and
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nested-hierarchy models suggest that the reason why the cascade model does not reproduce the

data is that it does not satisfy Condition II. To solve this problem, we generalize the cascade model

in the following manner32. A species
�

preys on species 	 with � 
 � ��� , with a species-specific

probability � drawn—from the beta distribution or an exponential distribution—from the interval
����� � �

. Note that the idea of a predator specific—or predator dominant— � was already discussed

by Cohen33, though not in the manner proposed here.

Our generalization of the cascade model is similar to the implementation of the niche model

but without the constraint that predation occurs within a continuous niche range. Significantly,

we find that the generalized cascade model generates the same distributions of numbers of prey,

predators, and links as those generated by the niche and nested-hierarchy models 32 (Fig. 2.8).

2.10 Concluding remarks

In this chapter, we demonstrated that there are two critical conditions that a food web model must

satisfy in order to successfully predict the properties of empirical food webs 32:

1. The niche values to which species are assigned form a totally ordered set

2. Each species has a specific, exponentially-decaying probability � � � � of preying on a fraction

� of the species with lower niche values.

As noted previously, the original model validation by Cohen & Newman 10, Williams &

Martinez27, and Cattin et al.28 relied on the comparison of different properties between model-

generated and empirical webs. In Table 2.1, we list a number of the properties compared which

may be derived explicitly from the distributions of number of prey and number of predators.

We argued, however, that it is important to stress that this approach is far from ideal and that

it is more direct and elucidating to compare the distributions themselves. In the next chapter, we
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will follow this approach and use our analytical solution of the models to quantify both how and

why three seemingly distinct models accurately predict the statistical properties of empirical food

webs.
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Chapter 3

Two conditions explain many global aspects

of food web structure

In this chapter, we compare data from empirical food webs with the predictions of the analytical

solutions for the distributions of numbers of prey, predators, and links. Remarkably, we find that

the quantitative analytical patterns describe the properties of empirical food webs pertaining to

very diverse habitats, including freshwater, marine, estuarine, and terrestrial ecosystems 32.

3.1 Empirical food webs

Throughout this thesis, we will examine various properties of empirical food webs. We con-

sider seventeen food webs from a variety of environments: four estuarine—Chesapeake Bay 34, St.

Marks35, Ythan (1)36, and Ythan (2)37; five freshwater—Bridge Brook Lake18, Canton Creek38,

Little Rock Lake39, Skipwith Pond40, and Stony Stream38; three marine—Benguela41, Caribbean
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Figure 3.1: Map of empirical food webs studied. Red circles indicate the four estuarine food
webs—Chesapeake Bay, St. Marks, Ythan (1), and Ythan (2); cyan circles indicate the five fresh-
water food webs—Bridge Brook Lake, Canton Creek, Little Rock Lake, Skipwith Pond, and Stony
Stream; blue circles indicate the three marine food webs—Benguela, Caribbean Reef, and North-
east US Shelf; and green circles indicate the five terrestrial food webs—Coachella Valley, El Verde
Rainforest, Grassland, Scotch Broom, and St. Martin.

Reef42, and Northeast US Shelf43; and five terrestrial—Coachella Valley44, El Verde Rainforest45,

Grassland11, Scotch Broom46, and St. Martin47 (Table 3.1 and Fig. 3.1).

Aside from the specifics of their environment, there are additional factors which distinguish

some food webs from the others and should be noted. First, three sets of food webs shared investi-

gators in the compilation of the data: (i) Grassland, Little Rock Lake, and Scotch Broom 11,39,46, (ii)

Canton Creek and Stony Stream38, and (iii) Ythan Estuary (1) and Ythan Estuary (2) 36,37. Second,

Scotch Broom is a source web46—a food web generated by following all trophic links upward

from a single basal species—while the remainder are community food webs. Third, Canton Creek
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Table 3.1: Empirical food webs studied.
�

is the number of trophic species in the food web,
�

is
the number of trophic predator-prey interactions, � is the linkage density of the food web, and � is
the food web’s direct connectance.

Food web � � ��������� 	
�������� Reference
Benguela 29 203 7.00 0.24 Yodzis 41

Bridge Brook Lake 25 106 4.42 0.17 Havens 18

Canton Creek 102 697 6.83 0.067 Townsend et al. 38

Caribbean Reef 50 556 11.12 0.22 Opitz 42

Chesapeake Bay 31 68 2.19 0.071 Baird & Ulanowicz 34

Coachella Valley 29 262 9.034 0.31 Polis 44

El Verde Rainforest 155 1509 9.74 0.063 Waide & Reagan 45

Grassland 61 97 1.59 0.026 Martinez et al. 11

Little Rock Lake 92 997 10.84 0.18 Martinez 39

Northeast US Shelf 79 1400 17.72 0.22 Link 43

Scotch Broom 85 223 2.62 0.031 Hawkins et al. 46

Skipwith Pond 25 197 7.88 0.32 Warren 40

St. Marks Seagrass 48 221 4.61 0.096 Christian & Luczkovich 35

St. Martin Island 42 205 4.88 0.12 Goldwasser & Roughgarden 47

Stony Stream 109 829 7.61 0.070 Townsend et al. 38

Ythan Estuary (1) 83 395 4.76 0.057 Hall & Raffaelli 36

Ythan Estuary (2) 174 579 3.33 0.019 Hall & Raffaelli 37

and Stony Stream38 are time-specific food webs, that is the data was collected one a single day,

whereas the other foods webs are cumulative food webs composed of data collected multiple times

and spanning multiple seasons. Lastly, Ythan Estuary (2) is the same food web as Ythan Estuary

(1) but with parasitism included.

3.2 Empirical distributions of numbers of prey, predators, and

links

Empirical food webs found in the literature generally contain a small number of trophic species

(Table 3.1). This fact implies that the empirical distributions of the numbers of prey, predators, and
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links will be quite noisy. For this reason, we consider here the cumulative distributions, defined as� � ��� � � �������	� � � ��
 � � (3.1)

instead of the probability density functions considered in the previous section.

Equation (2.2) implies that the cumulative distribution of number of prey is given by� � ���	� � � � � � ���� � � �

� ��� � �

� �


 �
� �

� ��� � (3.2)

In terms of the scaled variable �
� � � � � � , we obtain� � ���	� � � �� � ����	��� � ���� �

�
� 
 � � ���� � (3.3)

Like Eq. (2.4), this expression contains no free parameters and is universal. That is, it is indepen-

dent of model details and parameter values.

Equation (2.5) implies that the cumulative distribution of number of predators follows the form� ������� � � � � �
�

� �

�������	� � � ��
 � � � � �
� � (3.4)

As previously noted, for � � � � the incomplete gamma function
�

can be approximated as
��� � �

� � � �
� � �

. One can therefore rewrite Eq. (3.4) as� ������� � � � � � � �
�

� �

� ��������� � � � ��
 � � � � �
� � � � �

� �

� � � � � � (3.5)

In terms of the scaled variable �
� � � � � � , we obtain� � ��� � � �

�
� � � � � �

� �
�
� � � � (3.6)

For �
��� � , � � ����� � � �

� �
decays to zero as the error function30.

As in Eq. (3.1), the cumulative distribution of number of links is given by� ����� � � � � � � �
��
� ��� � ������� � � � � 
 � � (3.7)
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Figure 3.2: Cumulative distribution
� � ���	� of number of prey

�
for the 15 food webs studied: Bridge

Brook Lake18; Skipwith Pond40; Coachella Valley44; Caribbean Reef42; Benguela41; St. Martin
Island47; Northeast US Shelf43; Chesapeake Bay34; St. Marks Seagrass35; Little Rock Lake39;
Grassland11; El Verde Rainforest45; Canton Creek38; Ythan Estuary36; and Stony Stream38. The
solid black line represents the average value from 1000 simulations of the niche model and the
gray region represents two standard deviations above and below the model’s predictions.
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Figure 3.3: Cumulative distribution
� � ����� of number of predators � for the 15 food webs studied

(see Fig. 3.2). The solid black line represents the average value from 1000 simulations of the
niche model and the gray region represents two standard deviations above and below the model’s
predictions.
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Figure 3.4: Cumulative distribution
� ������� of the number of links � for the 15 food webs studied

(see Fig. 3.2). The solid black line represents the average value from 1000 simulations of the
niche model and the gray region represents two standard deviations above and below the model’s
predictions.



42

Sk
Co
Re
Be
Mt
Sh
Ch
Mk
LR
Gr
Ve
Ca
Yt
SS

BB
Skipwith
Coachella
Reef
Benguela
St. Martin
Shelf
Chesapeake
St. Marks
Little Rock
Grassland
El Verde
Canton
Ythan
Stony Stream

Bridge Brook
1.00

0.00

0.05

0.20

0.01

Prey LinksPredators

Figure 3.5: Comparison of the distributions of numbers of prey, predators, and links of the 15 food
webs to the respective distributions obtained from 1000 webs generated by the niche model. We
regard

����� � � � � � —shown in black—as strong evidence for the rejection of the null hypothesis.

which cannot be determined analytically but may be computed numerically.

In Figures 3.2, 3.3, and 3.4, we analyze the empirical distributions of numbers of prey, preda-

tors, and links for 15 food webs with � � to
��� �

trophic species using several techniques. These

webs have linkage densities
� � � � � � ��� � � , and connectances in the interval

� � � � � –
� ��� � � (Ta-

ble 3.1).

3.3 Quantifying the agreement between the models and the em-

pirical data

In our first analysis, we quantify the agreement between the distribution of numbers of prey, preda-

tors, and links using the Kolmogorov-Smirnov (KS) test (Fig. 3.5). We use the niche model as a

representative model, but identical results are obtained for any of the models described earlier.

Our results suggest that 11 of the 15 food webs studied are well described by the models:

Bridge Brook, Skipwith, Coachella, Caribbean Reef, Benguela, St. Martin, Shelf, Chesapeake, St.
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Figure 3.6: a Comparison of the distributions of number of links for the 11 empirical food webs we
hypothesize obey universal properties. b Comparison of these 11 food webs with four food webs
that we hypothesize do not obey universal properties. We use the KS test for all comparisons. The
results in a and b may be interpreted as similarity matrices with values

� � � ��� � � , the KS
probability. We regard

� ��� � � � � � —shown in black—as strong evidence for the rejection of the
null hypothesis.

Marks, Little Rock, and Grassland32. The remaining four—El Verde, Canton, Ythan, and Stony

Stream—exhibit rather different behavior, which is visually apparent in Figs. 3.2, 3.3, and 3.4

and confirmed by the results in Fig. 3.5 32. The results of Figs. 3.2, 3.3, 3.4, and 3.5 suggest the

possibility that models which satisfy our two conditions do indeed reproduce the properties of

many empirical food webs32.

To test the hypothesis that the empirical distributions of numbers of prey, predators, and links

follow universal functional forms, we quantify the agreement between all pairs of food webs using

the KS test (Figs. 3.6, 3.7, and 3.8). We apply the �
�

tests to the values from these figures to test

their statistical significance. Remarkably, we find that we can accept the null hypothesis in the

case of Fig. 3.6a at the
���

% significance level while the null hypothesis is rejected for the case of

Fig. 3.6b (� 	 � � ��� � � � G [ )32.
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Figure 3.7: a Comparison of the distributions of number of prey for the 11 empirical food webs we
hypothesize obey universal properties. b Comparison of these 11 food webs with four food webs
that we hypothesize do not obey universal properties. We use the KS test for all comparisons. The
results in a and b may be interpreted as similarity matrices with values

� � � ��� � � , the KS
probability. We regard

� ��� � � � � � —shown in black—as strong evidence for the rejection of the
null hypothesis.

We next apply the �
�

tests to the values from Figs. 3.7 and 3.8 to test their statistical signifi-

cance. The results for these figures are not as straightforward as for Fig. 3.6. For the distributions

of number of prey, we find that the analysis is sensitive to the inclusion of the Little Rock Lake

and Grassland food webs. Considering the complete set of 11 food webs, the null hypothesis is

rejected in the case of Fig. 3.7a (� 	 � � � � � � � �

). If we eliminate Grassland from this group, the

null hypothesis is again rejected (� 	 � � � � � ). Upon eliminating both Little Rock and Grassland

from this group, the null hypothesis is accepted (� 	 � � � � ). In the case of Fig. 3.7b, the null

hypothesis is rejected at the onset with � 	 � � � � � � � ^ ` 32.

For the distributions of number of predators, we also find that the significance of the matrices

is sensitive to the inclusion of the Little Rock Lake and Grassland food webs. Considering the

complete set of 11 food webs, the null hypothesis is rejected in the case of Fig. 3.8a (� 	 � � � �
� � � ^

). If we eliminate Grassland from this group, the null hypothesis is again rejected (� 	



45

ba

1.00

0.05

0.20

0.01

0.00

VeCa Yt St

BB
Sk
Co
Re
Be
Mt
Sh
Ch
Mk
LR
Gr

BBSk CoReBe Mt ShChMkLR Gr

Figure 3.8: a Comparison of the distributions of number of predators for the 11 empirical food
webs we hypothesize obey universal properties. b Comparison of these 11 food webs with four
food webs that we hypothesize do not obey universal properties. We use the KS test for all compar-
isons. The results in a and b may be interpreted as similarity matrices with values

� � � ��� � � ,
the KS probability. We regard

� ��� � � � � � —shown in black—as strong evidence for the rejection
of the null hypothesis.

� � � � � � ). Eliminating both Little Rock and Grassland from this group, the null hypothesis is still

rejected (� 	 � � � ��� ). In the case of Fig. 3.8b, the null hypothesis is rejected at the onset with

� 	 � � � � � � � ^ �
32.

Considering the results of Figs. 3.7 and 3.8 alone, the validity of including the Little Rock

and Grassland food webs may be questioned. However, when additionally taking into account the

results of Figs. 3.5 and 3.6 as well as additional ecological characteristics which will be discussed

later, we conclude that our separation of the food webs into 11 which obey universal properties

and four which do not is a valid first approximation. In addition, we conclude that the results

of Figs. 3.5, 3.6, 3.7, and 3.8 validate the hypothesis that
� � ��� � , � ������� , and

� �������	� obey universal

functional forms31,32.

For this reason, for the remainder of this chapter we will focus our attention on these 11 food

webs: Bridge Brook, Skipwith, Coachella, Reef, Benguela, St. Martin, Shelf, Chesapeake, St.
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Figure 3.9: Visual test of the “scaling hypothesis” that the distributions of numbers of prey, preda-
tors, and links have the same functional form for different food webs. a Cumulative distribution� �����	� of the scaled number of prey for the 11 food webs. The solid line is the analytical predic-
tion of Eq. (3.2). The data collapse onto a single curve consistent with our analytical results. b
Cumulative distribution

� � ��� � of the scaled number of predators for the 11 webs. The solid line is
the analytical prediction of Eq. (3.4) for the average value of � in the empirical data, � � � � � � . c
Cumulative distribution

� ������� � of the scaled number of links for the 11 webs. The solid line is the
prediction of Eq. (3.7). The symbols are those introduced in Fig. 3.2.

Marks, Little Rock, and Grassland. We plot in Fig. 3.9a the cumulative distributions
� � ���	� � � �� �

versus the scaled variable �
� � � � � � for the 11 similar food webs and find that the data collapse

onto a single curve, supporting the possibility that
� �����	� obeys a universal functional form31,32.

We also plot
� � ����� � �

�
� �

versus the scaled variable �
� � � � � � for the 11 similar food webs in

Fig. 3.9b finding a similar collapse of the data onto a single curve for �
� � � � � 31. Similarly, we

plot in Fig. 3.9c
� �������	� � �

�� � versus the scaled variable �� � � � � � , again noting a collapse of the data

onto a single curve further supporting the hypothesis that scaling holds for food web structure 31,32.
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Figure 3.10: Cumulative distributions a
� �����	� of the scaled number of prey and b

� � ����� of the
scaled number of predators for the 11 pooled webs. The solid lines are, respectively, the analytical
predictions Eq. (3.2) and (3.4), the latter with the average value � � � � � � . c Cumulative distribution
of scaled number of links � � � � � for the 11 pooled webs. The solid line is obtained by
numerically convolving the distributions Eq. (3.2) and (3.4) while the dashed line is obtained by
numerical simulations of the niche model for

� � � � �
and � � � � � � , the parameter values of the

pooled distributions. The tail of the distribution decays exponentially, indicating that food webs do
not have a scale-free structure.

3.4 Examining the pooled distribution from all empirical food

webs

To improve statistics, and better investigate the specific functional form of these distributions, one

may pool the scaled variables,
� � � � , �

� � � , and � � � � from the different webs into single distribu-

tions,
� � ���	� , � � ����� , and

� ����� � � respectively. The cumulative distributions of the scaled numbers of

prey, predators, and links for the pooled webs are well approximated by Eqs. (3.2), (3.4), and (3.7)

even though there are no free parameters to fit in the analytical curves 32 (Fig. 3.10). We find that� ����� � � � � � has an exponential decay for � � � �
� �

. There is, therefore, a characteristic scale of the

linkage density. Therefore, food webs do not have a scale-free structure, in contrast to erroneous

reports in other studies of food-web structure 48,49.
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Figure 3.11: a Scaled average trophic distance
�

between species versus linkage density � .
We compare the data with the numerical simulations of the niche model for web sizes

� �� � � � � � ��� � � � �
(thin solid lines). We find a logarithmic increase of the average distance with web

size
�

for the empirical food webs, in good agreement with the model predictions. These results
are consistent with the sensitivity of

�
to a web’s directed connectance � and size

�
, as determined

by Williams et al.50. b Clustering coefficient
�

versus the scaled web size
��� � � . We compare

the data with numerical results for the niche model for three values of the linkage density in the
empirically relevant range ( � � � � � ��� � � ). We find that the clustering coefficient of the food webs
is inversely proportional to the web size

�
, in good agreement with the model predictions and with

the asymptotic behavior predicted for a random graph. For both a and b the gray circles represent
the average values from 1000 randomizations of the empirical food webs keeping the distributions
of number of prey and number of predators unchanged. Note that the behavior of these randomized
webs is still captured by the niche model implying that the underlying distributions themselves are
responsible for this behavior. The symbols are those introduced in Fig. 3.2 except that the four
poorly approximated food webs are filled in gray.

3.5 Other measures

Next, we investigate whether or not the scaling hypothesis also applies to other properties char-

acterizing food web structure32. We consider two quantities with ecological implications: (i) the

average trophic distance
�

between species 51, which is defined as the typical number of species
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needed to trophically connect two given species; and (ii) the clustering coefficient
� 51, which

quantifies the fraction of species triplets that form fully-connected triangles.

In Fig. 3.11a we compare our numerical results for the average trophic distance
�

for the

niche model with the values calculated for the food webs analyzed. We find that
�

increases

logarithmically with web size for both the model and the data 32. In Figure 3.11b, we show that the

clustering coefficient
�

of the food webs studied decreases to zero as
��� �

with increasing web size
�

, in good agreement with the asymptotic behavior predicted for a random graph 51. Remarkably,

the behavior predicted by the model also holds for the randomization of the empirical data, which

leaves the distributions of number of prey and number of predators unchanged 32. This finding

suggests that the underlying distributions are responsible for the observed behavior. This also

explains why the nested-hierarchy and generalized cascade models, both of which are a sort of

“randomized” niche model, provide similar predictive capabilities 32.

3.6 Concluding remarks

The Canton Creek, Stony Stream, Ythan Estuary, and El Verde Rainforest food webs do not con-

form to the patterns we have reported. The lack of fit to our analytical expressions cannot be

attributed to the fact that the expressions are derived for low values of the connectance � , since all

15 webs studied have � � � � � � .

Concerning the first two, Canton Creek and Stony Stream, we find two aspects which distin-

guish them from the other food webs studied. First, they are remarkably similar, as evidenced by

the Kolmogorov-Smirnov test, which provides
� ���

of
� � � �

� � � � � � � � and
� � � � � under direct com-

parison of their respective distributions of numbers of prey, predators, and links. This is explained

by the fact that the original authors’ stated intention was to compile food webs from habitats that
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were as similar as possible38. Second, these webs are based on data collected solely on one occa-

sion, in contrast with the other cumulative webs, which are based on data collected or accumulated

over time until reaching some state of “completeness.” The data therefore contain rather different

information and meaning relative to the other 13 webs.

With regard to the Ythan Estuary and El Verde Rainforest, questions have been raised con-

cerning the data’s accuracy. It has been pointed out that Ythan Estuary, for example, displays an

over-representation of top bird species27. In the El Verde Rainforest food web, over one third of the

links were not observed in the field but rather are based on interactions involving closely related

species in the forest or accounts of their interactions outside of the forest 45.

In this chapter, we uncover unifying quantitative patterns characterizing the structure of em-

pirical food webs from diverse environments. Specifically, we find that, for the majority of the

most complete empirical food webs, the distributions of the numbers of prey, predators, and links

obey universal scaling functions, where the scaling factor is the linkage density 32. Remarkably,

these scaling functions are consistent with analytical predictions we derived for the niche, nested-

hierarchy, and generalized cascade models. Therefore, our results suggest that these distributions

can be theoretically predicted merely by knowing the food web’s linkage density, a parameter

readily accessible empirically32.

Our results are also of interest for a number of additional reasons. First, the results are in-

sensitive to the precise distribution of niche values. If species are ranked according to body size

or mass, in accord with prevailing theories, a uniform distribution of niche values is not plausi-

ble23,25,26,52. However, provided our second condition is satisfied—that there is an exponentially-

decaying, species-specific probability of preying on a fraction of species with lower niche values—

all that matters is whether the niche values can be ordered. Second, the results of Fig. 3.11—which

also support the scaling hypothesis—indicate that there is very little, if any, compartmentalization
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in communities53, suggesting the possibility that communities are highly interconnected and that

the removal of any species may induce large disturbances 54,55,56,57,58. Third, regularities such as

these are interesting as descriptors of trophic interactions inside communities because they may

enable us to make predictions in the absence of high-quality data, and provide insight into how

ecological communities function and are assembled. Fourth, food webs do not have a scale-free

distribution of numbers of prey, predators, or links.

To conclude, we want to stress that the results of this chapter indicated that fundamental con-

cepts of modern statistical physics such as scaling and universality may be successfully applied

in the study of food webs29,31,32. Indeed, our results are consistent with the underlying hypothesis

of scaling theory, that is, food webs display “universal” patterns in the way trophic relations are

established despite apparently fundamental differences in factors such as the environment (e.g.,

aquatic vs. terrestrial), ecosystem assembly, and past history 32.
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Chapter 4

Local structure and prey selection in model

food webs

In the previous chapters, we demonstrated analytically that food web model yield the same dis-

tributions for the number of prey and number of predators 32, which imply, for example, the same

fractions of top and basal species or the standard deviations of generality and vulnerability, just

as observed numerically28. Remarkably, these distributions are in good agreement with most of

the highest quality empirical food webs in the literature, providing a general pattern of food web

topology29,32.

Our study of these models, however, mainly characterized the global structure of food web

topology. In this chapter, in contrast, we focus on the analysis of the local structure of food webs

through the study of the so-called food web subgraphs or motifs 59,60 (Fig. 4.1). This methodology

has been applied successfully to a number of empirical networks, including biological, technolog-

ical and sociological systems, to uncover the underlying structure at a scale in between the entire

community and single or pair-wise population dynamics 61,62.
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Our approach follows on a rich literature in ecology that attempts to gain insight into the dy-

namics and stability of natural ecosystems in terms of small sub-webs containing species strongly

connected, the so-called ”community modules” 63,64. These models attempt to bridge the gap be-

tween “the baroque complexity of entire communities and the bare bones of single and pair-wise

population dynamics”63. Community modules provide a set of ecologically relevant subgraphs

upon which to perform dynamic studies.

Our perspective is complementary: whereas the latter approach is dynamical and considers

only strong links, we focus on structural properties of the food webs; to do so we consider all

links, and not only the strong ones. Our perspective is thus similar to that followed by Bascompte

& Melián65, though it differs in several aspects, such as the theoretical approach and our systematic

analysis of all three-node motifs59,60.

Motivated by this fact, we investigate here whether there are any robust patterns in the structural

counter-parts to community modules. Specifically, we consider � -species “food-web” motifs 59,60,

which consist of the complete set of unique connected subgraphs containing � species 61. We focus

on the case � � � , for which there are 13 distinct motifs (Fig. 4.1). For comparison, there are 199

and 9364 distinct motifs for � � �
and � � �

, respectively. Notably our investigation includes

subgraphs less explored previously in dynamic studies. As a consequence our results could provide

new templates upon which to conduct future dynamic microcosm, mesocosm, and field studies.

Past studies of network motifs have uncovered relevant subgraphs within a variety of empirical

networks61,62, be they biological, technological, and social, or model networks 66,67,68. Studies have

also investigated a subset of motifs in food webs 61,65,69. However, none of these investigations has

been able to mechanistically predict a complete pattern of motif over- and under-representation,

analytically or otherwise. Thus, the approach we follow here is a clear departure from what has

been done before.
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4.1 Food-web motifs

When neglecting cannibalism, i.e., self links, there are two possible motifs comprising a pair of

species: (i) single links, � � � , and (ii) double links, ��� � . For triplets of species, there are

13 possible distinct motifs when neglecting cannibalism (Fig. 4.1). We label these three-species

motifs S1–S5 and D1–D8, where the “S” denotes that the motif includes only single links and the

“D” denotes that the motif includes at least one double link.

We study the statistics of motifs in model-generated food webs in order to check if the two

basic ingredients for food web construction specified above can satisfactorily describe not only the

global properties of empirical food webs, such as the distributions of number of prey, but also its

local structure59,60. Because it allows for analytical treatment, we will focus first on the generalized

cascade model, the simplest model obeying those ingredients 60. Specifically, we study analytically

and numerically the motif probabilities for the generalized cascade model and find agreement

between the analytical expressions and the empirical results. We conclude that the model is able

to capture the basic properties of the local structure of food webs. Therefore, simple static models

as the generalized cascade provide a good unifying description of food web structure both at the

global and local levels.

4.2 Testing the significance of a particular motif

To test the significance of the appearance of a particular motif in a network, the number of ap-

pearances � ����� � of a motif in the real network is compared to its appearances in an ensemble of

randomized networks61. This comparison yields the � -score

� ��� � ����� � �	� � �
� � �������������
�

(4.1)
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Figure 4.1: Food-web motifs. When neglecting cannibalism, there are 13 unique food-web motifs
composed of three species61. To simplify our analysis and presentation, we separate the 13 motifs
into two groups: a, motifs S1–S5 which only include single links and b, motifs D1–D8 which
include double links (mutual predation). c, A simple food web. d, If we search the food web in
c for food-web motifs, we find two instances of motif S1 and one instance of motif S2. Note that
enumeration of food-web motifs counts separately all connected species triplets and that many of
these subgraphs have a clear ecological relevance, as related to some community modules. For
example, motif S1 describes the simple food chain, S2 simple omnivorism, S3 a trophic loop
involving three species, S4 isolated exploitative competition, and S5 isolated generalist predation.

where
� � � � � � � and  ������� � are the average and standard deviation of the random ensemble respec-

tively. The � -score of motif
�

thus measures the significance of deviations of the network from the

null hypothesis. We represent the set of � -scores for three-species motifs as a vector
� ��� � ��� ,

which has one component each for the motifs S1–S5 and D1–D8. Williams & Martinez 27 used the
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� -score as an important means to validate the niche model, as did Cattin et al. 28 in their validation

of the nested-hierarchy model. It is important to note that use of the � -score implicitly assumes the

underlying values are normally distributed. We have verified that this assumption is valid for the

distribution of � � � � � .
The profile of � -scores indicates whether particular motifs are over- or under-represented rela-

tive to the null hypothesis provided by randomized networks. A key point to emphasize is that these

are relative descriptors for the appearances of a given motif. Therefore, over-representation implies

that a motif appears more frequently than in the randomized network, while under-representation

implies less frequent occurrence. Under-representation rarely implies absence, particularly in

larger networks.

4.3 Generating an ensemble of random networks

For the purpose of generating the ensemble of random networks, one must specify the constraints

to be fulfilled while randomizing the network 66,70. These constraints correspond in practice to

specifying the correct null hypothesis. In our analysis of the motifs, we conserve the following

attributes for every species during the randomizations: (i) number of prey, (ii) number of predators,

(iii) number of single links, � � � , (iv) number of double links, �	� � , and (v) whether or not a

species is a cannibal. This preserves the overall distributions of each of these properties, numbers

of prey and predators, single links, double links, and cannibal links. This process guarantees that

all subsequent results are due to other network properties 61,66,70. It is clear that this randomization

scheme maintains that the same species as cannibals before and after. Because of this fact, and the

fact that the appearance of cannibalism in food webs is consistent with the random hypothesis 27,32,

we neglect cannibalism in our investigation of prey selection mechanisms.
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It is important for the randomization process to preserve the distributions of lower-order motifs

when considering motifs of a specified size to maintain consistency and validity between results

at different levels61. Therefore, when examining motifs of size � one must preserve motifs of size

�
� �

. This is why we preserve the distributions of single and double links in the examination of

three-species motifs.

To randomize a network while conserving all of these properties, we use the Markov-chain

Monte Carlo switching algorithm70 and treat single, double, and cannibal links separately. For

example, two single links � � � and � � � can become � � � and � � � , provided both

� � � and � � � do not already exist in the network and they do not form new double links.

Similarly, two double links � � � and � � � can become � � � and � � � , provided both

� �
� and � � � are unconnected by a link in any direction.

4.4 Prey selection in food web models

Let us examine further the implications of our two conditions which explain global food web

structure. The first condition was first proposed in the cascade model of Cohen and Newman 10.

They hypothesized that intermediate species and top predators in an ecosystem can be ranked, i.e.,

assigned an ordered set of “niche values”. Remarkably, a single factor—species’ mass—is thought

to provide an excellent proxy for niche value 23,25,52,71,72. �

The latter condition, again, is shared by the three models; however, the manner in which prey

are selected is distinctly different in each. In the generalized cascade model 32—and, approxi-

mately, in the nested-hierarchy model 28—predators select their prey at random from species with
�
This idea can be generalized to include basal species by setting their niche value to zero thereby placing them at

the bottom of the trophic hierarchy.



58

species
mass mass

species
mass

species b mass
species eda

c f

I

L

K

J

I

F

E

D

C

B

A

L

K

J

F

E

D

C

B

A

B C C

J
K

E
D F

FE
D

B

Figure 4.2: Two possible mechanisms for prey selection. Top and intermediate species can be
assigned to trophic niches according to some “niche value”. This value is typically thought to be
species’ mass as predators predominantly prey on other species with mass less-than or equal-to
their own. We represent predators as blue circles and prey as yellow circles. a and b, The predator
preys upon species within a contiguous range, represented by the solid bar, as in the niche model.
c, Network representation of the corresponding food web. Under this prey selection mechanism,
if two species appear in a double link and consume each other, they must be close together on the
niche axis. In addition, their contiguous range of prey will overlap, making it likely that they have
common prey. Similarly, two species which are close together on the niche axis are very likely to
share predators because of the contiguous range. d and e, The predator consumes prey with lower
or equal niche value at random, as in the generalized cascade model. f, Network representation
of the corresponding food web. Because of the random prey selection mechanism, there is a
substantially weaker relationship between the location of the two predators on the niche and the
likelihood that they share predators and prey.
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niche values less than or equal to their own, i.e., species of smaller or equivalent mass (Fig. 4.2). In

the niche model27, in contrast, predators consume prey falling within a contiguous range of niche

values (Fig. 4.2). Using mass as a proxy, the generalized cascade and nested-hierarchy models

implicitly assume that predators are indifferent to the size of their prey, provided only that they are

of smaller or equivalent mass; the niche model implicitly assumes that selection pressures force

predators to most efficiently prey upon species whose mass is close to a “characteristic value”.

4.5 Motifs related to niche ordering

Before we consider how these prey selection mechanisms would translate into food-web motifs,

let us attempt to predict the motif expression using only the ranking induced by species’ mass. We

would find it unsurprising to observe over-representation of motif S1, as this motif is the simple

food chain73 (Fig. 4.1). Likewise, we would expect to find over-representation of motif S2 since

it represents omnivory44—a predator consuming species from two different, but lower, trophic

levels—and thus continues to uphold the mass ordering within the food web (Fig. 4.1). In contrast,

we would expect under-representation of motif S3, again on a basis of species having ordered

niche values (Fig. 4.1). Motif S3 is a clear example of species “violating” the presumed ordering

by consuming a species of greater mass.

4.6 Motifs in the generalized cascade model

Because of its simplicity, the generalized cascade model can be treated analytically to determine

the expected over- and under-representation of food-web motifs 60. Since predators in the general-

ized cascade model cannot feed on species having a larger niche value, no trophic loops of any size
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Table 4.1: We show the number of single, � � � , double, � � � , and cannibal � � � links in
each empirical food web. Here an arrow goes from predator to prey.

Food web � � Single Double Cannibal Reference
links links links

Benguela 29 203 186 5 7 Yodzis 41

Bridge Brook Lake 25 106 102 1 3 Havens 18

Canton Creek 102 697 696 0 1 Townsend et al. 38

Caribbean Reef 50 556 471 32 21 Opitz 42

Chesapeake Bay 31 68 67 0 1 Baird & Ulanowicz 34

Coachella Valley 29 262 199 22 19 Polis 44

El Verde Rainforest 155 1509 1369 69 2 Waide & Reagan 45

Grassland 61 97 97 0 0 Martinez et al. 11

Little Rock Lake 92 997 936 24 13 Martinez 39

Northeast US Shelf 79 1400 1363 7 25 Link 43

Scotch Broom 85 223 219 0 4 Hawkins et al. 46

Skipwith Pond 25 197 181 4 8 Warren 40

St. Marks Seagrass 48 221 218 0 3 Christian & Luczkovich 35

St. Martin Island 42 205 205 0 0 Goldwasser & Roughgarden 47

Stony Stream 109 829 827 0 2 Townsend et al. 38

Ythan Estuary (1) 83 395 389 1 4 Hall & Raffaelli 36

Ythan Estuary (2) 174 579 573 1 4 Hall & Raffaelli 37

can exist. As a consequence there is no mutual predation and none of the eight unique motifs which

contain double links will be observed in the generalized cascade model. Therefore our analytical

derivations focuses on the five motifs S1–S5 (Fig. 4.1), while the analysis of the motifs contain-

ing double links will be dealt with later60. The present analysis is nonetheless meaningful since

single connections account for the vast majority of the links in empirical food webs (Table 4.1).

Notice that these motifs have a clear ecological relevance and are additionally related to some

proposed community modules; in particular, motif S1 describes the simple food chain, motif S2

simple omnivorism, motif S3 a trophic loop involving three species, motif S4 isolated exploitative

competition, and motif S5 isolated generalist predation 60.
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The probability � � of observing motif
�

is related to the number of appearances of the motif � �
by

� � � � �
� � � � � ��� � � � � � �

�
(4.2)

where the denominator is the total number of possible triplets of species. We choose the probability

� , instead of the number of appearances � because, as we will later demonstrate, the probability

is not a function of
�

, and instead depends on a single variable, the directed connectance � . This

property is a very interesting one because it allows a unified description of food webs of different

size.

Recall that no trophic loops are possible within the generalized cascade model. Motif S3 is

therefore forbidden and

� � G � � � (4.3)

We next derive expressions for the remaining motifs, S1, S2, S4, and S5. The probability for a

given motif to appear is equivalent to the probability for three arbitrary species to be connected in

the specified fashion. Let us now consider three arbitrary species, � , � , and � , with ��� � ��� �
� � . We call � � the probability of species

�
consuming each species with lower niche values. It then

follows that

� � � � � � ` � � ��� ��� � ��� � �� ���	� �
(4.4)

� � � � � � �� ��� � �
(4.5)

and

� � [ � � � �� � � � � �� ��� � �
(4.6)
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where
� � � � � indicates the average over the probability distribution � � � � . In addition, because � �

and ��� are independent random variables, Eqs. (4.4)–(4.6) can be rewritten as

� � � � � � ` � � � � � � � � � � � � � �
(4.7)

� � � � � � � � � � � �
(4.8)

and

� � [ � � � � � � � � � � � � � � (4.9)

These expressions are valid for arbitrary distributions � � � � . Substituting Eq. (2.1), the beta-

distribution, they become

� � � � � � ` � � � �
� � � �� � � �

�
(4.10)

� � � �
�

� � G� � � �
�

(4.11)

and

� � [ � � � �
� � � �� � � � � (4.12)

In Fig. 4.3, we compare the analytical predictions, Eqs. (4.10)–(4.12), with simulations of the

generalized cascade model. It becomes visually apparent that the expressions we derived compare

quite well with the model-generated data60. Notice that the probabilities � only depend on the

connectance � .

4.7 Motifs in randomizations of the generalized cascade model

As a second test of the generalized cascade model, we analyze which motifs are typically over- or

under-represented as compared to the corresponding randomized networks 61,62. The randomized

networks are obtained by preserving the number of prey
� � and of predators � � of each species

�
as
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Figure 4.3: Comparison between analytical expressions, Eqs. (4.10)–(4.12), and simulations of
the generalized cascade model for motifs S1, S2, S4, and S5. We exclude motif S3 because, by
definition, �

� G � �
. It is visually apparent that the analytical predictions agree with the model-

generated data. Filled circles are for food webs with
� � � �

and open squares for food webs with� � � � � . Each data point represents an average over
� � � �

model-generated food webs.

in the generalized cascade model, but rewiring their trophic links randomly using the Markov-chain

Monte Carlo switching algorithm70,74.

By virtue of the randomization, a species in the randomized network may feed on a species with

a higher niche value than itself, a possibility that is excluded in the model. However, because of the

formulation of the Markov-chain Monte Carlo switching algorithm, no double links are produced

in the randomization and the resulting networks only contain motifs S1–S5 70,74. Notice however

that, by construction, the distributions of number of prey or of number of predators are the same as

in the original network. Then, one must not confuse these randomized networks with completely

random networks, whose distributions are different from the original ones.

Note that, since randomized food webs possess the same degree distributions as the original

ones, the occurrence of patterns of over- and under-representation of motifs in empirical food webs

would require an explanation. One can think of two principle arguments for their existence: either

they are a consequence of the mechanism generating the network 66, or they provide some ecolog-

ical advantage and have arisen as a result of selection pressure. Here we show that the generalized
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Figure 4.4: Comparison between analytical expressions, Eqs. (4.29)–(4.33), and randomizations
of the generalized cascade model for motifs S1–S5. It is visually apparent that the analytical
predictions compare well to the model-generated data. Filled circles are for food webs with

� � � �
and open squares for food webs with

� � � � � . Each data point represents an average over
� � � �

model-generated food webs.

cascade model yields well-defined patterns of over- and under-representation of motifs 60. If these

predictions compare well with empirical food webs, one might conclude that no need of the second

hypothesis is required and all patterns arise as the result of the food web generating mechanisms 60.

Let us now calculate the motif probabilities for the randomizations of the generalized cascade

model60. Itzkovitz et al.75 derived general expressions for the average number of appearances � �
of motifs in randomized networks75. The fraction of motifs � �� � ��� is obtained dividing � � by the

total number of possible triplets of species,
������� � � � ����� � � � � � � . For motifs S1–S5, these can

be cast as

��� �� � �	� � � � � �
� �� � �	� � � ��� G� � �	� � (4.13)

��� `� � �	� � � ` � �
� �� � �	� � (4.14)

��� [� � �	� � � [ � �
� �� � �	� � (4.15)

with

� � �
�
��� � � � � � � �

(4.16)

� ` �
�

� ��� � � � � � � � � � � �
(4.17)
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� [ �
�

� ��� � � � � � � � � � � �
(4.18)

� � �� � ��� �
�

� G ��� � � � � � � � ��� � � � � � � � � � � � � � � ��� � �
(4.19)

�
� G� � ��� �
�

� � G ��� � � � � � � G � (4.20)

where �
� � � �

is the average connectivity,
� � and � � denote the number of prey and number of

predators of species
�
, respectively, and � � � � � is the average over all species in the randomized

network. Since these networks have the same distributions of in- and out-links as the original

networks, these averages can be calculated directly from the latter ones.

From Eqs. (4.16)–(4.20), � � �� � ��� and � � G� � ��� can be rewritten as

� � �� � ��� �
� � ��
� G � G

� � � ` � [ � (4.21)

�
� G� � ��� �
� ��

� � G � G
� G � � (4.22)

Therefore, � �� � ��� can be evaluated if one knows � � � � ` and � [ . In order to calculate these quantities,

let us note that they have a direct interpretation. (i) � � � � �� � � � � � � is the number of configura-

tions where species A eats B, and B eats C, independently if there is a trophic connection between

species A and C (i.e. it is like a generalization of motif S1); therefore, � � � � � � ���
is just the

probability for this configuration, namely � � ����� � � � � � � , since ��� and ��� are independent

random variables. (ii) � � � � �� � � � � � � � � � � is the number of configurations where species A

feeds on C and species B feeds on C, independently if A and B are connected (i.e. like a gener-

alization of motif S4); then, � ` is the probability � ������� � � � � � � . (iii) Similarly, � [ is the

probability of A eating species B and C, independently of the eventual connection of B and C,

namely � � �� � � � � � � .

By replacing these results in Eqs. (4.13)–(4.22), one finds

� � �� � � � � � � � � � � � � ` � � � �
� � G

� � � � ^
� � � G

�
(4.23)
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� � �� � � � � � � � ` � � � �
� � G

�
(4.24)

� � G� � � � � � � � ^� �
� � G

�
(4.25)

� � `� � � � � � � � � � � � �
�

� � � � �
(4.26)

� � [� � � � � � � � � � � � � � �
�

� � (4.27)

Finally, the beta-function, Eq. (2.1) yields

� � � � � � �

� � � � � � � �� � � � � (4.28)

The substitution of these expressions into Eqs. (4.23)–(4.27) gives the calculate the probabilities

for the three-species motifs in the randomizations of the generalized cascade model, yielding

� � �� � � � � � � �
� � � � �

� � � � �� � � �
�

(4.29)

� � �� � � � �
���
�
�

� G� � � �
�

(4.30)

� � G� � � � �
�

�
� � �

G � (4.31)

� � `� � � � � � � �
� � ��� � � �� � � �

�
(4.32)

and

� � [�
� � � � � � �
� � �

� � � �� � � � � (4.33)

Figure 4.4 compares the analytical predictions for the randomizations, Eqs. (4.29)–(4.33), with

simulations of the generalized cascade model finding good agreement 60. The small discrepancies

observed have their origin in that some of the expressions derived in 75 are approximate, whereas

our expressions for � are exact.
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Figure 4.5: Comparison between analytical expressions for � � � � � � � and simulations of the gen-
eralized cascade model for motifs S1–S5. The model predicts over-representation of motifs S1
and S2 and under-representation of motifs S3, S4, and S5. The analytical predictions compare
well with the model-generated data, though they generally overestimate the differences due to the
approximate character of the expressions used to evaluate � � � � . Filled circles are food webs with� � � �

and open squares food webs with
� � � � � . Each data point represents an average over� � � �

model-generated food webs.

4.8 Over- and under-representation of motifs in the general-

ized cascade model

Finally, we obtain the differences by subtracting the probability of motifs appearing in the model,

Eqs. (4.10)–(4.12), and in their randomizations Eqs. (4.29)–(4.33). Table 4.2 summarizes these

results60. We show comparisons between the expressions for � � � �
� � � and simulations of the

generalized cascade model in Fig. 4.5. Our analytical derivations thus predict that food webs

generated by the generalized cascade model have over-expression of motifs S1 (a food chain)

and S2 (simple omnivorism) and under-representation of motifs S3 (a trophic loop), S4 (isolated

exploitative competition), and S5 (isolated generalist predation) 60. The percentage of under/over-

representation is, however, rather small, generally under the 10%.
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Table 4.2: Analytical expressions for over- and under-representation of motifs S1–S5 in the gen-
eralized cascade model. The second column gives the difference between the probability of each
motif appearing in a generalized cascade model-generated web and in a randomization of a model-
generated web. If this value is greater than zero a motif is over-represented; values less than zero
imply under-representation.

Three-node motif � # � � � � � Representation

S1 G �_ ����87 ��� Over

S2
� ^_

����87 ��� Over

S3 # � ^��� >!G Under

S4 # � ^_
� ��87 ��� Under

S5 # � ^_
� ��87 ��� Under

4.9 Over- and under-representation of motifs in the niche and

nested-hierarchy models

Food webs generated by the generalized cascade model display an over-representation of motifs

S1–S2 and an under-representation of motifs S3–S5 60. Because the niche and nested-hierarchy

models are, in essence, specialized implementations of the generalized cascade model 32, we expect

them to generate similar profiles for motifs S1–S5. Numerical simulations demonstrate that this

is indeed the general case59 (Fig. 4.6). The nested-hierarchy model, however, exhibits a small

tendency to deviate from this pattern for arbitrary combinations of
�

and
� 59.

In Fig. 4.6, we show the results of numerical simulations of the niche and nested-hierarchy

models for motifs S1–S5. Our simulations show that food webs generated by the the niche model

are characterized by over-representation of motifs S1–S2 and under-representation of motifs S3–



69

-5×10
-3

0

1×10
-2

2×10
-2

-1.5×10
-2

-1×10
-2

-5×10
-3

0

N
ic

h
e

m
o

d
el

N
es

te
d

−h
ie

r.
m

o
d

el

0

1×10
-2

2×10
-2

3×10
-2

p 
- 

p ra
nd

0 0.1 0.2 0.3

Directed connectance, C
0

1×10
-2

2×10
-2

3×10
-2

p 
- 

p ra
nd

-3×10
-2

-2×10
-2

-1×10
-2

0

5×10
-3

-3×10
-2

-2×10
-2

-1×10
-2

0

5×10
-3

0 0.1 0.2 0.3

Directed connectance, C
-3×10

-2

-2×10
-2

-1×10
-2

0

5×10
-3

0 0.1 0.2 0.3

Directed connectance, C
-3×10

-2

-2×10
-2

-1×10
-2

0

5×10
-3

0 0.1 0.2 0.3

Directed connectance, C
-1.5×10

-2

-1×10
-2

-5×10
-3

0

0 0.1 0.2 0.3

Directed connectance, C
-5×10

-3

0

1×10
-2

2×10
-2

Motif S2

Motif S3

Motif S1

Motif S1

Motif S5Motif S4

Motif S5Motif S4Motif S3

Motif S2

Figure 4.6: We show the over- and under-representation of motifs S1–S5, � � � � � � � , for simulations
of the niche and nested-hierarchy models in the first and second rows, respectively. We observe
that both models exhibit the same qualitative behavior as each other and as the generalized cascade
model. Filled circles are food webs with

� � � �
and open squares food webs with

� � � � � . Each
data point represents an average over

� � � �
model-generated food webs.

S5, just as we found for the generalized cascade model 59. Our numerical simulations also demon-

strate that food webs generated by the nested-hierarchy model generally feature over-representation

of motifs S1–S2 and under-representation of motifs S3–S5, just as in the generalized cascade and

niche models59.

We were unable to obtain analytical results for motifs D1–D8 beyond the trivial case of the

generalized cascade model which does not generate double links. Nevertheless, we can still gain

insight through heuristic arguments based upon the mechanisms being implemented in the mod-

els59. Let us first assume that predators consume a contiguous range of species, as in the niche

model. Then species with similar niche value are likely to share predators. In addition, for two

species to be connected by a double link, they must have similar niche values. This implies that

their respective ranges of prey are likely to have substantial overlap (Fig. 4.2). These observations

can be trivially translated into predictions of motif representation. Because two species connected
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by a double link are likely to share prey, we predict over-representation of motif D1 and under-

representation of D3. Because two species connected by a double link are likely to share predators,

we predict over-representation of motif D2 and under-representation of motif D4. These two cases

together further enable us to predict under-representation of motif D5.

Additionally, if � � � and � � � , it is necessary for all of � � � �
and � to have similar

niche values. It is then likely that � and � are also connected by a double link and unlikely

they have no connection between them. We therefore predict over-representation of motif D6 and

under-representation of motif D8.

Let us now consider the case in which prey selection among species of smaller or equivalent

mass is random, like in the generalized cascade model, but where some double links are possible.

Since prey are chosen at random, species do not need to have similar niche values to be connected

by a double link, and further, species connected by a double link are no more (or less) likely to

share prey or predators. This is similar to what one expects for the nested-hierarchy model as the

ranking imposed by species mass is indeed relaxed in the implementation 32. For motifs D1–D8,

we then expect little difference between food webs generated by the nested-hierarchy model and

their randomizations, in contrast to the strongly correlated and systematic pattern exhibited by the

niche model.

We show results of simulations of the niche and nested-hierarchy model for motifs D1–D8 in

Fig. 4.7. Our numerical simulations of the niche model clearly support our heuristic arguments,

which predict over-representation of motifs D1, D2, and D6 and under-representation of motifs

D3, D4, D5, and D859. In addition, for motifs D1–D8 in the nested-hierarchy model, we find

very different behavior from that predicted by the niche model. We find very little difference

between food webs generated by the nested-hierarchy model and their randomizations (Fig. 4.7),

as predicted due to the random nature of prey selection in the nested-hierarchy model.
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and open squares are food

webs with
� � � � � . Each data point represents an average over

� � � �
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4.10 Concluding remarks

Our analysis of the generalized cascade, niche, and nested-hierarchy models provided insight into

how the models’ implementations impact the food webs’ local structure 59,60. For motifs S1–S5, the

analytical treatment of the generalized cascade model demonstrated over-representation of motifs

S1–S2 and an under-representation of motifs S3–S5 60. Our numerical simulations of the niche and

nested-hierarchy models were also consistent with these patterns 59.

For motifs D1–D8, however, the mechanism of prey selection produced distinct patterns of

motif over- and under-representation59. We observed that the niche model generates food webs

with a consist and robust motif pattern, including over-representation of motifs D1, D2, and D6 and

under-representation of motifs D3–D5 and D8. The nested-hierarchy model, in contrast, produces

no such conserved pattern. In the next chapter, we will attempt to take advantage of this difference

between the two models to determine whether either, if any, model provides a better comparison

the the motif pattern observed in empirical food webs.
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Chapter 5

Local structure and prey selection in

empirical food webs

As in Ch. 3, we now compare the local structure of empirical food webs with our model-based

predictions59. We observed previously that each of the candidate models—the generalized cas-

cade, niche, and nested-hierarchy models—predict the same general pattern of over- and under-

representation of motifs S1–S560. In contrast, the different prey selection mechanisms produce

qualitatively and quantitatively distinct patterns of over- and under-representation of motifs D1–

D859. We hypothesize examining how the empirical data compares to each of the models will allow

us to identify the mechanisms responsible for the observed food-web structure. Interestingly, we

find that the over- and under-representation of three-species motifs in empirical food webs can be

understood through comparison to a static food-web model, the niche model 59. Our result conclu-

sively demonstrates that predation upon species with some “characteristic” niche-value is the prey

selection mechanism consistent with the local and global structural properties of empirical food

webs59.
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Figure 5.1: Fraction of appearances of subgraphs for empirical food webs (symbols) compared to
the analytical predictions for the generalized cascade model (solid lines). Numerical simulations
for the generalized cascade model with

� � � �
are shown by the dotted line where the error

bars are two standard deviations. It is visually apparent that the generalized cascade model fits
rather well the empirical data for all the motifs. Note that there are no fitting parameters in model
estimates.

5.1 Motifs S1–S5 in empirical food webs and their randomiza-

tions

One interesting observation from Figs. 4.3–4.6 is that the probabilities generated by model food

webs depend on a single variable, the directed connectance � , and very weakly on the size of

the food web. This indicates that our representation of the probabilities versus � can be adequate

to provide a unified description of empirical data, since it allows us to include in the same plot

food webs with different sizes. If empirical food webs behave as model food webs, one expects a

common trend for the probabilities as functions of � despite having different
�

values.

In this section we compute the fraction of appearances for each motif S1–S5 for 17 empiri-

cal food webs60 (Table 3.1). Figures 5.1–5.3 show the results for the empirical food webs, their

randomizations and the differences, and also the comparison with the generalized cascade model.

One observes that the analytical expressions obtained for the generalized cascade model provide a

reasonable agreement with empirical data for � and � � � �	� with no adjustable parameters60.
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Figure 5.2: Fraction of appearances of motifs for randomizations of the empirical food webs (sym-
bols) compared to the analytical predictions for the generalized cascade model (solid line). Nu-
merical simulations for the generalized cascade model with

� � � �
are shown by the dotted line

where the error bars are two standard deviations. It is visually apparent that the generalized cascade
model fits rather well the empirical data for all the motifs. Note that there are no fitting parameters
in model estimates.

5.2 Empirical representation pattern for motifs S1–S5

In the plots for the differences, the data generally appear more noisy. This is due to the fact that

the empirical values for � and � � � � are in general quite similar in magnitude; they commonly

differ by less than 10%, in agreement with the model predictions. The general trend however is

that motifs S1 and S2 are typically over-represented and motifs S3–S5 are under-represented, in

agreement with the qualitative predictions of the model as expressed in Table 4.2. Quantitatively,

the theoretical curves generally overestimate the empirical values, while the numerical simulations

of the model provide reasonable estimates 60.

There exists, however, more noise in the empirical data than exhibited by the model, in par-

ticular for motif S2. To explore this issue further, let us note that it is the same two food webs

which seem to deviate from the general trend in the plots of Fig. 5.3: they are Bridge Brook (with

� � � � ��� ) and Skipwith Pond ( � � � ��� � ). Why exactly those two food webs behave differently

from the others is interesting but unclear. We can note that they are the smallest food webs of the

ones studied, each with 25 trophic species (see Table 4.1). Although statistical fluctuations grow
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Figure 5.3: Differences between actual appearances of subgraphs and the corresponding random-
ized food webs for 17 empirical food webs (symbols) as compared to the analytical predictions
for the generalized cascade model (solid line). Numerical simulations for the generalized cascade
model with

� � � �
are shown by the dotted line, where the error bars are two standard deviations.

Motifs S1 and S2 are typically over-represented and motifs S3–S5 are under-represented, in agree-
ment with the qualitative predictions of the model. The two noticeable deviations correspond to
Bridge Brook ( � � � � ��� ) and Skipwith Pond ( � � � ��� � ). Quantitatively, the analytical curves
generally overestimate the differences at larger values of � for both the empirical values and the
numerical simulations of the generalized cascade model.

with decreasing size, they do not seem enough to explain this behavior. Note, on the other hand,

that they match rather well with the predictions for � and � � � � separately (Figs. 5.1–5.2).

In summary, the behavior of the two models indicates that the behavior observed in the em-

pirical data is not a trivial one: not any model would yield a similar behavior for the quantities

analyzed. Furthermore, we observe remarkable agreement between the local structure in the gen-

eralized cascade model and the empirical data 60.

The predictions of the generalized cascade model for the appearances of motifs S1–S5 provide

good comparison to the empirical results 60. This generalized cascade model was recently shown

to fit empirical data for a number of global quantities, including the distributions of the number

of prey and predators. Here we show that it also describes the local structure of empirical food

webs60. This suggests that many features of food web structure could be explained by considering

the two principle ingredients inside the model, namely (i) the species’ niche values form a totally

ordered set, and (ii) each species has a specific exponentially decaying probability of preying on



77

a given fraction of the species with lower niche values. These could then be considered as basic

mechanisms actually shaping food webs 60.

Empirical and model food webs predict over-representation of motifs S1 and S2, and under-

representation of motifs S3–S5. Empirical data are rather noisy, and the representation of motif

S2 predicted by the generalized cascade model is unclear in the empirical data. This is also the

result found by Bascompte & Melián65, who also analyzed the over- and under-representation of a

number of ecologically relevant subgraphs, among them, our motifs S1 (food chain) and S2 (simple

omnivory). Our methodology, however, differs from theirs in several aspects. On the one hand,

we consider trophic species instead of taxonomic ones; on the second hand, we count subgraphs

only once (for instance, we do not count the food chains included in motif S2 in the evaluation

of S1). Despite the different analysis, we still do not find an unambiguous over-representation

of omnivorism, in contrast to what one may expect according to its stabilizing role in trophic

interactions76.

Finally note that, from the quantitative point of view, the percentage of over- and under-

representation of motifs is generally small, usually less than a 10%; curiously, this is also the

order of magnitude predicted by the generalized cascade model. This high similarity between the

number of motifs in empirical food webs and in their randomizations, indicates that there may be

no overwhelming evolutionary trend toward over- and under-representation of any motif, and that

the small differences observed are more likely a consequence of the mechanisms generating the

food web60.
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5.3 Comparing empirical and model-generated motif profiles

Because we do not have analytical predictions for motifs D1–D8, we must follow a different pro-

tocol to compare the complete motif profile between model-generated and empirical food webs 59.

To do so, we first generate a model food web with the same number of species
�

and directed con-

nectance � � � � � �
as the empirical food web, where

�
is the number of trophic links within the

food web. The implementation of the niche model 27, nested-hierarchy model28, and generalized

cascade model32 is followed as earlier detailed. It is interesting to note that all three models require

no free parameters as the only required inputs are the number of species
�

and number of links
�

,

both of which are obtained directly from the empirical data.

We then compute the � -scores of the model-generated food web. To measure how well the

model compares to the empirical data, we calculate two quantities: the uncentered correlation

coefficient � and ratio
�

between the empirical and model-generated data 59. For each empirical

food web this process is repeated at least 250 times per model.

The uncentered correlation coefficient � between the � -score vectors
�
� and

���
of two food

webs � and
�
, respectively, is defined as

� �
��

 � �

��
� ��� 

 
 � ��	�


����
�
� � 


 
 � ���

� �

(5.1)

where

 
 � �� � � ����
��

 � � � � ��� 
 � � � (5.2)

� specifies the food web, and 	 is an index over motifs. From the mathematical viewpoint, the

uncentered correlation coefficient is the scalar product of the unit vectors in the directions of
�
� and

���
and thus is equal to the cosine of the angle between the two data vectors in an � -dimensional

space.
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Since the vector
�

describes the shape of over- and under-representation of motifs in a food

web (Fig. 5.4), a value of � close to
�

indicates that the two food webs have similar directions, i.e.,

very similar profiles; a value of � close to
�

indicates little similarity, and close to
� �

indicates

the two behave oppositely (i.e., the motifs under-represented in one food web are typically over-

represented in the other and vice versa). Therefore, two similarly characterized food webs will

have � values close to
�

upon comparing their respective � -scores. We would observe the same

upon comparing an empirical food web and a model food web which exhibit similar behaviors.

The uncentered correlation coefficient compares the directions of the � -score vectors, but ig-

nores their magnitudes. In order to fully evaluate the similarity of two profiles, we must consider

the similarity of the magnitudes as well. To this end, we introduce the ratio
�

of norms of the

� -score vectors
�
� and

���
of two food webs � and

�
, respectively, defined as

� ���
�
� �
�
���
�
�

(5.3)

where

�
�
� � � ����

��

 � � � � ��� 
 � � � (5.4)

� specifies the food web, and 	 is an index over motifs. The ratio
�

provides a measure of the

relative length of the two � -score vectors in an � -dimensional space. This ratio is a measure of

how similar two food webs are in the magnitudes of their motif over- and under-representation.

Unlike previous studies which focused upon
�

-values, e.g. Milo et al. 61 and Bascompte &

Melián65, we choose to compare the empirical and model motif patterns using our two metrics �
and

�
for the following reasons. Earlier studies were concerned with individual motifs with respect

to some null hypothesis model. By utilizing our two metrics � and
�
, in contrast, our investigation is

able to quantify the representation of the complete pattern of motifs simultaneously. This is because

a comparison between, for example, a model and empirical food web, can only be considered in
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good agreement if both � and
�

give favorable results.
�

-values, in contrast, could be significant if

the measure has a broad distribution and so thus little indication of a lack of strong agreement.

5.4 Empirical representation pattern for all motifs

In order to test our model-based predictions, we study sixteen empirical food webs from a variety of

environments59: three estuarine—Chesapeake Bay34, St. Marks35, and Ythan36; five freshwater—

Bridge Brook Lake18, Canton Creek38, Little Rock Lake39, Skipwith Pond40, and Stony Stream38;

three marine—Benguela41, Caribbean Reef42, and Northeast US Shelf43; and five terrestrial—

Coachella Valley44, El Verde Rainforest45, Grassland11, Scotch Broom � 46, and St. Martin47 (Ta-

ble 3.1). We present the profiles of over- and under-representation for the sixteen empirical food

webs studied in Fig. 5.4.

We first consider motifs S1–S559. We find under-representation of motif S3 is common among

all sixteen webs and over-representation of motif S1 for all but three webs. These three food webs,

Chesapeake Bay, Scotch Broom, and Grassland, have the lowest linkage density
� � �

of the sixteen

webs, where
�

is the number of trophic species in the food web and
�

is the number of trophic

interactions between these species. It has been shown previously that many properties of the niche

model exhibit greater variance at low size, linkage density, and/or directed connectance 32. Many of

these properties represent averages across the food web; therefore, the smaller these three attributes

the more sensitive the calculations are to fluctuations within the data.

For the remaining motifs, S2, S4, and S5, we gain additional insight upon comparison to our

analytical predictions for the generalized cascade model. Using this basis, we can separate the

food webs in two groups59: the ten food webs which exhibit over-representation of motif S2 and
�
Note that Scotch Broom is a source web. 46
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Figure 5.4: Three-species motif over- and under-representation. To facilitate visual comparison
between food webs of different sizes and linkage densities, we plot the normalized profile � � �

� � ��� � 
 �
�
 , which is the vector of � -scores normalized to length

� 62. The normalization aids in
graphical comparison because larger and more densely connected networks tend to exhibit stronger
patterns of over- and under-representation; the converse is also true for smaller and less densely
connected networks62. a, Normalized profiles of the 10 empirical food webs characterized by over-
representation of motif S2 and under-representation of motifs S4 and S5. b, Normalized profiles
of the six food webs characterized by under-representation of motif S2 and over-representation of
motifs S4 and S5. The bars represent predictions of the generalized cascade and niche models for
over- ( � � �

) or under-representation ( � � �
) of the individual motifs. The black bars represent

the predictions of both the generalized cascade and niche models while the grey bars represent the
predictions of only the niche model. The empirical webs in a are correctly predicted by the niche
model, while those in c do not match the predictions for motifs S2, S4, and S5. Nevertheless, all
food webs with double links, except the El Verde Rainforest, follow the pattern predicted by the
niche model for motifs D1–D8.
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under-representation of motifs S4–S5, just as in the generalized cascade and niche models, and

six remaining food webs which exhibit under-representation of motif S2 and over-representation

of motifs S4–S5, opposite the generalized cascade model’s predictions. Notably, we find over-

representation of S2 and under-representation of S5. Under our null hypothesis, we thus demon-

strate that omnivory is much more common relative to other motifs and more than one would ex-

pect to find by chance alone, answering definitively a question posed by Pimm 77. The larger group

includes Benguela, Chesapeake Bay, Coachella Valley, Grassland, Little Rock Lake, Caribbean

Reef, Northeast US Shelf, Scotch Broom, St. Marks Seagrass, and St. Martin Island.

The differences we find for motifs S2, S4, and S5 in Bridge Brook Lake, Canton Creek, El

Verde Rainforest, Skipwith Pond, Stony Stream, and Ythan Estuary are very intriguing. Canton

Creek and Stony Stream are, for example, time-specific rather than community food webs 38 and

therefore we would expect that they may not be directly comparable to the other food webs consid-

ered here. It would be interesting to explore further the ecological or environmental reasons why

these two food webs exhibit over-representation of isolated exploitative competition and isolated

generalist predation. It is additionally intriguing to note that these are the only food webs for which

the nested-hierarchy model has better predictive power than the niche model, due precisely to the

deviations for motifs S2, S4, and S5.

Next, we consider motifs D1–D859. Remarkably, we find the same pattern of over- and under-

representation for all food webs with double links except El Verde Rainforest (Fig. 5.4). This

pattern includes over-representation of motifs D1, D2, and D6 and under-representation of motifs

D3–D5 and D8. Significantly, this is the exact pattern we predict when assuming that predators

consume a contiguous range of prey, as in the niche model. We emphasize here that a double

link is truly mutual predation, for example Hake � squid or sharks � seals in Benguela 41. and that

in food webs, particularly aquatic systems, different trophic species are traditionally defined for
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juveniles and adults of a single taxonomic species when dietary differences are present; see, for

example, Warren40.

5.5 Robustness of the empirical patterns

We can quantify the robustness of these patterns by calculating the uncentered correlation coeffi-

cient between the � -score profiles from the 16 empirical food webs 59 (Fig. 5.5). When we consider

just motifs S1–S5, as in Fig. 5.5a, it is visually apparent that the six food webs exhibit different

properties from the rest. Likewise, upon examining Fig. 5.5b which considers motifs D1–D8, it

is apparent how similar all of the food webs with double links, except El Verde Rainforest, are to

each other.

We now examine quantitatively the hypothesis that the contiguous range of prey is responsi-

ble for the pattern of over- and under-representation observed in empirical food webs 59. We also

examine the models’ ability to reproduce these patterns, beyond the analytical and heuristic argu-

ments59. To do this, we compare each empirical food web to simulations of the niche, generalized

cascade, and nested-hierarchy models. Each of these models have been shown to accurately repro-

duce other key properties of empirical food webs 27,28,32; however, never to this level of structural

detail.

To quantify the relationship between the model and empirical food webs, we determine the

fraction of the model-generated food webs with uncentered correlation coefficient
� � � � � � � � � � ,

that is, the fraction of model food webs well aligned with the empirical results by computing the

average norm-ratio
� � � , that is, whether the model food webs typically have norm comparable with

the empirical food webs.
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Figure 5.5: Uncentered correlation coefficient between pairs of empirical food webs for a motifs
S1–S5 and b motifs D1–D8. The uncentered correlation coefficient � measures the degree of simi-
larity between two food webs: a value of � close to

�
indicates high similarity, close to

�
indicates

little similarity, and close to
� �

indicates the two behave oppositely. It is visually apparent in
a that the last six food webs exhibit different patterns for motifs S1–S5 than the other ten food
webs. c and d, We show here the fraction of model-generated food webs with uncentered correla-
tion coefficient � � � � � � when compared to the empirical food webs for the niche (solid circles)
and nested-hierarchy (open diamonds) models. When examining the uncentered correlation coeffi-
cient, the two models reproduce the empirical profile of over- and under-representation for motifs
S1–S5 with similar success (c), with the niche model typically performing only slightly better than
the nested-hierarchy model. For motifs D1–D8 (d), however, only the niche model successfully
reproduces the empirical patterns, significantly outperforming the nested-hierarchy model.
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Figure 5.6: Probability density for the uncentered correlation coefficient between each of the em-
pirical food webs and model-generated food webs for motifs S1–S5 for the a, generalized cascade,
b, niche, and c, nested-hierarchy. It is visually apparent that all models generally show high posi-
tive correlation with the empirical food webs. This result is expected since all models predict the
same general over- and under-representation pattern for motifs S1–S5.

We show in Figs. 5.6 and 5.7 the probability densities of uncentered correlation coefficients

between � -score profiles of empirical food webs and model-generated food webs with the same
�

and � . In Figs. 5.5 and 5.6, we observe that the generalized cascade, niche, and nested-hierarchy

models exhibit high positive correlations with the empirical data for motifs S1–S5, as expected

from earlier results59. The differences between the models, however, becomes clear upon exam-

ining Figs. 5.5 and 5.7. Here we see that the niche model is very strongly correlated with the

empirical data59. The nested-hierarchy model, instead shows a very broad distribution of corre-

lation values. Even though the nested-hierarchy model still typically generates model food webs

which are positively correlated to the empirical data, the performance is much worse than for the

niche model59.

In our comparisons, we find again that the niche model and its underlying mechanism repro-

duce the empirically observed � -score profiles remarkably well 59. With regard to motifs S1–S5
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Figure 5.7: Probability density for the uncentered correlation coefficient between the empirical
food webs with double links and model-generated food webs for motifs D1–D8 for the a, niche
and b, nested-hierarchy models. It is visually apparent that the niche model exhibits high positive
correlation with the empirical food webs, while the nested-hierarchy and random cascade models
exhibit very broad distributions of uncentered correlation coefficient values. The niche model,
unlike the other models, both qualitatively and quantitatively reproduce the empirically observed
pattern of over- and under-representation for motifs D1–D8.

both the niche and generalized cascade models perform almost equally as well in their comparison

with the empirical food webs whereas the nested-hierarchy model performs slightly worse 59.

With respect to motifs D1–D8, however, it is clear that the niche model, and its underlying

mechanism, reproduce the empirically observed � -score profile with remarkable accuracy 59. The

niche model is highly successful for the food webs which have double links, while the nested-

hierarchy model, in contrast, is at best only marginally successful 59.

5.6 Bayes’ rule to quantify robustness of empirical mechanism

of prey selection

We can use the results of Figs. 5.5 and 5.7 in Bayesian model selection analysis, to further dis-

criminate between the two models of interest, the niche model and the nested-hierarchy model 59.
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We take the fraction of model-generated food webs with uncentered correlation coefficient sat-

isfying an empirically observed event � as a measure of success of a given model � , where

� � � � � � � � � � � � � � . Mathematically, Bayes’ rule states� � � �
� � �

� � �
� �

� � � � �
� � � ��� � � � �

� �
� � � � � �

(5.5)

where
� � � �

� �
is the posterior probability of selecting a model � given an observed event

�
,� � �

� �
�

is the probability of observing the event given a particular model, and
� � � �

is the

prior probability of selecting a model. Assuming no prior knowledge to differentiate between the

two models, we select
� � � � � � � � . Because we have multiple food webs, we can perform this

analysis iteratively to generate a posterior probability of selecting a model given all of the data.

Using this process we find that, using the uncentered correlation coefficient as a basis, we would

always select the niche model over the nested-hierarchy model because the posterior probability

of the niche model is about 10
^

times larger than that of the nested-hierarchy model 59 (Table 5.6).

The ratio of these two posterior probabilities will remain the same even if other candidate models

are added to consideration, as long as the two corresponding prior probabilities are equal.

Our results thus demonstrate that network motifs are a robust feature of empirical food webs

and that their presence can be explained by predators consuming a contiguous range of prey 59.

There is, of course, the possibility that other models could likewise offer similar predictions with

regard to motifs. In fact, while the niche model is able to explain the overall pattern of motif over-

and under-representation, it fails to accurately capture the magnitude, as measured by
�
. This

implies that some additional ingredient or understanding is missing.
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Table 5.1: Bayesian model selection using the fraction of model-generated food webs with un-
centered correlation coefficient satisfying an empirically observed event � � ��� � � � � � � � � � �
for motifs D1–D8 as the measure of model success. It is clear that with this measure one would
essentially always select the niche model.

Food web
� ��� ����� � � � � � ��� ���
	 ��� � � �

Benguela 0.883 0.117
Bridge Brook Lake 0.747 0.253
Caribbean Reef 0.834 0.166
Coachella Valley 0.918 0.082
El Verde Rainforest 0.026 0.974
Little Rock Lake 0.859 0.141
Northeast US Shelf 0.947 0.053
Skipwith Pond 0.863 0.137
Ythan Estuary 0.771 0.229
All webs 0.999 1

�
10
� [

5.7 Affect of species aggregation on the observed motif pat-

terns

An important question arises with regard to whether or not the observed patterns could be a result

of the aggregation of taxonomic species into trophic species commonly observed in empirical food

webs59. In fact, all of the food webs we consider in our analysis are trophic food webs; further-

more, each of the models we consider were specifically designed to explain observed properties of

trophic, not taxonomic, food webs.

To examine the effect of aggregation, we consider two aggregation strategies 59. First we con-

struct a niche model food web; each of these model webs has
� 
 � � � � �� � species and linkage

density � � � � �
. Here � is defined as the fraction of species in an observed food web that are

the result of aggregating two species; therefore, � � � ��� � �
. The limit � � �

corresponds to no
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aggregated species while � � � means every species is the result of aggregation. We then lump

together � � pairs of species, resulting in a food web with
�

species and linkage density �
	 � � �

.

In the first aggregation strategy, we lump together the � � pairs of species which are closest

together in niche value; this creates a single species with all prey and predators of the original two

species. This is synonymous with lumping together species which are likely to share predators. In

the second aggregation strategy, we lump together the � � pairs of species which have the greatest

overlap in both prey and predators. We quantify the overlap as the number of prey and predators

two species share divided by the total number of unique prey and predators of the two species.

This is very close to the procedure which occurs in the collection of empirical food web data in

lumping similarly behaving species into a single trophic species.

To quantify the effect of aggregation, we examine how changes in the value of � � � ��� � � � � �
influence the results of our analysis59 (Fig. 5.8). For both aggregation strategies, as � increases

the agreement between the model webs and empirical data decreases. By the two mechanisms

examined here, it is therefore unlikely that the strong agreement we observe between the motifs in

the empirical data and niche model could be explained by aggregation of taxonomic species into

trophic species59. In fact, large amounts of aggregation would have the effect of strongly reducing

the strength of the patterns observed empirically 59.

5.8 Concluding remarks

Our comparisons of both the model and empirical food webs indicate that a significant mechanism

for prey selection in natural ecosystems is consumption of species whose niche value is close to

some characteristic value59. The idea that this value is related to species mass is, in fact, well

documented. Morphologically, it has been demonstrated that features such as mouth size of birds
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Figure 5.8: Effect of aggregation of taxonomic species into trophic species on the conclusion of
diet contiguity in empirical food webs. We show here the fraction of model-generated food webs
with uncentered correlation coefficient � � � � � � against the average ratio

�
which compares the

magnitudes of model and empirical the � -score vectors. Each model food web is a realization of
the niche model with differing fractions of aggregated species � . a and b, We lump species which
are closest together in niche value. This is equivalent to lumping together species which are likely
to share predators. c and d, We lump species which have the greatest overlap in both prey and
predators. This is equivalent to the procedure which occurs in the collection of empirical food web
data when lumping similarly behaving species into a single trophic species. We see little effect
upon motifs S1–S5 but pronounced effects for motifs D1–D8. As � increases (as indicated by
the arrows), the agreement between the model webs and empirical data decreases. It is therefore
unlikely that the strong agreement we observe between the empirical data and niche model would
be due to aggregation of taxonomic species into trophic species, at least by the two mechanisms
examined here. All error bars represent two standard deviations of the observed values.
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or fish can greatly limit the size of prey that can be consumed 78,79. Energetically, it has been shown

that increasing predator size is associated with increasing mean prey size 80,81,82 and the energy

increase from prey consumption must justify that spent during prey capture 82,83,84. Furthermore,

it has been shown that prey size specialization can play a tremendous role in the coexistence of

predators and thus maintaining biodiversity 85,86.

We note that our results are also congruent with niche theory and resource-driven sympatric

speciation87,88,89,90. Our results provide strong statistical evidence for the specialization of preda-

tors. This can be seen as supporting evidence for sympatric speciation. Specifically, if a species at

some stage in the ecosystem history consumes preys with a broad range of masses, it is likely that

over the time it will speciate into two species each specializing on prey covering a smaller range

of masses.

Our ecosystem-wide investigation of the mechanism for prey selection provides us with sev-

eral significant implications. First, our results provide additional evidence for the conclusion that

empirical food webs are well approximated by diet contiguity as in the niche model. In the next

chapter, we will examine in more detail whether or not the contiguity assumption is well justified.

Second, our results demonstrate that omnivory occurs much more than one would expect to find

by chance alone. Moreover, omnivory represents a significant component of a complete food web’s

structure. This result is congruent with theoretical studies which emphasize the stabilizing impact

of omnivory91. As our motifs consist of only three species, however, it is not decisive whether

they represent true omnivory across trophic levels or simply intraguild predation. This discrepancy

helps to explain why Bascompte & Melián 65 concluded that there is an ambiguous role of omnivory

in food webs. Therefore, the debate regarding omnivory’s true significance remains open 77,92,93,94.

Third, we uncover motifs which are frequently observed within food web structure but to date

have not been studied to the depth of others such as apparent competition and exploitative com-
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petition63,64. These two motifs have been investigated in the laboratory because of their relative

simplicity and assumed ecology relevance. It would be intriguing to see if there are dynamic ex-

planations, for example, for the abundance or lack of motifs D1–D8 in addition to the dietary

explanation we have uncovered. An intriguing possibility is that future theoretical investigations

into motifs with additional species would likewise uncover larger ecologically relevant subgraphs.

Lastly, it is unlikely that there exists systematic bias in food-web data collection or in the

strategies for aggregating taxonomic species into trophic species. The existence of any such bias

would make it substantially more difficult to obtain the quantitatively robust motif patterns we

report.

In conclusion, we would like to note that it is quite remarkable for something as complex as

the pattern of representation of motifs in a food web can be understood using only very simple but

plausible rules. It is also remarkable that the same patterns emerge independently from the specific

details of the food web studied, notably its environment or the particular species present. These

fact opens up the possibility that similar solutions may exist for even more daunting ecological

problems. We believe that these static food web patterns will enable us to gain insight into, for

example, how an invasive species might select its prey upon entering a new environment.
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Chapter 6

Food web intervality

Intervality of a food web is related to the number of trophic dimensions characterizing the niches in

a community. We introduce here a mathematically robust measure for food web intervality 95. It has

previously been noted that empirical food webs are not strictly interval; however, upon comparison

to suitable null hypotheses, we conclude that empirical food webs actually do exhibit a strong bias

toward contiguity of prey, that is, toward intervality 95. Further, our results strongly suggest that

empirically observed species and their diets can be mapped onto a single dimension 95. This finding

validates a critical assumption in the recently proposed static niche model and provides guidance

for ongoing efforts to develop dynamic models of ecosystems 95.

6.1 Intervality

In earlier chapters, we demonstrated that these three models share two fundamental mechanisms

which account for the models’ success in reproducing many of the empirical patterns 32. (i) Species

form a totally ordered set in niche space, that is, species can be ordered along a single niche

dimension. (ii) Each species has an exponentially-decaying probability of preying on a given
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fraction of the species with equal or lower niche values. In spite of these similarities, the models

exhibit some differences; a crucial distinction concerns how species’ prey are organized along the

single dimension. In the niche model, species prey upon a contiguous range of prey. In the nested-

hierarchy and generalized cascade models, in contrast, the diets are not restricted to a contiguous

range.

As we noted, the differences in prey selection lead to very different model motif profiles 59,60.

We further determined that the global and local structure of empirical food webs is consistent with

the hypothesis of diet contiguity in empirical food webs. In addition to the local structure, the

different prey selection mechanisms lead to drastic differences in the intervality of the food web

graph95 (Fig. 6.1a and b) � . The significance of intervality in complex food webs was first noted by

Cohen96, who reported, as did subsequent studies 19,73,97,98, that the vast majority of empirical food

webs in the literature appeared to be interval graphs. Significantly, these studies also suggested

that the probability that a food web is interval is strongly dependent upon the number of species

represented in the food web, decreasing from approximately one for very small food webs to close

to zero for larger webs73. The food webs which were analyzed in these studies typically comprised

very few species, leaving open the question of whether, or to what degree, larger and more complex
�
Niche model generated food webs are interval by construction 27 while generalized cascade 32 and nested-

hierarchy28 model generated food webs are not. Williams & Martinez 27 found it surprising that a strictly interval

model is able to explain strictly non-interval data. They hypothesized that this apparent complication arose from the

fact that the “degree of intervality is very high in empirical food webs” 27. However, the logic behind this hypothesis

is incorrect as food webs generated according to the nested-hierarchy and generalized cascade models are not interval

but still correctly reproduce many of the same food web properties 32. In fact, Cattin et al. 28 designed the nested-

hierarchy model to be explicitly non-interval in an attempt to address an apparent non-empirical basis for contiguous

diets assumed by the niche model.
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food webs are interval73. More recent studies reported persistent non-intervality of highly-resolved

empirical food webs27,28.

Importantly, the degree of intervality of a food web is related to the number of trophic di-

mensions characterizing the possible niches in a community 19. More specifically, one may ask

what is the minimum number of variables required to describe the factors that influence the trophic

organization of the species in a community? Is this number the same or different for different

communities?20,33,99 If a food web is interval, then the species and their diets can be represented

along a single dimension. It has been suggested that a single factor—species’ mass—provides a

suitable proxy for this dimension10,23,25,52,71,72. Any departure from intervality has been understood

to imply additional complexity in the mechanisms responsible for the structure of the food web.

The number of higher quality food web data sets has steadily increased and these data have

enabled researchers to uncover a number of solid empirical regularities 12,27,28,29,31,32,59. Thus, we

believe that a more definitive answer to the question of food web intervality may be at hand 95.

In this chapter we address the question of how “non-interval” empirical food webs truly are 95.

To this end, we define a novel measure of intervality that is more robust than those already in the

literature95. Notably, our results agree with previous studies which observed that empirical food

webs are strictly non-interval; however, we demonstrate that their degree of “intervality” can be

understood as a perturbation on an underlying interval structure 95. Our results provide support

to the conjecture that species and their diets—that is, ecosystem niches—may be mapped onto a

single dimension95.
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Figure 6.1: Interval and non-interval food webs. Species (red circles) are placed along a single
dimension which we denote the resource axis. For each predator (A, B, C, and D) a line is placed
above the prey (resources) it consumes. a, A food web is interval if there exists a permutation of
the species along the resource axis such that for each predator the diet is contiguous. b, A food
web is non-interval if no permutation exists for which all diets can be represented as contiguous
segments. c, An unordered food web. The resource axis is shown along the bottom and each red
circle represents a species in the ecosystem. For each species in the vertical axis, we represent
predation by a solid horizontal line (for example, � consumes � ) and non-predation by the dashed
lines (for example, � does not consume � ). The total number of gaps for this particular ordering
is � � � � � . d, An ordered food web. Our algorithm works by swapping the location of two nodes
within the ordering in an attempt to minimize the value of � . In this particular case, one can find
an ordering with � � �

. It should be noted that this is one of potentially multiple permutations
which can give rise to the same value �� � � � �

.



97

6.2 Quantifying food web intervality

In the studies of Cohen19, Cohen et al.73, Cohen96 and Sugihara97, 98, intervality was reported as

a binary variable: a web either “is” or “is not” interval. Recently, two local estimates have been

used to measure the “level of diet discontinuity” 28. The first measure, � � � ��� , is defined as the

number of triplets of species with an “irreducible gap” divided by the number of possible triplets.

An irreducible gap is a gap in a consumer’s diet which cannot be made contiguous because of the

constraints imposed by other consumers’ diets (Fig. 6.1).

The second measure,
��� ` , is defined as the number of chord-less cycles of length four in the

consumer overlap graph. In the consumer overlap graph, two consumers are connected if they

share at least one prey. That is, if species � and � share prey with species � and � , the consumer

overlap graph would consist of links � � � , � � � , � � � , and � � � . This is a cycle

because it is possible to travel from any one of the four species to any other in this graph. If species

� and � do not share any prey and similarly species � and � do not share any prey either, this

cycle is “chordless” and the four diets cannot be made contiguous simultaneously 19. The measure
��� ` is related to Sugihara’s rigid circuit property which states that in an interval food web every

circuitous path of length � � �
in the consumer overlap graph is shortened by a chord 98.

Using these two measures, Cattin et al.28 reported that the non-intervality of empirical food

webs is a significant food web pattern. Caution, however, is required since both � ��� ��� and
��� `

yield only local estimates of intervality and cannot be directly extrapolated to an entire ecosystem.

Specifically, a cycle of length four in the consumer overlap graph with a chord may still contain

irreducible gaps73. Therefore,
��� ` is, at best, a lower bound for what Cattin et al. 28 intended

to measure. Likewise, when computing � ��� ��� , the normalization factor used by Cattin et al. 28

accounts only for multiphagous consumers, not all species. By concentrating on species triplets,

the resulting measure is an over-estimation and not amenable to comparisons between food webs
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of different sizes and linkage densities. Moreover, as pointed out by Martinez & Cushing 100, Cattin

et al.28 also do not address what values of � ��� ��� or
��� ` would in fact be statistically significant or

represent a large deviation from an interval food web.

In contrast to previous studies, we determine here the degree of intervality of an entire food

web95. To do this, we first find the order of species in the food web in such a way as to generate

the “most interval” ordering of the food web. This process yields the best approximation to a food

web where the species and their diets are organized along a single dimension 95.

We discuss our definition of “most interval” and its justification here in detail. In the idealized

case of a fully interval food web, each consumer’s diet is represented by a single contiguous range.

If we consider a non-interval food web and attempt to reproduce the idealized web as closely as

possible, we will want all prey of a given predator to “appear” as close together as possible on the

resource axis (Fig. 6.1). For example, for a given consumer, a sequence of two adjacent prey, a gap

of one species, and two more adjacent prey (i.e., � � � � � � � � � � � � � , where “
�

” represents a prey

and “
�

” represents a non-prey) is preferable to the same sequence but with a gap of two species or

larger (e.g., � � � � � � ��� � � � � � � ). Indeed, the former situation would be far more likely given an

interval web which experienced random omissions or changes, such as those possibly introduced

by field sampling.

For a food web graph � with
�

species, there are
���

possible species orderings ��� � � �
, where

��� � � � ��� � � � �� � � � � � � with
� � � � � � � � �	� . Because of the large number of possible permutations,

it is computationally unfeasible to determine the best ordering through enumeration. It is for this

reason that we employ simulated annealing, a heuristic technique which significantly reduces the

computational effort required to find an optimal or close-to-optimal solution.

When attempting to find the most interval ordering, the objective is to minimize the disconti-

nuity of all predators’ prey (Fig. 6.1). We thus define a cost function � � �
� � which is the sum of
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the gaps in all consumers’ diets

� � ��� � �
��
� � � � ��
 � � ��� �� 
 � � � (6.1)

Here ��� is the number of gaps in the diet of species
�

and � �� 
 is the number of species in the 	 -th gap

in the diet of species
�

for a given ordering � � � � �
. Here we report results for � � � ; however the

selection of other values, such as � � � , yields similar orderings of the empirical data. Simulated

annealing yields an estimate
�

��
for the total number of gaps of the food web

� � � ���� � � � � ��� � � .
The smaller ��

is the more interval the food web is.

Simulated annealing is a stochastic optimization technique that enables one to find a “low-cost”

configuration while still broadly exploring the space of possibilities 101. This is achieved by intro-

ducing a computational “temperature” � . When � is high, the system can explore configurations

of high cost whereas at low � the system can only explore low-cost regions. By starting at high �
and slowly decreasing � , the system descends gradually toward deep minima.

For each iteration in the simulated annealing algorithm, we attempt to swap the position of two

randomly selected species to go from the initial ordering ��� � � �
to the proposed ordering ��� � � �

.

This updated ordering ��� � � �
is then accepted with probability

� �
	

� 

�
�

if � � �� � � � � � � ����� � ��� 
������ � � 
�� � �� �
if � � �� � � � � � � �

�
(6.2)

where � � ��� � is the cost after the update and � � � � � is the cost before the update. For each value

of � , we attempt � � � random swaps with � � � � � . After the movements are evaluated at a certain

� , the system is “cooled down” to � 
 � ��� , with � � � � � � .�
Note that we use � to refer to the actual minimum number of gaps for the most interval ordering of a food web,

whereas �� refers to the estimate obtained with simulated annealing. The only case when we can be certain that �� ���
is when ��
��� .
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6.3 Intervality in a randomized food web

As happens for other graph and combinatorial problems, the actual value of ��
is of little signif-

icance102; rather, one needs to assess whether the measured value of ��
is significantly different

from the expected value under suitable null hypotheses. To solve this problem, we have designed

three complementary null hypotheses which place different restrictions upon how consumers’ diets

may be organized within a food web95.

Our first null hypothesis is the set of randomizations of the empirical food web. To generate

an ensemble of random networks, one must first define the constraints of the randomization 61,66.

In our analysis, we preserve the following attributes for each species during randomization of the

food web: (i) number of prey, (ii) number of predators, (iii) number of single links, � � � , (iv)

number of double links, � � � , and (v) whether or not a species is a cannibal. We employ the

Markov-chain Monte Carlo switching algorithm 70 as described in Sec. 4.3.

The randomized empirical food web stands as a food web graph with no constraints placed

upon consumers’ diets. That is, in the randomization there is no correlation between the prey

of a given species and their organization on the resource axis. We therefore expect that ��
for

these randomized food webs will be maximal. Comparison to this null hypothesis thus provides

verification of whether there are any structural regularities in the organization of species’ diets

within empirical food webs.

6.4 Intervality in the generalized cascade model

Our second null hypothesis is the set of food webs generated by the generalized cascade model.

In the generalized cascade model, each of the
�

species
�

are assigned a niche value � � drawn

from a uniform distribution in the interval
� � � � �

. A predator 	 selects at random a fraction � of
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the species
�

with niche values � � � ��
 as its prey, where � is drawn from a beta-distribution

� � � � � � � � � � � 
 � ����� . Here � � � ��� � � � � � �
and

�
is the number of trophic links in the

ecosystem.

The generalized cascade model food webs are generated with the same number of species
�

and linkage density
� � �

as the empirical food webs. Whereas randomization of the empirical

food webs imposes no structural constraints upon consumers’ diets, the generalized cascade model

does. Each predator may again select their prey at random, but instead of from the entire resource

axis, their selections are restricted to only those species with niche values less than or equal to their

own. This mechanism leads to a smaller number of gaps for species placed lower on the resource

axis. Comparison of the empirical data to this null hypothesis will provide evidence as to whether

empirically observed diets exhibit additional structural constraints.

6.5 Intervality in the generalized niche model

Comparison to the two previous null hypotheses will provide an indication of whether empirical

food webs have a larger number of gaps than would be expected for random structures with little

or no bias toward contiguity of prey. In order to quantify any bias toward contiguity of prey in

empirical food webs, we need to develop a third null hypothesis, which we base upon a novel

generalization of the niche model27 (Fig. 6.2).

Let us first recall the definition of the niche model. Each of the
�

species
�

are assigned a

niche value � � drawn from a uniform distribution in the interval
� ��� � �

. A predator 	 in the niche

model preys on a range � 
 � ��
 � of the resource axis, where � is drawn from a beta-distribution

� � � � � � � � � � � 
 � ����� and � � � ��� � � � ��� �
just as in the generalized cascade model. The center
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Figure 6.2: Prey selection in the generalized niche model where the predator is indicated in yellow
and the prey in red. In the generalized niche model, we add a new parameter � � ����� � �

which
measures the fraction of species’ diets which are imposed to be contiguous. a, For � � �

, we
recover the generalized cascade model and prey are selected at random from species with niche
values less than or equal to the predator’s own. b, For � � � � � , a fraction � of the prey are selected
from a contiguous range, as in the niche model, and the remaining prey are selected at random
from species with niche values less than or equal to the predator’s own. c, For � � � � � , all prey are
selected from a contiguous range of niche values, just as in the niche model.

of the range � 
 is selected uniformly at random in the interval
� � 
 � � � ��
 � . All species

�
whose niche

values ��� fall within this range are considered prey of species 	 .

To allow for a tunable bias toward prey contiguity, we generalize the niche model in the fol-

lowing manner. First, we reduce the range � 
 for a predator 	 to � 

 � � ��
 � � ��
 � , where � is

a fixed parameter in the interval
� ��� � �

. Because species are distributed uniformly at random on

the resource axis, a predator 	 with range � 
 has on average � 
 � prey. The same applies to the
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reduced range � 

 , and therefore a predator has � � � � � 
 � � 

 � � � � � �
�
� ��
 � expected prey

unaccounted for after the range reduction. Next, we select these � �
prey—rounded to the nearest

integer value—randomly from the species
�

with niche value ��� � ��
 that are not already a prey of

species 	 . If � � �
, we recover the generalized cascade model, whereas, for � � � , we recover the

niche model.

6.6 Testing the discontiguity hypothesis for empirical food web

intervality

We study 15 empirical food webs from a variety of environments 95: three estuarine— Chesapeake

Bay34, St. Marks35, and Ythan36; five freshwater— Bridge Brook Lake18, Canton Creek38, Lit-

tle Rock Lake39, Skipwith Pond40, and Stony Stream38; three marine— Benguela41, Caribbean

Reef42, and Northeast US Shelf43; and four terrestrial— Coachella Valley44, Grassland11, Scotch

Broom46, and St. Martin47 (Table 3.1).

For each empirical food web we obtain �� 1 (Table 6.1). We find
� � �� 1 � � � �

for all food

webs, that is, none of the webs is interval. To compare these empirical values to our three null

hypotheses, we perform the following steps. For each empirical food web, we generate a minimum

of 100 model food webs corresponding to the respective null hypothesis and obtain ���� Y � � � for each

model food web.

We then want to be able to estimate the probability that the value �� 1 appears given each null

hypothesis95. To do this, we examine not just the mean of ���� Y � � � , but its probability distribution

(Fig. 6.3). Using the Kolmogorov-Smirnov test 103, we determine that we cannot reject the hypoth-

esis that the ���� Y � � � values are drawn from a Gaussian distribution. We then use the fact that a
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Table 6.1: Comparison of empirical data with the random model and the generalized cascade
model. For each of the fifteen food webs, we show �� 1 . For each the two models we show

� ���� Y � � � � ,
�
� Y � � � , and � � Y � � � . � ���� Y � � � � is the average over at least 100 model-generated food webs. The

� -score is defined as �
� Y ��� � � � �� 1 ��� ���� Y � � � � � � ��R���� � ��� . We utilize the Kolmogorov-Smirnov

test103 to examine each set of model-generated data and find that we cannot reject the hypothesis
that the ���� Y � � � values are drawn from a Gaussian distribution. We then use the fact that a Gaussian
distribution describes the model data to directly calculate an estimate for the probability � � Y � � � of
observing a value of ���� Y � � � � �� 1 . This probability is equivalent to the significance by which one
may reject the underlying null hypotheses.

Food web �� 1 � ���	 � �
	 � 	 � ���
� � �


� � 
�

Benguela 27 81 -10.31 � 10
��� � 78 -3.59 � 10

� G
Bridge Brook Lake 1 51 -11.24 � 10

��� � 48 -4.42 � 10
� [

Canton Creek 615 810 -7.65 � 10
��� � 1804 -9.38 � 10

��� �
Caribbean Reef 298 498 -12.47 � 10

��� � 340 -1.17 0.12
Chesapeake Bay 11 48 -5.86 � 10

� �

38 -3.08 � 10
� �

Coachella Valley 51 117 -10.74 � 10
��� � 64 -1.04 0.15

Grassland 5 28 -5.08 � 10
� ^

95 -5.76 � 10
� �

Little Rock Lake 427 1347 -26.75 � 10
��� � 1641 -9.89 � 10

��� �
Northeast US Shelf 700 1291 -17.76 � 10

��� � 1050 -5.84 � 10
� �

St. Marks 157 343 -14.12 � 10
��� � 258 -2.95 � 10

� �
St. Martin 95 204 -12.18 � 10

��� � 193 -4.06 � 10
� `

Scotch Broom 23 226 -15.67 � 10
��� � 508 -8.94 � 10

��� �
Skipwith Pond 26 36 -3.32 � 10

� G 42 -1.59 0.06
Stony Stream 645 915 -9.82 � 10

��� � 2225 -12.56 � 10
��� �

Ythan 270 513 -11.69 � 10
��� � 915 -8.52 � 10

��� �

Gaussian distribution describes the model data to directly calculate an estimate for the probability

of observing a value of ���� Y � � � � �� 1 .
We first compare the set of empirical food webs � � � to the set of randomized food webs � � 	 �

(Table 6.1). We find that, for every food web, �� 1 � � ���	 � . To estimate the significance of this

difference for each of the individual food webs, we calculate the probability that the model exhibits
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Figure 6.3: Estimated number of gaps for St. Marks and the null models discussed in the text.
a, Probability density of ��

for two of the null models: randomization of the empirical food web
and the generalized cascade model. The generalized cascade model-generated food webs were
specified to have the same number of species

�
and linkage density

� � �
as the empirical food

web. �� 1 is shown by the spike. The probability of ���� Y � � � � �� 1 is � � � ��� � and � � � �
� � � � G for

the randomized empirical web and generalized cascade model, respectively. b, Probability density
of ��

for the generalized niche model and three different values of � . The generalized niche model-
generated food webs were specified to have the same number of species

�
and linkage density

� � �
as the empirical food web. �� 1 is again shown by the spike. c, Probability of observing

���
����
�
� � �� 1 � � � � for the St. Marks food web. Values less than

� � � correspond to negative
� -scores and thus represent the probability

� � Y�� of observing a value of �� 
�� � �� 1 , whereas
values greater than

� � � represent the probability
��� ��� � of observing a value of ���
�� � �� 1 . The

�
�	�

confidence intervals on the value of � are given by the regions where both
� � Y�� � � � � � and�
� ��� � � � � � � are true (denoted by the dashed red lines). We find the 95% confidence interval to be

� � ��� � � � � � � � � ��� (shaded in gray). d, Same as c but for the Chesapeake Bay food web with �� � � � .
We find the 95% confidence interval to be � � ��� � � � � � � � � � (shaded in gray). The intervality values
of � � � � � � and � � � � � � for St. Marks and Chesapeake Bay, respectively, imply that the empirical
food webs are statistically indistinguishable from our generalized niche model only when there is
a very strong bias toward contiguity of species’ diets.
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a value ���	 � �� 1 . For twelve of the 15 food webs95, � � � � ��� � . For the remaining three food

webs95, � 	 � � � � G .
We now compare the set of empirical food webs to the set of generalized cascade model-

generated food webs � � 
� � (Table 6.1). We again find that for every empirical food web, �� 1 �
� �� 
� � . We find that for twelve of the fifteen food webs the probability that ���
� � �� 1 is again

quite small95, � 
� � � � � � . For the remaining three food webs, Skipwith Pond, Coachella Valley,

and Caribbean Reef, we find larger probability values,
� � � � ,

� � � � , and
� � � � , respectively 95. Further

analysis indicates that
� ���
� � decreases with the directed connectance

� � � �
for a fixed number of

species
���

. Thus the higher values of � are likely due to the higher connectance of these webs.

In order to conclusively reject the two random hypotheses, we apply a Bonferroni correction 104

which decreases the significance level for the two individual hypothesis for a particular food web to

� � � � � � � � � � � � � � in order to avoid spurious false positives. Upon considering each individual

food web as compared to our two random hypothesis with this more conservative threshold, we

can conclusively reject the two hypotheses for twelve of the fifteen food webs 95; the exceptions

are again Caribbean Reef, Coachella Valley, and Skipwith Pond 95.
�
For densely connected food webs, predators typically have greater numbers of prey. Because these prey are

constrained to have a niche value less than or equal to the predators, the greater the directed connectance the greater

the probability that these prey are contiguous, despite the random predation. This is more pronounced for smaller than

for larger food webs.
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6.7 Testing the contiguous hypothesis for empirical food web

intervality

To this point, our results provide an indication that the majority of empirical food webs are sig-

nificantly more interval than would be expected for food webs with little or no bias toward prey

contiguity95. We now investigate our generalized niche model to determine how it compares to the

empirical data for different values of � and therefore different levels of bias toward prey contigu-

ity95.

For each of the fifteen remaining food webs, we compare the empirical food web �� 1 to the

model
� �� 
�� � for � � ��� � � � � � � � . We compare the model and empirical data as before, but focus

particularly upon the � -score, where � �
�R�� � � �R ��� � ��� �
���� ��� � � � . Using the � -score, we can determine the

upper bound of �
�	�

confidence intervals on � for which the empirical ��
is likely to be observed

in the generalized niche model (Fig. 6.3). We show the results of this comparison in Table 6.2.

For the fifteen food webs we investigated95, we find that the largest values of � which provide

statistical agreement with the empirical data are remarkably close to one,
� � � � � �

� ��� � � � � �	� .
This finding enables us to quantify in a statistically sound manner the intervality of a food web;

specifically,

� � � � � � �
� ��� � � � R � � � � (6.3)

where � � R � � is the ensemble of model food webs generated according to the generalized niche

model with the same number of species and connectance of the real food web � � . For the fifteen

empirical food webs investigated, we find values of � very close to 1; in fact,
� � � � � � � � . This



It should be noted that our results may exhibit some under-estimation of � , in particular as noted earlier for densely

connected food webs such as Coachella Valley, Northeast US Shelf, and Skipwith Pond.
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Table 6.2: Empirical food web intervality. For each food web we show the intervality � , the
maximum value of � for which we cannot reject the hypothesis that the value of �� 1 could have
been observed in the generalized niche model.

Food web �
Benguela 0.96
Bridge Brook Lake

	
1.00

Canton Creek 0.95
Caribbean Reef 0.85
Chesapeake Bay 0.92
Coachella Valley 0.94
Grassland

	
1.00

Little Rock Lake 0.97
Northeast US Shelf 0.93
St. Marks 0.87
St. Martin 0.93
Scotch Broom

	
1.00

Skipwith Pond 0.96
Stony Stream 0.96
Ythan 0.95

result indicates that natural ecosystems are significantly interval and consequently there is a strong

bias toward contiguity in prey selection95.

6.8 Concluding remarks

The concept of “niche theory” or “niche space” is a fundamental concept in the study of ecosys-

tems. Niche space was classically defined as an “ � -dimensional hyperspace” with � given by the

innumerable ecological and environmental characteristics 20,99. Therefore, each species’ niche is

the “result” of all � factors acting upon it and the niche represents the functional role and posi-

tion of the organism in its community. The more recent “interpretation” of niche theory, however,
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relates to the niche providing species an ordering or hierarchy 23,52,99. This formulation provides

a much simpler criterion than Hutchinson’s (1957) “ � -dimensional hyperspace”. Studies have

suggested that by using species’ mass or size a food web can in fact be mapped to a single di-

mension23,25,26,52,71,72. Furthermore, the placing of species onto a single dimension is a crucial

ingredient in many models developed to describe food web structure 27,28,32,73.

Recently, however, discussions as to how interval food webs truly are, were renewed by the

contrast between the niche model—and its contiguous range of prey—and the generalized cascade

and nested-hierarchy models—and their random predation 32. Our results allow us to conclusively

demonstrate that natural ecosystems, while not fully interval, are significantly more interval than

would be expected by chance alone 95. Indeed, we find the empirical food webs to be statistically

indistinguishable from model food webs whose diets are between 85% and 100% contiguous 95.

The idea that species and their diets can be so closely mapped onto a single dimension represents a

significant insight that can guide us on how best to go about developing dynamic ecosystem models

such as the recent integration of the niche model and nonlinear bioenergetic modeling proposed by

Martinez et al.105.
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Chapter 7

Conclusions

I have incorporated concepts and methods from fields not traditionally aligned with ecology, such

as chemical engineering and statistical physics, to develop an integrated approach to studying the

structure of natural ecosystems, namely food webs. By following this approach, I have demon-

strated that there are key universal features common to all ecosystems, independent of variables

such as the population and type of species present, assembly history, or particular environment.

I first identified that there are two critical conditions that a food web model must satisfy in order

to successfully predict the properties of empirical food webs 32: (i) the niche values to which species

are assigned form a totally ordered set and (ii) each species has a specific, exponentially-decaying

probability � � � � of preying on a fraction � of the species with lower niche values. Remarkably,

even an extremely simple model, such as our generalized cascade model, can achieve this 32.

I then found that the distributions of the numbers of prey, predators, and links in empirical

food webs obey universal scaling functions, where the scaling factor is the linkage density 32. Re-

markably, these scaling functions are consistent with analytical predictions we derived for the

niche, nested-hierarchy, and generalized cascade models. Therefore, our results suggest that these
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distributions can be theoretically predicted merely by knowing the food web’s linkage density,

a parameter readily accessible empirically 32. The results indicated that fundamental concepts of

modern statistical physics such as scaling and universality may be successfully applied in the study

of food webs32. Moreover, they are consistent with the underlying hypothesis of scaling theory,

that is, food webs display “universal” patterns in the way trophic relations are established despite

apparent fundamental differences32.

Next, comparisons between model and empirical food webs indicated that a significant mecha-

nism for prey selection in natural ecosystems is consumption of species whose niche value is close

to some characteristic value59. I further validated this conclusion by examining the underlying

hypothesis, namely that species diets may be mapped to a single dimension 95. Our results allow

us to conclusively demonstrate that natural ecosystems, while not fully interval, are significantly

more interval than would be expected by chance alone 95. Furthermore, I found the empirical food

webs to be statistically indistinguishable from model food webs whose diets are between 85% and

100% contiguous95.

7.1 Food web structure

My analysis of food-web motifs demonstrated that omnivory occurs much more than one would

expect to find by chance alone59,60. As these motifs consist of only three species, however, it is not

decisive whether they represent true omnivory across trophic levels or simply intraguild predation.

Therefore the debate regarding omnivory’s true significance remains open 77,92,93,94 and very impor-

tant question to answer if we hope to predict the effect of species invasions or extinctions. Future

theoretical investigations into motifs with additional species could help to resolve this problem and

would likely uncover larger ecologically-relevant subgraphs.
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There are a number of future questions to answer before the topic of food web intervality can

come to a close95. First and foremost is getting a better understanding of exactly what processes

are behind the deviations from truly interval behavior. While some of the gaps within species diets

may be due to interactions not observed during field sampling, it is unlikely that all gaps may be

attributed to this factor. It has been noted, albeit for different food webs than those studied here,

that ecosystems with multiple habitats, for example an estuary, are less likely to be interval than

single-habitat food webs73,96. Indeed, one would not expect food webs containing several habitats

to be strictly interval since each habitat is likely to have its own separate resource axis.

A similarly intriguing question relates to examining additional properties of the “most-interval”

ordering or orderings. Studies which compared these orderings to those obtained when comparing

species’ masses, or related properties72 could help determine what ecological features are respon-

sible for organizing predatory behavior which in turn organizes the food web structure at whole.

7.2 Ecosystem dynamics

To this point, researchers who study food webs have followed a maxim observed in other disci-

plines, such as physics: one must understand statics before attempting to understand dynamics.

Thanks to current research, including the work presented in this thesis, we have begun to reach a

consensus regarding the structure and evolutionary pressures which shape the network of predator-

prey interactions; therefore the time to advance our understanding of dynamics is at hand.

The dynamic processes which take place in an ecosystem span a broad range of time scales,

from ontogenetic changes over a species’ lifespan to seasonal changes in the weather to individual

species’ daily decisions of which prey will be eaten. A number of studies have compiled species-

specific data which describes each of these aspects. One of the principle challenges of food web
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dynamics is the fact that this data does not exist for complete ecosystems. A major challenge is

thus to determine how to generalize species-specific information so that it may be utilized in the

development in a general dynamic food web model, in much the same way that I have discussed

the development of a general static food web model.

Demonstrating the validity of using a general modeling approach is also imperative. For-

tunately, as we discovered by examining food web structure, there exist a number of universal

features that hold for a large number of ecosystems. These patterns are independent of the number

of species, the specific species present, and the particular environment, besides other factors. As it

is the same evolutionary and dynamic forces which result in these common static properties, it is

reasonable to assume a general dynamic model may be developed.

Such a dynamic model must take into account many environmental factors, such as species’

bioenergetics106, population dynamics, spatial constraints 107, and external perturbations, such as

invasion by exotic species. Once such a model has been developed, it can be validated in two ways.

First, it must reproduce the static ecosystem patterns discussed throughout this thesis. Second,

specific ecological incidents can be utilized as scenarios to test the predictions of the model. The

validated model can then be utilized for understanding general test cases, such as the effect of over-

exploitation, habitat loss, invasion of exotic species, or the extinction of one or multiple species.

Such a model would make a significant contribution toward understanding ecosystem dynamics.

Only with this understanding will we be able to predict and prevent future ecological disasters.
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