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                                            ABSTRACT 
 

Indirect effects are known to have significant influences in ecosystems and communities, 

thereby making it difficult to understand the relationship between species if only direct 

interactions are analyzed.  In this study I tested two prominent hypotheses regarding the 

magnitude and consequences of indirect effects in nature.  First, I tested the generality of the 

hypothesis that the amount of energy flowing over indirect pathways exceeds the amount 

conducted by direct pathways. I analyzed a set of 50 empirically-based ecosystem networks 

using network environ analysis, and in the majority of models indirect flows exceed direct.  The 

strongest support comes from analyzing only those models that include cycling structure and a 

representation of the microbial food web, which I showed is important for carbon recycling.  

Second, I tested the hypothesis that the common characteristics of mutualistic networks, 

nestedness and asymmetry in dependencies, influences the evolution of species within those 

networks using a general, individually-based model on bi-partite networks. These networks 

represented nested, asymmetric and random, symmetric communities to test the hypothesis that 

the pattern of indirect pathways that conduct selection has consequences for the evolutionary 

stability of the community’s stable strategy when faced with novel selection to a single species.  

The results do not support the hypothesis that the characteristics of nested communities 

differentially affect evolution, yet the generality of the species first impacted and the strength of 

the novel selection have consequences for stability.  In conclusion, through two very different 

types of networks and analyses I show that indirect effects are important both in ecosystem 

functioning and evolutionary stability.  Further, species within these networks have differential 

roles that have ecosystem and community-wide consequences. 
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Nature can be imagined as a grand jigsaw puzzle with pieces representing species and 

abiotic components that interact with one another to form a functioning system.  All the pieces of 

a puzzle are necessary to see the complete picture.  However, it is common in biology to focus 

on individual pieces, losing our ability to understand the whole ecosystem.  As such, 

environmental threats become difficult to predict, manage, and rectify.  An example is the classic 

trophic cascade (Carpenter et al., 1985), found in a diversity of ecosystems (Pace et al., 1999), 

where species spanning multiple trophic levels can be affected by a change in the abundance of a 

single species.  In these situations, focusing on a single species, or a narrow set, would be 

inadequate to understand the dynamics that resulted in the observed changes.  It is this very 

understanding of the interconnectedness of nature that is necessary to protect the earth’s 

ecosystems. 

 While this holistic view may be the helpful, it is not easy to attain using traditional 

empirical biological methods (Strauss, 1991).  However, conceptualizing ecosystems as 

networks makes available a body of mathematical research tools that can help to overcome these 

limitations (Higashi and Burns, 1991).  This network perspective lets researchers embrace the 

full relationships between ecosystem components, regardless of how complex (Higashi and 

Burns, 1991).  A network is a set of components, or nodes, connected by edges that represent an 

interaction such as the transfer of matter or energy.  Networks can be used to represent a myriad 

of processes in biology and ecology from protein interactions to the transfer of energy and 

influence in ecological communities (Newman, 2003, Proulx et al., 2005), with the latter being 

the focus of this work.   Network models make necessary simplifying assumptions by including 

only a fraction of the components, or a highly aggregated representation.  Either choice results in 

fewer interactions than is present in the real system.  These decisions are necessary because they 
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can help focus the system to the specific research question.  In general, networks are capable of 

representing a large degree of the complexity found within an ecosystem.  Further, networks 

allow researchers to focus on the relationships between species or groups of species as generated 

by their direct links.  

Indirect Effects   

When this network perspective is used, it is clear that effects at one node have the 

potential to have impacts on other components via paths of edges, just as in the example of 

trophic cascades.  These impacts are termed indirect effects, or the effect of one node on another 

that is not directly adjacent to it in the network.  Wooton (1994) defines direct effects as “a result 

of a physical interaction between two species”, which includes predation, some mutualisms, and 

interference competition, leaving almost all other interactions as indirect (Strauss, 1991).  This 

leads to several labels for more specific indirect interactions, such as exploitative competition, 

apparent competition, and facilitation (Strauss, 1991, Wootton, 1994), so it can be more 

convenient to distinguish indirect influences in two broader categories following Wootton (1993, 

1994, 2002): interaction chains and modifications.   

Interaction chains occur when a change in one species affects another through a third 

species.  Limpets (Lottia digitalis) negatively affect the success of acorn barnacles (Balanus 

glandula) via accidental feeding, resulting in the latter indirectly benefiting when birds consume 

the limpets (Wootton, 1993).  This is an example of an interaction chain.  Interaction 

modifications occur when a change in one species alters the interaction between two additional 

species.  Limpets benefit by this type of indirect interaction because they are somewhat 

camouflaged by the similar color of the barnacle shells to themselves, thereby making it more 
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difficult for the birds to prey upon the limpets (Wootton, 1993).  Thus, the acorn barnacle 

changes the interaction between the limpets and birds.  

In general, indirect effects are acknowledged to be a powerful influence affecting 

ecosystem dynamics (Abrams, 1996; Higashi and Patten, 1989; Menge, 1997; Patten, 1983; 

Wootton, 2002,1994, 1993; Yodzis, 1988).  Indirect effects, which can develop rapidly in 

ecosystems (Menge, 1997; Borrett et al., 2010), have been found to help maintain diversity 

(Bever 1999, 2002), and contribute to the success of a particular habitat patch (Diegotter, 2007), 

and they can result in overall positive interactions despite local negative direct interactions (Fath 

and Patten, 1998).  Indirect effects can complicate the outcome of empirical studies even when 

all direct interactions are known (Yodzis, 1988) and produce unexpected results that reveal 

surprising relationships between species (Bondavalli and Christensen, 1999; Ulanowicz and 

Puccia, 1990).  Given these diverse impacts, it is clear that an understanding of indirect effects is 

necessary to understand ecosystems and it is therefore no surprise that the study of indirect 

effects has increased in recent years (Wootton, 2002). 

Environ Theory    

An interesting way to conceptualize the direct and indirect relationships between nodes in 

a network is by using environ theory as proposed by Patten (1978,1982).  This theory divides 

each node into two bounded portions.  Stimuli, or input that enters a node is a product of all 

system behavior up till reaching that node from the study system.  These inputs compose the 

input environ.  In turn, the node behaves according to its present state.  This behavior, in reaction 

to its input environment, produces outputs.  These outputs compose the output environ and 

become a part of the input environ to other nodes.  Imagine a species of small benthic fish, for 

example, as a node in a lake ecosystem, or network.  The input environ to this fish will be 
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composed of the various benthic organisms that it consumes.  A part of its output environ will be 

the portion of its biomass that is consumed by a larger fish.  In this way, the small fish has a state 

controlled in part by its input environ, or the benthic organisms that are available to it, and it also 

has control on the state of larger fish through its output environ.  In this example, an important 

indirect effect is clear; the number and quality of benthic organisms indirectly influences the 

state of populations of the large fish.  The relative nature of the system also becomes apparent.  

The system components are highly interrelated and dependent on the environs of the other nodes, 

so the state of each node is relative to the others. 

It is essential to note the significance of the system boundary.  Ecosystem networks will 

always be incapable of capturing all components and dynamics of the real system.  The boundary 

differentiates the portion of the environment that is included in the model from that which is 

excluded.  This excluded portion is referred to as the “environment”.  It is from this outside 

environment that inputs to the system can originate, and it is to this outside environment that 

outputs can be released and energy can dissipate.  The boundary is formed in the process of 

modeling the system; in the above example, this boundary could be the lake boundary itself, 

disregarding all allochthonous inputs and potential terrestrial components.  Defining a system 

boundary can prove to be more difficult in systems with less well defined boundaries, such as in 

a terrestrial or open ocean system.  In environ theory the boundary is imperative as it prevents 

infinite regress of cause (Patten, 1978).  Without a boundary a node could, in theory, be affected 

by another node 100 or more (to infinity) links away; conceptualizing a boundary around the 

components of interest prevents this complication. 

 

 



 6 

Coevolution in Networks 

Patten (1981, 1982) discusses coevolution in light of his environ theory.  Before 

embarking on this discussion, it is necessary to clarify the fashion in which this situation is being 

conceptualized for the present work (Burns et al., 1991).  All living compartments represent one 

or more species, composing a group of individuals.  These individuals experience the same input 

environ, which varies in realism depending on the level of aggregation.  A highly aggregated 

model will be less realistic as different species within the node are unlikely to experience the 

same sources or intensities of selection.  The most realistic model is one in which each node is an 

individual, which is difficult from a modeling standpoint, leading to the use of aggregation 

schemes.  Due to genetic differences among individuals in an aggregated node, the individuals 

will vary in their relative success in response to their input environ.  Ultimately there will be 

population level responses to selection, and it is in this way the evolution of interaction strengths 

between nodes can be investigated. 

          Patten (1981,1982) differentiates between the open and closed system, the latter providing 

the opportunity for coevolution amongst the nodes to take place.  The closed system is so named 

because the nodes are connected by a cycle, which is a pathway of edges that starts and ends at 

the same node maybe give an example.  On account of this, a node’s output is indirectly a part of 

its own input environ.  If there is a change to node a’s input environ the likely result will be a 

narrowing of that node’s output environ, as it is at present not adapted to fully utilize that 

particular set of inputs.  This narrowing of the output environ in turn narrows the input environ to 

the nodes that are directly connected to node a.  This occurrence limits the output environ of 

these nodes and consequently changes the input environ to the nodes that these are connected to, 

and so forth.  It is in this fashion that, if there is no adaptation, the input and output environs will 
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continue to narrow until the system becomes non-functioning.  However, if coevolution, as 

defined by Janzen (1980) occurs, the system will continue to function.   The nodes will 

reciprocally adapt to one another; each node will adapt to the altered outputs from each other 

node by including more of the outputs into its own input environ.  It is clear to see that 

coevolution cannot occur in the open case, as there is no cycling.  No node receives feedback 

from its own altered output environ and therefore there is no reciprocal evolutionary change.  

Interestingly, closed systems have been found in food webs (Borrett et al., 2007) and ecosystem 

flow networks (Allesina et al., 2005); therefore we should expect coevolution to be occurring 

amongst the compartments participating in these cycles (Patten, 1982).  It is also clear to see in 

this situation that nodes are adapting to selection imposed by other nodes that are not directly 

adjacent, showing that indirect effects can produce evolutionary responses (Burns et al., 1991). 

Indirect Effects and Coevolution 

  Given the clear ecological significance of indirect effects, it is logical to consider their 

importance in evolutionary dynamics (Miller and Travis, 1996; Patten, 1981; Thompson, 1994).  

Miller and Travis (1996) showed that indirect effects combine with direct effects to produce 

either a stronger or weaker net effect, compared to the direct affect alone, thus leading to 

different evolutionary responses.  Similarly, Wootton (1994) states that positive indirect effects 

should lead to evolutionary responses that favor the association between participating species 

while negative indirect effects should, over time, work to minimize the links contributing to 

those effects.  What becomes clear here is the importance of the community in determining the 

evolutionary dynamics of the species within that community (Fussmann et al., 2007; Miller and 

Travis, 1996; Thompson, 1994).  The same two species could directly interact in two separate 

communities, yet their evolutionary response to one another in these two different networks may 
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be different because the host of other interactions, direct and indirect, will have a hand in 

molding their overall influence on one another.    These ideas form the basis of Thompson’s 

(1994) geographic mosaic theory of coevolution.  Thompson bases this theory on the fact that 

differences in community composition, in addition to other differences such as physical habitat, 

lead to different interspecific interactions.  On account of this, populations of the same species 

can have a gradient of evolutionary influence on one another across the communities in which 

they co-occur.  In some communities the two species could co-evolve (reciprocal evolutionary 

change), in others the evolutionary influence could be unidirectional, and in yet others the two 

species could have no evolutionary impact on one another whatsoever.  For example, in one 

community a species of flower may be pollinated by a single pollinator, perhaps resulting in 

strong selection for adaptation by the plant to that pollinator.  Conversely, in another community 

that same flower species may be pollinated by multiple pollinators, therefore greatly reducing the 

selection for specialization to any one pollinator (as in Thompson, 1994). 

The importance of the union between the ecological community and evolutionary 

dynamics should be clear, although the two have often been disparate (Higashi and Burns, 1991; 

Fussmann et al., 2007).  This has been addressed by the formation of the subdiscipline 

community genetics (Agrawal, 2003; Antonovics, 1992) and the ideas of diffuse evolution 

(Strauss et al., 2005) and the extended phenotype (Whitham et al. 2003).  These concepts 

integrate the ecological community with the evolution of the species within that community.  

Furthermore, they allow for the evolutionary influence of species on one another to be examined 

without the required reciprocity of coevolution (Antonovics, 1992).  This broader context in 

which the interactions and resulting evolution of organisms is viewed allows us to think about 

evolution occurring in open systems, rather than primarily the closed system case as discussed by 
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Patten (1981, 1982).  The success of species b may depend on the genotypes of species a, even if 

species a is not similarly influenced by species b; this situation is one that would not be 

considered coevolution but can be well addressed by community genetics (Neuhauser et al., 

2003).  What becomes clear through the union of community genetics and indirect effects is that 

responses to selection can propagate through a network of interacting individuals.  Species b may 

adapt to changes in species a, and as a consequence species that rely upon species b may also 

adapt in order to maximize (or minimize) their association with species b.  Thus, the original 

source of selection that acted upon species a alone has caused adaptive changes in populations of 

other species that do not interact directly with species a. 

The potential for indirect selection is evident in the examples of community genetics 

applications in Whitham et al. (2003; see also Siepielski and Benkman, 2004; Shuster et al., 

2006; Murúa et al., 2010).  Indirect selection is selection on species a that causes a change in a 

trait that is involved in its interaction with species b, thus leading to selection for a change in the 

corresponding trait in species b.  Therefore, species b is affected indirectly by the original 

selection on species a, and other species interacting with species a and b could be affected as 

well.   In one example (as in Whitham et al., 2003), there is genetically controlled variation in the 

amount of tannins and phenolic glycosides that serve as a chemical defense in the aspen tree.  

This chemical defense provides resistance against insects, pathogens, and mammals.  The gypsy 

moth feeds upon the aspen tree and its survival rates are highly correlated with the amount of 

chemicals in the trees, and so also with the genotype of the trees.  In addition, the tent caterpillar 

also consumes the aspen leaves and the success of their parasitoid Compsilura concinnata is 

negatively correlated with the levels of the phenolic glycosides in the caterpillars.  One can 

easily imagine the following scenario.  An increase in the prevalence of a pathogen of the aspen 
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selects for tree genotypes that produce higher levels of the chemical defenses.  In turn, the 

favored genotypes of the gypsy moths will be those with a higher tolerance to the chemicals.  

This is already an example of an indirect pathway of selection, as the original selection for 

highly defended trees has extended to select for gypsy moths with high chemical tolerance.  One 

more step can be traveled, however, as the original selection for highly defended trees will 

propagate one step further to favor parasitoids tolerant of high levels of phenolic glycosides in 

the tent caterpillars.  In this example it is clear that a host of species in a community could be 

influenced by one selection event on a single species. 

Study Objectives 

The aim of the present study is to investigate indirect effects in ecosystem and 

communities.  The networks of concentration will be ecosystem flow networks and mutualistic 

community networks.  The research will be driven by two main questions.  In Chapter 1, I will 

test the hypothesis that indirect effects are dominant in the flow of energy and matter through 

ecosystems.  In Chapter 2, I will explore the tendency of selection to propagate through 

communities of mutualistic species, with particular emphasis on the effects of network structure.  

These investigations will help bring to light that the influence of species can reach far beyond 

their immediate direct connections. 
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ABSTRACT 
 

Indirect effects are powerful influences in ecosystems that may maintain species diversity 

and alter apparent relationships between species in surprising ways.  Here, I applied Network 

Environ Analysis to 50 empirically-based trophic ecosystem models to test the hypothesis that 

indirect flows dominate direct flows in ecosystem networks.  Further, I used Monte Carlo based 

perturbations to investigate the robustness of these results to potential error in the underlying 

data.  To explain my findings, I further investigated the importance of the microbial food web in 

recycling energy-matter using components of the Finn Cycling Index and analysis of Environ 

Centrality.  I found that indirect flows dominate direct flows in 37/50 (74.0%) of the models.  

This increases to 31/35 (88.5%) of the models when I consider only models that have cycling 

structure and include a representation of the microbial food web.  The uncertainty analysis 

reveals that there is less error in the I/D values than the ±5% error introduced into the models, 

suggesting the results are robust to uncertainty.  The results show that the microbial food web 

mediates a substantial percentage of cycling in some systems (median = 30.2%), but its role is 

highly variable in these models, in agreement with the literature.  These results, combined with 

previous work, strongly suggest that indirect effects are dominant components of activity in 

ecosystems.   

 

INTRODUCTION 

 What is an example of an isolated individual?  Given that metabolism and reproduction 

are two criteria for living entities, no organism can be isolated (Jørgensen et al., 1992, 1999; 

Wilkinsin, 2006).   Heterotrophs must consume carbon sources and autotrophs utilize nutrients 

within the soil or water that were made available by other living things.  Sexual reproduction 
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typically requires another individual of the same species. Thus, at a fundamental level, organisms 

must interact with their environment to grow, reach maturity, and reproduce.  From these most 

basic interactions necessary for life develops the complex ecological community.  In this paper I 

elucidated a part of ecosystem complexity by testing the generality of the systems ecology 

hypothesis that indirect effects tend to dominate direct effects in ecosystem interaction networks.  

Indirect effects can have powerful influences on ecosystem functioning (e.g. Abrams et 

al., 1996; Bergstrom et al., 2009; van Veen et al., 2005; Hargrave et al., 2010; Dulvy et al., 2004; 

White et al., 2006; Yodzis, 1988). For example, they have been found to help maintain diversity 

(Bever, 1999, 2002) and contribute to the success of a particular habitat patch (Diekötter et al., 

2007).  Indirect effects also can produce surprising relationships between species (Bondavalli 

and Ulanowicz, 1999), and can result in overall positive interactions despite local negative direct 

interactions (Fath and Patten, 1998; Patten, 1991; Ulanowicz and Puccia, 1990).  In addition, 

indirect effects can develop rapidly in ecosystems (Borrett et al., 2010; Menge, 1997).  Given 

these diverse impacts, it is clear that understanding indirect effects is necessary to understand the 

processes that create, constrain, and sustain ecosystems. 

This understanding is challenging to achieve given the difficulty of empirically studying 

indirect effects, necessitating alternative approaches such as Network Environ Analysis (NEA).  

NEA is applied to ecosystem models of the flow of energy or matter (hereafter energy-matter) 

and can be used to study indirect flows of energy (e.g. Fath and Borrett, 2006; Fath and Patten, 

1999; Patten et al., 1976).  The ecosystem network models I used in this work are simplified 

representations of ecosystems that trace the path of energy–matter flux through the system.  In 

these models, nodes represent species, groups of species, or abiotic resource pools while the 

directed links represent the flow of energy-matter.  NEA lets us partition these flows into direct 
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and indirect components.  Indirect flows are those in which a species receives energy indirectly 

from another species, such as when a leopard seal receives energy from krill by consuming 

penguins that directly ate the krill.  These indirect flows were the basis of my investigations.  

I used NEA to test the hypothesis that the amount of energy flowing over indirect 

pathways tends to exceed, or dominate, the amount of energy flowing over direct pathways in 

ecosystems, a hypothesis that emerged in early applications of NEA (Patten, 1983, 1984, 1985).  

Higashi and Patten (1986, 1989) argued that the dominance of indirect flows over direct flows is 

a general phenomenon by showing algebraically that indirect flow tends to increase with system 

size, connectance, cycling, and magnitude of direct flows.  The hypotheses concerning system 

size and cycling are further supported by an analysis of large hypothetical ecosystem models 

built from a community assembly algorithm (Fath, 2004).  These studies suggest the dominance 

of indirect flows has the potential to occur in real ecosystems, but few studies report this 

phenomenon in empirically derived models (but see e.g. Borrett et al., 2006; Patten, 1983).  

Thus, the generality of the hypothesis in models of real systems remains to be tested.  Further, 

little is known regarding the sensitivity of the results to uncertainty in the data used for network 

model construction (e.g., Borrett and Osidele, 2007; Kaufman and Borrett, 2010).   

 There are many different types of indirect effects (Strauss, 1991 and Wootton, 1993; 

1994), and NEA can capture those that are, and are affected by, energy–matter transactions.  

Indirect flows are a subset of indirect effects, but the former has the ability to reflect a wider 

range of indirect effects than feeding relationships.  Indirect effects have the ability to increase, 

decrease, or have no affect on indirect flows.  For example, a meta-analysis by Preisser et al. 

(2005) suggests the act of intimidation of predators on prey results in reduced resource 

acquisition by the prey species.  The larger the intimidation effect of predators on prey, the 
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smaller the flows of energy to the prey.  While NEA does not capture all types of indirect effects, 

the consequences of many are reflected in energy transfers.  Therefore, by comparing the 

intensity of indirect flows to direct flows, I am estimating the magnitude of indirect effects.  

Since some indirect effects minimize energy transfers, this estimation should tend to be 

conservative.  

 To understand the potential variability of the relative importance of indirect effects, I 

further investigated the species essential to energy–matter cycling. The microbial food web plays 

an important role in mediating energy–matter cycling.  Much of the carbon fixed by primary 

producers is released as particulate and dissolved organic matter.  Dissolved organic carbon 

(DOC) is a significant source of carbon for bacteria (Larsson and Hagström, 1982) and is largely 

the basis of the microbial food web (Hart et al., 2000), which includes benthic and pelagic 

bacteria, ciliates, flagellates, and microzooplankton.  Particulate organic carbon (POC) from 

plant material and animal wastes is also a medium for microbial colonization (Fenchel, 1970).  

The functioning of the microbial web and loop can reintroduce the energy-matter in DOC and 

other detrital groups to the larger metazoan food web (Azam et al., 1983; Pomeroy, 1974).  

Microzooplankton also are important to the flow of energy in the system by releasing the energy 

in nano- and picoplankton to larger consumers (Sherr and Sherr, 1988).  The importance of 

detritus and the microbial food web has been recognized for a variety of aquatic systems, from 

rivers to lakes to coastal systems (Mann, 1988).  However, the amount of primary production 

that actually passes through the microbial food web as a conduit to the metazoan food web is 

highly variable (as in Hart et al., 2000) and system dependent (Hart et al., 2000; Sommer et al., 

2002).  In summary, the microbial food web should be considered when investigating the 

pathways of carbon flow given its importance to the recycling process.      
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 I specifically tested four hypotheses.  First, I tested the generality of the dominance of 

indirect effects hypothesis in a set of 50 empirically-derived ecosystem models.  Second, I tested 

the idea that indirect flows through an ecosystem network tend to increase with system size, 

connectance, cycling, and direct flow.  Third, I tested the robustness of the analytical results to 

potential data uncertainty in the network models using an uncertainty analysis.  Finally, given the 

generally important role of the microbial food web in ecosystem carbon flow, I tested the 

hypothesis that the representation and importance of this subweb in the models helps explain 

why indirect flows do or do not dominate in these ecosystems.   

 

METHODS AND MATERIALS 
 
Model Database 

 To test the hypothesis that indirect flows are dominant in ecosystems, I analyzed 50 

ecosystem models using NEA.  To build the database of empirically derived ecosystem models, I 

used models from Ulanowicz’s data set (http://www.cbl.umces.edu/~ulan/) and included 

additional models published in the literature.  For this study, I selected ecosystems models that 

focused on trophic interactions that trace the movement of carbon or energy (but see Borrett, et 

al. 2010 for a comparison of indirect flows in energy and biogeochemical models).  I excluded 

models that might be considered more biogeochemically based (see Christian, et al. 1996; Baird, 

et al. 2008; and Borrett, et al. 2010 for more on this distinction).  I also selected models that were 

at least minimally empirically based.  These models were designed for a specific system and 

parameterized with some information gathered from the field.  However, some literature values 

from related systems may also have been used.  Thus, the models range in the extent to which 

they were empirically derived, as some are largely field based and would be considered more 



 20 

empirical than those that are based solely on literature.  Table 1 lists the ecosystem network 

models used in this study and describes some of their key features.   

This collection of 50 network models represents 35 distinct mostly freshwater and marine 

systems.  Some of the models represent the same system at different times of the year or under 

different ecological conditions.  This database includes 18 of 48 models found in Ulanowicz’s 

collection.  Many of the models were initially reported at steady-state (inputs = outputs), but I 

balanced 15/50 of the models using the AVG2 algorithm (Allesina and Bondavalli, 2003) to 

meet the assumptions of NEA (see next section).  These are the same models used by Borrett and 

Salas (2010) to test the resource homogenization systems ecology hypotheses.   

Network Environ Analysis 

     Network Model Information 

I applied NEA to all models using a modified version of the NEA.m MATLAB function 

(Fath and Borrett, 2006).  I introduce the analysis using a hypothetical example model of an 

oversimplified ecosystem network consisting of detritus, bacteria, amphipods, and blue crabs 

(Figure 1A).  The number of nodes, n, in the network is 4.  The adjacency matrix (An x n = aij) 

captures the structural information of the network.  When there is a flow from j to i, aij = 1, and 

aij = 0 otherwise (notice column to row orientation).  In this example, bacteria decompose 

detritus, resulting in a 1 in the matrix at a21.  The amount of energy-matter flowing between the 

nodes is represented in the Fn x n = fij matrix (Figure 1A), in which the 1’s of the adjacency matrix 

are replaced by the estimated flow values with general units of M L-2 or -3 T-1 in mass, length, and 

time dimensions.  Transfer of energy across the system boundary is represented in z and y , 

which are vectors of the boundary inputs and outputs, respectively (Figure 1A).  The former 

includes processes such as immigration or transport of organic material into the system.  The 
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latter includes processes such as fishing, emigration, and transport of organic material out of the 

system.  Also included in y is respiration from all living nodes.  Unlike the network analysis of 

Ulanowicz (1986), I do not differentiate between “qualities” of lost energy because from the 

analytical perspective the energy is either in the system or it has exited across the system 

boundary.  

          Throughflow Analysis   

The throughflow analysis is derived from the Input-Output analysis of Leontief (1936).  

Node throughflow is the amount of energy or matter that flows through each node.  This can be 

calculated from an input 

! 

Ti
in = f ij + zi

j=1

n

" or output 

! 

Tj
out = fij + y j

i=1

n

"  perspective.  Tin sums all 

flows into node i from nodes j, and adds to this quantity the boundary inputs into node i, while 

Tout sums all flows that exit node j to enter nodes i, in addition to the boundary output from node 

j.  At steady state, Tin = Tout = T = (Tj,) where Tj is the total amount of energy entering or exiting 

each node j.  Total system throughflow ( ∑= jTTST ) is the total amount of energy or matter 

that flows through the system. 

Next, I determine the direct flow intensity, 

! 

G = (gij ) , between any two nodes.  Using an 

output perspective, I divide the values in each row i of the F matrix by node throughflow, 

jijij Tfg /)( ==G .  Thus, gij is the percentage of each node’s throughflow that goes to each 

node with which it directly interacts.  For example, in Figure 1B 33% of bacteria’s energy flows 

to detritus.  I use the output perspective here, but either the input or output perspective can be 

used as they give equivalent results (Borrett et al. in press). 

Both A and G can be raised to exponents to examine indirect pathways and flow 

intensities.  The matrix A2, for example, gives the numbers of pathways of length two (m = 2) 
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that exist between all node pairs.  The matrix G2 gives the flow intensities between the node pairs 

over these pathways of length two.  For example, there is one indirect pathway of length 2 from 

amphipods to bacteria (via detritus), and 33% of the amphipod’s energy flows to bacteria via this 

indirect pathway (Figure 1B).   The same interpretation can be given to Am and Gm for any m.  

Thus, the flow intensity between the nodes in the network over all indirect path lengths (m ≥ 2) is 

equal to ∑
∞

=2m

mG . 

If the system graph is a single strongly connected component such that each node is 

reachable from every other node by a pathway of some length, then the Gm matrix will be 

entirely composed of non-zero numbers by some value of m (see Borrett et al., 2007, 2010).  

This contrasts with the direct flow intensity matrix G, which in almost all cases will have many 

zeros as it is unlikely there are direct connections between all nodes.  An analysis of pathways 

through the A and G matrices with increasing m can be found in more detail in Patten (1985).  In 

the example (Figure 1B), we see that G2 has 8 zeros, versus 10 in the G matrix, and G10 has no 

zero values.  This is significant because it reveals that all nodes are connected indirectly via 

indirect paths.  Even though the quantity of energy flowing over paths of increasing length tends 

to decrease due to dissipation, longer paths are still being utilized and may significantly 

contribute to TST (Borrett et al. 2010).  Each node receives some contribution to its throughflow 

from each and every other node from which it is reachable, further suggesting indirect flows are 

an important consideration.  The Gm matrix series can be used to determine the integral or total 

flow intensity, captured in the matrix N, which produces the throughflow for the system when 

multiplied by the system inputs:  
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The matrix identity, 0G = I, is an n x n matrix of zeros with ones along the principle diagonal 

and is used to map in the boundary inputs, G1 is the direct flow intensity, and Gm is the indirect 

flow intensity over paths of length m.  Each element in N represents the total flow intensity 

between the nodes represented by that element’s row and column.  Multiplication by z  generates 

the realized flow values (Borrett et al., 2006; Borrett and Freeze, 2010).  These values can be 

summed to return the total system throughflow as 
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The power series in equation 1 should be convergent because ecosystems are thermodynamically 

open (Jørgensen et al., 1999) and energy-matter is lost at each transfer.  Thus, I can determine N 

exactly using the identity N = (I – G)-1.   

I can use equation 2 to determine the amount of indirect flow relative to direct flow as 
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If the I/D ratio is greater than one, it indicates that the magnitude of indirect flow is greater than 

direct flow.  This would be evidence to support the dominance of indirect effects hypothesis. 

If I divide both sides of equation (2) by 

! 

T" , I obtain the relative proportions of TST 

derived from boundary, direct, and indirect flows.  Indirect flow intensity (IFI) is the proportion 

of total system throughflow derived from indirect pathways and direct flow intensity (DFI) is the 
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proportion of total system throughflow due to direct pathways.  Specifically, IFI and DFI are 

calculated as  
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To test the generality of the dominance of indirect flows (hypothesis 1), I calculated I/D for the 

models in my data set.  Further, I used a linear regression and Spearman’s rank correlation test to 

test the hypothesized relationship between IFI and recycling, DFI, system size, and connectance 

( 2/ nLC = , where L is the number of direct links in the network).  

Contributions of Nodes to System Flux 

 To test the hypothesized importance of the microbial food web in energy–matter cycling 

(hypothesis 4), I used two approaches: a partitioning of recycled matter into the fraction derived 

from the microbial food web and other compartments, and Environ Centrality (EC).   

     Recycling 
 
In contrast to the decomposition of TST described in section 2.2.2, Finn (1976) 

introduced an alternative decomposition.  He distinguished between flow from cyclic and acyclic 

pathways: acycliccyclicTST += . Cyclic flow is determined as: 
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He then constructed what is known as the Finn Cycling Index (FCI) as: TSTcyclicFCI = . 

Here, I subsetted the FCI to investigate the contribution of microbial food web to system 

recycling.  I first identified the nodes in each model that represent microbial organisms.  For 
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convenience, I will conceptually reorder the network so that the first 1, 2, …, k compartments are 

associated with the microbial food web.  Then, I can partition the traditional FCI (Finn 1976; 

1980) into the fraction mediated by the microbial food web (MFW) and the remainder of the 

nodes (other): 

                                                         otherMFW FCIFCIFCI +≡  .                                                   (7) 

Therefore, the percentage of the system’s cycling that is mediated by the microbial food web can 

be calculated by: 

                                                   

∑

∑

+=

=

∗
−

∗
−

≡

≡

n

kj
j

jj

jj

k

j
j

jj

jj

MFW
MFW

T
n
n

T
n
n

FCI
FCIFCI

1

1

)
1

(

)
1

(

%

                                                    (8) 

     Environ Centrality  

 To further characterize the role of specific nodes, selected network models were analyzed 

using environ centrality (EC; Fann, 2009).  Centrality is a social science concept that “describes 

the location of individuals in terms of how close they are to the center of action in the network” 

(Hanneman and Riddle, 2005).  Borgatti and Everett (2006) and Wasserman and Faust (1994) 

provide more detail on this concept.  Fann (2009) introduced an environ based centrality metric 

that determines the role of each node in generating the total system throughflow.  Following 

Estrada (2010), it is a globally weighted walks-based metric most similar to eigenvector 

centrality.  This metric can be calculated for the input (ECin) or output perspective (ECout), and 

the average of the two orientations was used here (average environ centrality, AEC).   
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Thus, AEC gives the average proportional contribution that each node is making to total flow 

intensity.  This metric indicates the relative significance of the nodes in generating system 

activity.  I calculated this metric for the St. Marks seagrass system to better explain my results.   

Analytical Robustness 

 I examined the reliability of my analytical results in two distinct ways; one addresses the 

potential problems caused by decisions made in the construction of the models and the other 

addresses the reliability of the models themselves to be reasonable representations of the 

underlying systems they represent.  

     Model Structure 
 

Ecosystem network models range in their ability to reflect the actual underlying system 

and general overall quality.  I initially choose to include all models available with an empirical 

basis because the dominance of indirect flows is hypothesized to hold true for most networks.  

Yet all the models do not include the characteristics necessary to represent carbon flow that I 

believe are critical to be present for this work.  Therefore, I did two analyses, one on the set of all 

models (Model Set 1) and another on those that meet more stringent criteria (Model Set 2).  

These criteria for Model Set 2 were that the model must 1) have network architecture that allows 

cycling, and 2) include species critical in mediating the process of energy cycling.  These 

characteristics are necessary because cycles are known to be important components of ecosystem 

structure and function (Azam et al. 1983; Fath and Halnes 2007; Patten 1985).  Species that must 
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be included for adequate representation of the process of energy cycling include those of the 

microbial food web, as previously discussed.  Model Set 2 is composed of 35 models 

representing 23 distinct systems.     

     Uncertainty Analysis  
 
 I tested the uncertainty in the I/D flow ratio to potential error in the model flow values 

(hypothesis 3) using a Monte Carlo procedure.  The flow values, on which the analysis is based, 

are approximations of those in the real ecosystems.  The Monte Carlo procedure let me add 

random amounts of error to the flow values to investigate the resulting response in the I/D 

values. If the response was minimal, I determined that the underlying error in the models is not 

likely to affect my results.  Borrett and Osidele (2007) hypothesized that these results should be 

robust; here I tested this hypothesis.  I constructed 10,000 models in which the original flow 

values were perturbed by ± 5%.  I used the outputs for each node to rebalance the models by 

either subtracting or adding the amount of the change in the inputs of the node to that node’s 

boundary output.  This procedure allows the architecture, inputs, and the general distributions of 

flows for each network model to be maintained.  Any modified model with a negative output was 

treated as a failed model because a negative loss does not make thermodynamic sense.  I 

generated 10,000 successful models for each network model and applied NEA on each to 

estimate the analysis uncertainty.    

 

RESULTS 

 My results generally confirm that indirect flows tend to dominate direct flows in 

empirically based networks.  I present the evidence for each specific hypothesis in turn.  
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Dominance of Indirect Flows 

 Indirect flows dominate direct flows in 37 models out of 50 (74%) when the entire set of 

networks was considered (Figure 2, Model Set 1, all bars).  When only models that met my more 

stringent set of criteria were considered, 31 models out of 35 (88.5%) show dominance of 

indirect flows (Figure 2, Model Set 2, black bars only).  In Model Set 2, the St. Marks seagrass 

sites 3 and 4 and Cypress wet and dry seasons have an I/D <1.  

 Each of the 50 models in the data set are not necessarily independent given that some of 

the models reflect the same system, but under different ecological conditions or times of the 

year.  However, they are not statistical replicates either.  Given this ambiguity in the number of 

independent samples within my dataset, I also considered the results with respect to the number 

of distinct systems as opposed to models.  When I do so, 27/35 systems (77.1%) exhibit 

dominance of indirect flows when all systems are considered.  When only those systems used in 

Model Set 2 are analyzed this way, 21/23 systems (91.3%) support the hypothesis.  Not included 

in the numerator of these calculations is the St. Marks Seagrass system, which has sites that both 

do and do not exhibit dominance of indirect flows. 

Model Features Influencing Indirect Flows 

System size n (r2 = 0.069; p = 0.06) and connectance C (r2 = 0.022; p = 0.31) do not 

explain much variation in IFI (Figure 3A and 3B, respectively).  This is supported by 

Spearman’s rank correlation test, as results were non-significant between IFI and both n and C (p 

= 0.078; ρ = -0.25 and p = 0.34; ρ = 0.14, respectively).  In contrast, cycling does appear to have 

a positive nonlinear relationship with the magnitude of IFI (Figure 3D).  I did not do a linear 

regression analysis of the relationship between DFI and FCI on IFI because these indicators are 

not independent calculations, violating the assumptions of the statistical method.  However, the 
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results of Spearman’s rank correlation test show a significant correlation between IFI and both 

DFI and FCI (p < 0.05; ρ = -0.67 and p < 0.05; ρ = 0.88, respectively). 

Analytical Robustness 

 For my uncertainty analysis, I randomly added ±5% (uniform random distribution) to the 

observed flows.  In 34 out of 50 models I generated failed perturbed models because when 

balancing the model one or more adjusted values became negative.  The number of failures 

ranged from 1,256 for Ythan Estuary to 464,485 for Cypress dry season.  I found it impossible to 

generate 10,000 models in a reasonable time period with ±5% error for the Florida Bay wet and 

dry seasons.  As these models have 14 zeros in the original output vector, I was unable to get 

10,000 perturbed models that met the constraints.  After generating the perturbed models, I 

verified that the maximum error was 5%, minimum error –5%, and median and mean error ≈ 0.              

 The error bars on Figure 2 show the full range of I/D uncertainties generated by the 

analysis, but I will focus on the interquartile ranges, as this is more representative.  The 

interquartile ranges are small indicating that the I/D values are fairly robust to ±5% error in the 

flow values.  I divided these interquartile ranges by the actual I/D values and multiplied by 100 

to determine the percent uncertainty in I/D.  The min is 1.18%, median 2.47%, and max 5.56%.  

This suggests that the uncertainty in I/D is less than the range of uncertainty (10%) in the data 

used to construct the models.  Most importantly, this uncertainty in I/D does not lead to a change 

in the qualitative interpretation of the ratio for any of the models.  However, when I consider the 

min and max values instead of the 1st and 3rd quartiles, we do see that the qualitative 

interpretation can change for the Cone Springs and Northern Benguela Estuary models from 

indirect flow dominance to direct flow dominance (Figure 2).  
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Microbial Food Web Contributions to System Behavior 

 The microbial food web mediates a large percentage of cycling in many of the models in 

Model Set 2 (Figure 4).  The highest percentage is for the Florida Bay wet season model with 

58.2% and the lowest is Swartkops Estuary at 0%.  The median value for all models in Figure 4 

is 30.2% (Bothnian Bay), and in 17/35 models over a quarter of the cycling is attributed to the 

microbial food web components.  There was no significant linear relationship between IFI and 

microbial food web FCI (r2 = 0.014, p = 0.50) and results of Spearman’s correlation test were 

non-significant (p = 0.42; ρ = −0.14). 

 Sites 1 and 2 within the St. Marks seagrass show dominance of indirect flows while sites 

3 and 4 do not.  To explain this difference, I used EC analysis on these six models (Figure 5) to 

identify potential differences in the roles of microbial food web compartments.  I first observed 

that where most of the species have a similar role in generating TST, there are a few dominant 

nodes that contribute to the system behavior.  In sites 1 and 2 the top three nodes contributing to 

total system throughflow are sediment POC, benthic bacteria, and meiofauna, except for site 2 

(Jan) the third position is suspended POC.  Benthic bacteria mediate an average of 9.8% of TST 

in site 1 and 7.8 % in site 2.  In site 3 the top three nodes generating system activity are sediment 

POC, predatory gastropods, and spot; in site 4 these nodes are sediment POC, benthic bacteria, 

and predatory gastropods.  Benthic bacteria only mediates 2.6% of TST in site 3 and 4.5% in site 

4.  This analysis shows the impact of the microbial food web is reduced in sites 3 and 4 when 

compared to sites 1 and 2.    

 
DISCUSSION 

 
 In this paper I tested the generality of the dominance of indirect flows hypothesis on 50 

empirically-based ecosystem models using NEA.  I found that indirect flows dominate in the 
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majority but not all of the models.  When the hypothesis was tested on a subset of the models 

that have the model structure and species necessary to better represent energy–matter cycling, the 

evidence is stronger.  I also tested the hypotheses relating to the magnitude of indirect flow, and I 

found no clear relationship between IFI and the magnitude of system size and connectance.  

There is a significant correlation, however, between IFI and direct flow intensity and cycling.  

My analysis suggests that the NEA results are robust to model uncertainty because the qualitative 

interpretation of the I/D values was largely unchanged despite the addition of error to the flow 

values.  Lastly, the results of the node level FCI and EC support the hypothesis that the microbial 

food web is an important factor in the dominance of indirect effects.  The amount of cycling 

mediated by the microbial food web cannot be used to predict the amount of indirect flow, yet 

the observed range in this value reflects the variation predicted by the literature (as in Hart et al., 

2000).  In sum, this evidence supports that indirect energy flows are just as important, if not 

more so, than the observed direct feeding behavior, as seen in this study supporting the 

dominance of indirect flows hypothesis.    

Confidence in NEA Results 

 The qualitative interpretation of the I/D ratios can be made with reasonable confidence, 

as shown by the results of the uncertainty analysis.  None of the I/D values for any of the models 

change its qualitative interpretation when the error is introduced using the interquartile range and 

only two when using the full range.  Interestingly, the uncertainty in the NEA results is less than 

the uncertainty introduced into the data.  This is similar to the patterns found previously for 

network homogenization (Borrett and Salas 2010), another whole system property, and through 

different methods of analyzing uncertainty (Borrett and Osidele 2007).  Further, this is similar to 
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results reported for the Ascendant Perspective of Ecological Network Analysis (ENA) (Kaufman 

and Borrett, 2010; Kones et al., 2009).   

While it would be ideal to test a larger percent error, doing so consistently for all models 

was prohibited by the thermodynamic constraints of the analysis; the steady state assumption 

made it impossible to use larger errors because some or all of the models could not be balanced.  

Therefore, my conclusions of the robustness of the results of NEA to data uncertainty are limited 

to a smaller error range.  However, I did observe that variation remained small for successful 

attempts using larger percent errors (data not shown).  

Evidence for Dominance of Indirect Flows 

The original dominance of indirect effects hypothesis (Higashi and Patten, 1986, 1989; 

Patten, 1982) suggested that indirect flows should tend to dominate in the majority of ecosystem 

networks.  My work supports this hypothesis as 74% of all the models had I > D.  However, all 

the models in my dataset may not all be suitable to address my specific question.  While these 

models may have been appropriate to address the questions for which they were designed, it does 

not imply that they can be used broadly for all network questions.  Fath (2007) provides 

guidelines for network construction, one of which is exhaustiveness.  A model can only be 

exhaustive if system components are aggregated together which results in diverse and maybe 

heterogeneous nodes.  However, ecosystem models of energy–matter should explicitly include 

the species that are key participants in ecosystem processes relevant to energy flow.  

Decomposition is one such process, which is critical in the cycling of carbon and ecosystem 

functioning.  The explicit representation of detrital compartments has been shown to influence 

the results of trophic modeling (e.g. Allesina et al., 2005; Edwards, 2001; Fath and Halnes, 

2007).  Also vital to the adequate representation of carbon flow are the species that mediate this 
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decomposition and their microbial consumers, and species that consume small phytoplankton.  I 

found that models with some explicit representation of the microbial food web tended to have 

more recycling and therefore more indirect effects.  Figure 5 shows that a significant amount of 

cycling is indeed being mediated by the microbial food web components in many of the models 

in Model Set 2.  Further, 10 out of the 15 models excluded from Model Set 2 had I/D < 1, while 

only 4/35 had I/D < 1 in Model Set 2.   

Failures of the Dominance of Indirect Flows Hypothesis in Model Set 2 

Despite the tendency for I/D to exceed unity, some of the models in Model Set 2 had 

direct flows that exceeded indirect flows.  To investigate these failures I used the idea that 

communities that export or bury the products of primary production are typically considered 

autotrophic, as these products are less available for heterotrophic use (Duarte and Cedbrián, 

1996).  I would expect autotrophic systems to have a higher tendency to fail the dominance of 

indirect flows hypothesis as a loss of energy-matter means there is less available for recycling, 

thus less indirect flow.  While productivity estimates were not published for all models and I was 

not able to use them widely in this work, these ideas are useful in the potential explanation of the 

failure of the hypothesis.   

The St. Marks seagrass, sites 3 and 4, are two of the four models that reveal an I/D < 1 in 

Model Set 2.  These, along with the other two St. Marks sites, provide an example of a system 

where the underlying ecology may legitimately contribute to a lack of indirect flow dominance.  

A combination of site location and production and cycling measures can help to explain my 

findings.  First, the location of these sites can provide useful information.  The sites that exhibit 

I>D (Figure 3) are located within the relatively protected Goose Creek Bay (Baird et al., 1998).  

The sites that show I<D (Figure 3) are located in more flow-thru areas; site 3 is located within 
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the mouth of the St. Marks River, and site 4 is located just outside of this mouth (Baird et al., 

1998).  Supporting this, site 3 has a low residence time compared to the other sites (Baird et al. 

1998).  Looking at production measures, we see that site 3 has greater production and a larger 

production/biomass ratio (Baird et al. 1998), indicating that the products of production are likely 

exiting the system and cannot be recycled at that site.  Finally, we also see that the average 

system level and microbial food web FCI for sites 1 and 2 is greater than for sites 3 and 4 (Table 

1 and Figure 5).  Thus, while the cycling in this system is generally low, there is clearly more 

cycling occurring at sites 1 and 2 and a significant portion of this is being mediated by bacterial 

decomposition.   

Taken together, site 3 is a largely autotrophic community where the products of primary 

production are quickly exported from the system and cannot be utilized by the indirect pathways.  

Site 4 is located just outside the mouth of the St. Marks River, and while the residence time and 

measures of production are not notably different than sites 1 and 2, it can be reasoned that its 

proximity to the river, versus the bay, contribute to its likeness to site 3 versus sites 1 and 2 in 

regards to cycling and I/D.   In both sites 3 and 4 the use of recycled carbon is not as prevalent, 

and therefore the relative role of bacteria in generating TST is not nearly as important. This 

diminished role of bacteria at sites 3 and 4 is seen in both the FCI decomposition (Figure 4) and 

the average EC (Figure 5).  This congruence further supports the utility of the EC metric (Fann, 

2009).  In conclusion, the failure of dominance of indirect flow in sites 3 and 4 of the St. Marks 

seagrass system is likely due to the ecological dynamics at these sites.  In addition, the inter-site 

comparisons reveal the potential role of bacteria in contributing to the magnitude of indirect 

flows. 
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 The Cypress models (wet and dry) also have I/D < 1.  In this system detritus is largely 

buried (Ulanowicz et al., 1997), and thus the use of cycled carbon may not be significant, leading 

to diminished indirect flows. Therefore, this site can be considered autotrophic and like St. 

Marks seagrass sites 3 and 4.  The representation of the microbial components in this model may 

also be problematic.  The microbial food web is compressed into “living POC”, which includes 

bacteria, microprotozoans, and zooplankton, and “living sediments”, which includes 

bacterioplankton, microfauna, and meiofauna.  This aggregation hinders the ability of the flows 

within the microbial food web to contribute to the sum of indirect flows, and therefore may lead 

to this sum being smaller than it would be if the microbial food web components were not so 

highly aggregated.  However, this suggests that my analytical results are conservative.  This idea 

is further supported by Fath (2004) who demonstrated that indirect flows tend to increase with 

system size, though my results and those of Baird et al. (2009) do not match.  

This extreme aggregation of the microbial food web occurs in other models in which the 

I/D >1 (e.g. Graminoids wet and dry) so it may not be the sole cause of I/D < 1.  This suggests 

that the manner in which the microbial components are represented may matter, as opposed to 

just if they are or are not included in the model.  The detrital fluxes may also be a problem as 

flows to detritus are often determined based on the balancing procedure as opposed to 

empirically determined (e.g. Baird and Milne, 1981; Baird et al., 1991; Miehls et al., 2009a,b).  

Similarly, the dynamics within the microbial food web are difficult to determine empirically 

(Azam et al., 1983; Baird et al., 2009) and these compartments have not generally been the focus 

of many studies.  In sum, the decomposition process and the role of the microbial food web are 

to some degree speculation, leading to less confidence in the results presented in Figure 5.  

Despite the challenges of representing the microbial food web and detritus, the degree of 



 36 

variation in the role of the microbial food web I found is supported by the literature (as in Hart et 

al., 2000; Sommer et al., 2002) and the results here reinforce the importance of its inclusion in 

ecosystem models.   

Drivers of I/D Variation 

 An interesting result of NEA on all 50 ecosystem models is the lack of support for two of 

the four NEA hypotheses regarding under which conditions indirect flow intensity should 

increase in magnitude.  There was no obvious relationship between indirect flow intensity and 

the size of the system and connectance but there is a significant correlation between IFI and both 

DFI and FCI.  All four variables are predicted by the algebra of NEA to be positively correlated 

with the magnitude of IFI, and Fath (2004) shows a positive relationship between size of the 

system and indirect effects using cyber-ecosystems.  However, results garnered from the use of 

ecosystem models do not support these hypotheses.  My results only support the predictions for 

DFI and FCI.   

These results are similar to previous studies.  For example, analysis by Baird et al. (2009) 

also does not support the predicted relationship between I/D and n.  In addition, in an analysis of 

the same data set used here Borrett and Salas (2010) did not find evidence of the predicted 

relationship between homogenization and system size and connectance, and marginal support for 

the relationship between homogenization and FCI. These results taken together suggest there is 

potentially an aspect of real ecosystems that is not being captured in the algebraic predictions 

and or the cyber-ecosystem community assembly model (Fath 2004; Fath and Killian 2007).   

Fath’s original models (2004) are limited in their ability to reflect real ecosystems because they 

are overly simplified.  There are no discernible differences in the species within the defined 

functional groups, which is not an accurate reflection of natural systems since I would expect 
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some sort of niche differentiation.  In addition, the flow values appear to have been randomly 

assigned in these networks from a uniform random distribution.  Despite these simplifications, 

these models supported Higashi and Patten’s (1989) algebraic hypotheses.  Again, a key 

contribution of my work is that I tested the hypotheses on empirically derived ecosystem models. 

Methodological Challenges 

There are limitations of the model database that could influence the results.  These 

potential problems largely stem from the subjective nature of model construction.  For example, 

the models may be biased due to the limited authorship of the models in the database.  The act of 

constructing an ecosystem model entails many decisions that could affect the results of the 

analysis (Abarca-Arenas and Ulanowicz, 2002; Allesina et al., 2005; Pinnegar et al., 2005), and 

this may bias the overall results if a large percentage of the models are constructed by the same 

author or group of authors.  Despite this potential, there is observable variation in the I/D values 

for models constructed by the same author (e.g. Baird et al., 1991; Baird et al., 1998), suggesting 

that modeling decision bias does not necessarily obscure real ecological differences.  A second 

issue is that the models have different aggregation schemes.  Some models such as Lake Findely 

(Richey et al., 1978) have an extremely high degree of aggregation while others such as Lake 

Oneida (Miehels et al., 2009a,b) have much finer resolution.  These differences in model 

structure make it impossible to compare results between models (Baird et al., 1991), and might 

effect the overall conclusions of the study.  I doubt, however, that this potential bias would 

change my overall results.  Another limitation is my focus on trophically based models; I 

excluded more biogeochmically based ecosystem models from this study.  Previous results, 

however, suggest that indirect flows are even larger in biogeochemically based ecosystems 

models (Borrett et al., 2006; Borrett and Osidele, 2007; Borrett et al. 2010), but this remains to 
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be tested in a systematic fashion.  Lastly, where my sample size of 50 models is the largest 

assembled, it is still a relatively small sample. Despite these limitations, I argue that the model 

database used to test my hypotheses is a useful data set that is large enough to provide 

informative results.  

 

CONCLUSIONS 
 
 In this paper I present evidence that indirect flows tend to dominant direct flows in 

ecosystems.  I also demonstrate the importance of including the microbial food web in ecosystem 

energy models as this subweb is critical in mediating the flow of carbon in some ecosystems.  

Further, I found that my results were robust to error in the flow estimates, suggesting confidence 

in my results despite the difficulties of model construction.   

My core contribution with this paper is the demonstration of the generality of the dominance 

of indirect effects in empirically derived and trophically based ecosystem networks.  I show that 

when significant cycling was present in the model nearly every system examined had indirect 

flows dominating direct flows.  These results work in concert with several recent studies to 

provide strong support for the hypothesis.  For example, two studies suggest that relaxing the 

steady-state assumption of NEA would generate similar results.  Borrett et al. (2006) found that 

indirect flows remain dominant in the Neuse River Estuary despite temporal variability, and 

Borrett et al. (2010) show that indirect flows develop very rapidly in ecosystems, indicating that 

an ecosystem does not need to remain at a certain configuration for long before indirect flows 

will be dominant.  This latter conclusion was made using both trophic and biogeochemical 

networks, indicating that the results are not restricted to trophically-based ecosystem models, as 

is used in this work.  My findings, in combination with the initial algebra (Higashi and Patten, 
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1986, 1989), theoretical work (Fath, 2004), and the increasingly common empirical evidence, 

provides strong support for the systems ecology hypothesis that indirect flows dominate direct 

flows in ecosystems. 
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            Table 1: Ecosystem network models used and some of their key features. 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Model Units n* C* TST* FCI* I/D* Source

Lake Findley2 gC m-2 yr-1 4 0.38 51 0.30 1.72 Richey et al. 1978
Mirror Lake2 gC m-2 yr-1 5 0.36 218 0.32 1.86 Richey et al. 1978
Lake Wingra2 gC m-2 yr-1 5 0.40 1517 0.40 1.86 Richey et al. 1978
Marion Lake2 gC m-2 yr-1 5 0.36 243 0.31 2.18 Richey et al. 1978
Cone Springs2 kcal m-2 yr-1 5 0.32 30626 0.09 1.02 Tilley 1968
Silver Springs1,2 kcal m-2 yr-1 5 0.28 29175 0.00 0.20 Odum 1957
English Channel1,2 kcal m-2 yr-1 6 0.25 2280 0.00 0.44 Brylinsky 1972
Oyster Reef Kcal m-2 yr-1 6 0.33 84 0.11 1.58 Dame and Patten 1981
Somme Estuary2 mgC m-2 d-1 9 0.30 2035 0.14 0.74 Rybarczyk et al. 2003
Bothnian Bay gC m-2 yr-1 12 0.22 130 0.18 1.97 Sandberg et al. 2000
Bothnian Sea gC m-2 yr-1 12 0.24 458 0.27 2.52 Sandberg et al. 2000
Ythan Estuary2 gC m-2 yr-1 13 0.23 4181 0.24 1.89 Baird and Milne 1981
Baltic Sea mgC m-2 d-1 15 0.17 1974 0.13 1.93 Baird et al. 1991
Ems Estuary mgC m-2 d-1 15 0.19 1019 0.32 2.95 Baird et al. 1991
Swarkops Estuary mgC m-2 d-1 15 0.17 13996 0.47 2.73 Baird et al. 1991
Southern Benguela Upwelling mgC m-2 d-1 16 0.23 1774 0.19 1.24 Baird et al. 1991
Peruvian Upwelling mgC m-2 d-1 16 0.22 33496 0.04 1.16 Baird et al. 1991
Crystal River (control)2 mgC m-2 d-1 21 0.19 15063 0.07 0.67 Ulanowicz 1986, 1995
Crystal River (thermal)2 mgC m-2 d-1 21 0.14 12032 0.09 0.71 Ulanowicz 1986, 1995
Charca de Maspalomas Lagoon mgC m-2 d-1 21 0.13 6010331 0.18 2.69 Alumunia et al. 1999
Northern Benguela Upwelling mgC m-2 d-1 24 0.21 6608 0.05 1.04 Heymans and Baird 2000
Neuse Estuary (early summer 1997) mgC m-2 d-1 30 0.09 13826 0.12 1.48 Baird et al. 2004b
Neuse Estuary (late summer 1997) mgC m-2 d-1 30 0.11 13038 0.13 1.31 Baird et al. 2004b
Neuse Estuary (early summer 1998) mgC m-2 d-1 30 0.09 14025 0.12 1.41 Baird et al. 2004b
Neuse Estuary (late summer 1998) mgC m-2 d-1 30 0.10 15031 0.11 1.26 Baird et al. 2004b
Gulf of Maine g ww m-2 yr-1 31 0.35 18382 0.15 2.11 Link et al. 2008
Georges Bank g ww m-2 yr-1 31 0.35 16890 0.18 2.58 Link et al. 2008
Middle Atlantic Bight g ww m-2 yr-1 32 0.37 17917 0.18 2.78 Link et al. 2008
Narragansett Bay mgC m-2 yr-1 32 0.15 3917246 0.51 6.93 Monaco and Ulanowicz 1997
Southern New England Bight g ww m-2 yr-1 33 0.03 17597 0.16 2.56 Link et al. 2008
Chesapeake Bay mgC m-2 yr-1 36 0.09 3227453 0.19 2.76 Baird and Ulanowicz 1989
St. Marks Seagrass, site 1 (Jan) mgC m-2 d-1 51 0.08 1316 0.13 1.70 Baird et al. 1998
St. Marks Seagrass, site 1 (Feb) mgC m-2 d-1 51 0.08 1591 0.11 1.66 Baird et al. 1998
St. Marks Seagrass, site 2 (Jan) mgC m-2 d-1 51 0.07 1383 0.09 1.24 Baird et al. 1998
St. Marks Seagrass, site 2 (Feb) mgC m-2 d-1 51 0.08 1921 0.08 1.30 Baird et al. 1998
St. Marks Seagrass, site 3 (Jan) mgC m-2 d-1 51 0.05 12651 0.01 0.12 Baird et al. 1998
St. Marks Seagrass, site 4 (Feb) mgC m-2 d-1 51 0.08 2865 0.04 0.71 Baird et al. 1998
Sylt Rømø Bight mgC m-2 d-1 59 0.08 1353406 0.09 1.54 Baird et al. 2004a
Graminoids (wet) gC m-2 yr-1 66 0.18 13677 0.02 1.20 Ulanowicz et al. 2000
Graminoids (dry) gC m-2 yr-1 66 0.18 7520 0.04 1.41 Ulanowicz et al. 2000
Cypress (wet) gC m-2 yr-1 68 0.12 2572 0.04 0.62 Ulanowicz et al. 1997
Cypress (dry) gC m-2 yr-1 68 0.12 1918 0.04 0.70 Ulanowicz et al. 1997
Lake Oneida (pre-ZM)2 gC m-2 yr-1 74 0.22 1638 <0.01 0.17 Miehls et al. 2009a
Lake Quinte (pre-ZM)2 gC m-2 yr-1 74 0.21 1467 <0.01 0.15 Miehls et al. 2009b
Lake Oneida (post-ZM)2 gC m-2 yr-1 76 0.22 1365 <0.01 0.41 Miehls et al. 2009a
Lake Quinte (post-ZM)2 gC m-2 yr-1 80 0.21 1925 0.01 0.30 Miehls et al. 2009b
Mangroves (wet) gC m-2 yr-1 94 0.15 3272 0.10 1.69 Ulanowicz et al. 1999
Mangroves (dry) gC m-2 yr-1 94 0.15 3266 0.10 1.70 Ulanowicz et al. 1999
Florida Bay (wet) mgC m-2 yr-1 125 0.12 2721 0.14 1.73 Ulanowicz et al. 1998
Florida Bay (dry) mgC m-2 yr-1 125 0.13 1779 0.08 1.29 Ulanowicz et al. 1998

* n is the number of nodes in the network model, C = L/n 2  is the model connectance when L  is the number of direct links or energy-matter 
transfers,                                            is the total system throughflow, FCI  is the Finn Cycling Index, and I/D  is the indirect/direct flow ratio.
Superscrips indicate models excluded from Model Set 2 due to lack of cycling structure (indicated by a superscript of 1) and/or no microbial 
food web components (indicated by a superscript of 2).

∑∑ ∑+= ii zjfTST
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Figure 1:  Hypothetical example ecosystem network with n = 4.  A) Information regarding who 
is connected to whom in the network is in the adjacency matrix, A.  The actual amount of energy 
flowing between the nodes is found in the flow matrix, F.  Energy being transported across the 
system boundary into the nodes (e.g. sediment transport) is represented in z , and energy exiting 
the system across the boundary (e.g. respiration) is in y .  B) Direct flow intensity is represented 
in G, and is the percentage of energy each node receives directly from each other node.  When G 
is raised to a power m, the resulting matrices represent the indirect flow intensity between the 
nodes over all the paths of length m.   
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Figure 2:  Indirect/direct (I/D) flow ratio for 50 empirically derived and trophically-based 
ecosystem models.  Black bars are networks composing Model Set 2, those models that satisfy 
the second set of criteria of cycling structure and representation of the microbial food web.  
Extension of bars beyond I/D = 1 indicates indirect flow dominance.  The range of uncertainty 
between maximum and minimum values generated from my Monte-Carlo type uncertainty 
analysis is indicated for each model by the error bars.  A few of these I/D values have been 
previously published using an alternate calculation: 1Jørgensen and Fath 2007; 3Baird et al. 2009; 
4Borrett et al (2010).  Only one value has been published using the calculation I use here: 
2Borrett et al. (2006). 
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Figure 3: Test of the relationship between indirect flow intensity (IFI) and (A) system size, n, (B) 
connectance, C, (C) direct flow intensity, DFI, and (D) Finn Cycling Index, FCI.  There is no 
significant linear relationship between IFI and system size (r2 = 0.069; p = 0.066) and 
connectance (r2 = 0.022; p = 0.31). 
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Figure 4: Rank order percentage of Finn Cycling Index (FCI) that is mediated by components of 
the microbial food web in the ecosystem models in Model Set 2. 

 
 
 
 
 
 
 
 
 
 



 52 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5:  Average Environ Centrality for St. Marks seagrass system, site 1 (A, B), site 2 (C, D), 
site 3 (E), and site 4 (F).  Average Environ Centrality is the percentage of TST mediated by each 
node.  The nodes are ranked on the x-axis from highest to lowest Average Environ Centrality, 
with the three highest ranking nodes indicated.  Note the dominance of particulate organic 
carbon (POC) and benthic bacteria, suggesting the importance of the microbial food web to 
carbon flow. 

 
 
 
 
 
 
 
 



CHAPTER 3:  EVIDENCE THAT NESTED, ASYMMETRIC INTERACTIONS IN 
MUTUALISTIC COMMUNITIES DO NOT CONTRIBUTE TO THIER 

EVOLUTIONARY STABILITY 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 54 

 
ABSTRACT 

 
Mutualistic communities have characteristic patterns of interactions called nestedness and 

asymmetric dependencies.  These patterns are hypothesized to affect the coevolution of the 

species within these communities.  I tested this hypothesis using a general individual-based 

model that simulates evolution of species within mutualistic communities. Experiments 

investigated the community-wide effects of a source of novel selection, here a species invasion, 

placed on a single species in a nested, asymmetric network versus a random, symmetric network.    

I hypothesized that the nested, asymmetric networks would show greater evolutionary stability 

than the random, symmetric networks, as defined by a resistance of species to diverge from 

equilibrium either qualitatively (trait matching) or quantitatively (shift in value of traits).  

Further, I hypothesized this stability will depend on the network position of the species first 

targeted, and the strength of the novel selection.  My results show no evolutionary stability 

advantages of nested networks.  The community fragments when a specialist is targeted, but the 

remainder of the native community remains stable; the degree and duration of the fragmentation 

increases as selection strength increases until it is permanent at the highest level.  When a 

generalist is targeted there is no fragmentation, although there is a quantitative shift in 

equilibrium.  I hypothesize that the ability of selection to propagate, and therefore allow for 

evolutionary stability, is dependent on all species being connected via indirect pathways, rather 

than the pattern of interactions. 

 
 

INTRODUCTION 
 

The stripes of a zebra or the hexagonal structure of a beehive are patterns in nature with a 

specific function. A herd of zebras confuses predators, and the hexagon makes for efficient use 
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of space and resources.  Other patterns with functions are less obvious and require the mapping 

of species interactions [1].  This paper focuses on mutualistic interactions.  The mutualistic 

communities considered here are structured with two groups of species, or guilds (e.g. plants and 

pollinators), whose members interact with species of the opposite guild [2].  Interactions are 

mediated by a core set of traits, hypothesized to serve as an evolutionary stable strategy [3].  

These communities are characterized as having a specific architecture of species interactions 

called nestedness, a pattern of interactions formed when specialists tend to interact with 

generalists (Figure 6a,b; [2,4,5,6]).  These communities also have asymmetric dependencies 

between partners (hereafter asymmetry) [7,8].  Nestedness and asymmetry have been found in a 

diverse array of systems, from plant-pollinator to marine cleaning mutualisms [2,9,10,11].  These 

properties are also suggested to aid in ecological stability as they increase species persistence and 

biodiversity [5,12,13,14,15,16,17].  Despite knowing the ecological stability conferred by the 

properties of nestedness and asymmetry, less is known about the potential evolutionary stability 

these properties provide against novel selection that could potentially disrupt the mutualism. 

  Novel selection or altered gene flow to one or more species could have evolutionary 

consequences for the entire network.  These sources of disturbance are system dependent yet 

could produce similar outcomes.  Terrestrial communities such as pollination and seed dispersal 

networks are susceptible to habitat fragmentation [18,19], and marine mutualistic communities 

can undergo changes in larval dispersal due to climate change or reserve design [20,21,22].  

These disturbances can modify or reduce gene flow, potentially causing local mismatches 

[23,24] or increased genetic drift [25] for one or more species in the network.  Climate change 

also can alter terrestrial communities by changing the phenologies of plants and pollinators; the 
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resulting asynchrony can have severe consequences for the interaction [26,27,28], potentially 

changing selection on the mediating trait in the affected species.   

Mutualistic networks tend to be highly susceptible to invasion because the core sets of 

traits that mediate the interaction are similar worldwide [3].  For example, plant-pollinator 

networks have experienced integration of invasive species [29,30,31,32,33,34]. Invasion is 

typically mediated by a native generalist species [33,34,35,36], and can also be facilitated by 

invader traits such as conspicuous flowers [37], longer flowering period [30], and competitive 

ability [31,38].  The influence of an invader on the community can be strong relative to native 

species [35,37,38] and can negatively influence the fitness of natives [33,38].  If a source of 

novel selection such as changes in gene flow or an invasive species alter selection for the trait 

that mediates the mutualistic interaction in even a single species, partners reliant on this species 

could also be affected if the novel selection propagates through the network [10].       

 The likelihood that additional species will be affected depends on community context, 

which can influence selection on and the evolutionary trajectory of the species within the 

community [3,39,40,41].  For example, diffuse selection occurs when the relative fitness 

associated with a species’ trait, and thus selection on that trait, is dependent on community 

composition [42].  Community genetics discusses ideas such as the extended phenotype [43] and 

interspecific indirect genetic effects [44], both of which suggest that a species’ genes can have 

effects beyond its population, influencing other species and the community (see also [45]).  Both 

Whitham et al. [43] and Shuster et al. [44] describe situations in which selection on arthropods is 

dependent on the genetic composition of their host tree species, which in one study further 

determined selection on the parasatoids of an insect species [43].  Thus, genetically based 

interactions provide pathways for selection to cascade through a network of species [10,46].   
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The pattern of connections within the network will strongly influence if and to what 

degree such cascades occur [10].  The pattern of nestedness and asymmetry that are 

characteristic of mutualistic communities are hypothesized to influence the (co)evolution of the 

component species [2,4,10,47].  All species are closely connected, as shown by Olesen et al. [48] 

for pollination networks and Guimarães et al. [10] for ant-plant networks, providing direct and 

indirect pathways for selection to propagate [10].  Thus, the function of the nested architecture 

and asymmetry in mutualistic communities may also include an evolutionary role, such as 

stabilization of the traits that mediate the mutualistic interaction. 

In this study I tested the hypothesis that nestedness and asymmetry provide mutualistic 

networks differential evolutionary stability, as defined by all species maintaining the 

community’s equilibrium, or matching traits. The network topology that provides pathways for 

the distribution of selection will allow the species within a mutualistic community to quickly 

adapt to novel selection, even if only initially experienced by one species.  Individual fitness is 

gained by trait complementarity [3]; thus, the actual value of the trait is less important than that it 

matches the complementary trait of its mutualistic partner(s).  Therefore, the equilibrium may 

change in value, but not in function. Here I made this distinction between a quantitative (value of 

trait) versus a qualitative (trait matching) change in equilibrium.  The stability of the network 

may depend on the strength of the novel selection, and the network position of the species that is 

initially affected.  Therefore, I tested the following auxiliary hypotheses. First, I hypothesized 

that a nested, asymmetric network will be equally stable to novel selection targeting either a 

generalist or specialist species given the asymmetry.  Second, I hypothesized the stability of the 

network will decrease as the strength of the novel selection relative to selection from native 

species increases.   
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METHODS AND MATERIALS 

I tested these hypotheses by using an individually-based model on bi-partite networks 

that represent a community of two guilds whose species interact mutualistically with species of 

the opposite guild.  The community reaches equilibrium, at which point an invasive species is 

introduced to investigate any changes in equilibrium, thus indicating stability.  First, I introduce 

the model generally, and then discuss the model as it is used in my experimental design.  Please 

refer to Table 2 for a summary of parameter and response variable symbols and values.   

Model Description 

 I modeled a community composed of two mutualistically interacting guilds.  There were 

v species in each guild and z individuals in each species.  Each individual was characterized with 

a quantitative trait value T (0 ≤ T ≤ ∞) representing the trait that is mediating the mutualistic 

association (as in [49]).  It was assumed that some combination of genetic loci combine to 

produce this phenotypic trait (as in [43]). To initiate the model these trait values were picked at 

random from a normal distribution with defined mean and standard deviation.   

 Simulation time was measured in distinct model time steps.  In each time step both 

reproduction and death events occurred.  First, relative fitness was determined for all individuals 

and was dependent on the degree of phenotypic (trait value) matching with their mutualistic 

partners.  This model assumes that greater matching confers greater fitness (e.g. [49]). All 

individuals in species k were randomly assigned P individual partners from each partner species. 

The total number of mutualistic species interacting with species k is Mk and ranges from 1 to v 

connections, depending on the generality of species k.  Thus, the more general the species the 

more individual partners with which an individual of that species interacts [47].  The sum of the 

distance between the trait values (T) for each individual i of species k and its individual partners 
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was determined.  These values were multiplied by the dependency (d) of species k. From this the 

carrying capacity of the guild to which i belongs was subtracted to account for intraguild 

competition. Carrying capacity is the sum of individuals in each guild (g) multiplied by the 

scaling parameter CC.  The term g was equal to z×v until the invader was introduced, after 

which it was z(v + 1) for the guild of the invader.  These steps to calculate the fitness (w) for each 

individual i of species k are summarized in Eq. (1):  
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S allows for the invader to impose stronger selection on its partner species relative to the native 

species.  If the interaction was between natives or the invader has no strength relative to the 

native species, S = 1.  I then calculated relative fitness (r) for each individual i of species k by 

Eq. (2):  
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where 
k

wmin is the minimum fitness value found in species k and 
k

wmax  is the maximum fitness 

value found in species k.
 

For reproduction, two individuals from each species were chosen with a probability 

determined by their relative fitness to have a chance to sexually reproduce (as in [49]).  An 

offspring was produced that was defined by a trait value that was the mean of the parent’s trait 

values, with the parameter u added or subtracted to represent the per-generation rate of new 

genetic variation arising from mutation and recombination.  The second event in each time step 

is death; an individual from each species k is randomly chosen to die.  Therefore, I assumed 

constant population sizes. 
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 After the model was initiated, the system was allowed to reach Equilibrium 1, defined by 

a change in the mean trait value (MTV) less than the threshold of 0.001 for each species over 

2500 time steps.  I chose this threshold because it was a compromise between trait matching and 

computation time.  The community mean trait value (CMTV) is the average of the MTV of all 

species and represents the quantitative equilibrium for that community.  When Equilibrium 1 was 

reached, selection was introduced to the community in the form of an invasive species whose 

trait value was q greater than the CMTV at Equilibrium 1 (CMTV1).  The mean of the initial 

invader trait values was equal to that used for the native species when the model was initiated. 

However, the standard deviation of the initial invader trait values was equal to the standard 

deviation of the native species trait values at Equilibrium 1.  I observed that model behavior 

differs depending on the relative amount of  “genetic diversity”, or standard deviation of the 

species’ trait values, of the invader versus the native species.  The invasive species is a specialist 

that interacts with either a native generalist or specialist species (the target) in either guild.  

Equilibrium 2, and the end of the simulation, was reached when all species met the same 

equilibrium condition as used for defining Equilibrium 1 after the invasion event; CMTV2 is 

defined at Equilibrium 2. 

Experimental Design 

I will now describe the general model discussed above as it was used specifically to 

addresses my hypotheses.  For all experiments, v = 16 and z = 100.  Further, all species were 

initiated with a mean trait value of 0.5, and all native species a standard deviation of 0.12.  Each 

individual interacted with P = 10 individual partners from each partner species, and genetic 

variability added or subtracted to the offspring (µ) is 2x10-4.  Lastly, because the model is 

presented generally it includes the terms representing carrying capacity as a density dependent 
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mechansim to control the population growth rate.  However, because in this work I did not 

incorporate changes in population sizes the representation of carrying capacity was not necessary 

and is nullified by CC = 1x10-6.  Parameter values were chosen taking into consideration 

computation time.   Please see Table 2 for a summary of these values.   

I manipulated three independent factors in the model simulations to test the hypotheses.  

Factor 1 was network structure, which had two types.  These were the nested, asymmetric 

networks (herafter “nested”) versus the random, symmetric networks (hereafter “random”), thus 

two treatments that addressed the first hypothesis.  Factor 2 was attachment to a specialist (toS) 

versus attachment to a generalist (toG), thus two treatments that addressed the second 

hypothesis.  Lastly, factor 3 was strength of the invader and I used the values of S = 1, 2, or 10, 

thus three treatments that addressed the third hypothesis.  Therefore, I conducted 12 experiments. 

I performed 1000 simulations of each experiment using MATLAB© and MATLAB© on the 

TeraGrid at Cornell University.  The MATLAB©  program used to run these simulations is found 

in Appendix A. 

   I hypothesize that nested networks will be more evolutionarily stable than random 

networks. Therefore, the response variables must incorporate measures of stability.  Two major 

stability concepts are resistance, staying unchanged despite a disturbance, and resilience, 

returning back to the original state after a disturbance [50].  First, I investigated the qualitative 

resistance of the community’s equilibrium, defined by a standard deviation of the species trait 

values less than 0.001 after the invasion event.  A quantitative measure of resistance is the 

change in the species’ trait values at equilibrium, or ∆CMTV = |CMTV2–CMTV1|.  A significant 

shift is defined as ∆CMTV greater than 0.001, and for each experiment the mean ∆CMTV is 

presented with variability measured by standard deviation.  I also measure the resistance of each 
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individual species to deviation from equilibrium.  Once the invader is introduced, any ΔMTV 

greater than 0.001 relative to that species MTV at Equilibrium 1 is considered significant and 

that species is termed a deviant.  Thus, species can be deviants even if they maintain trait 

matching with their partners as the term is used for any species that deviates from their initial 

equilibrium value; it is possible for all species to deviate in unison and thus maintain trait 

matching.  For deviants, I present the mode, with variability measured by the mean of the non-

zero absolute deviations from the mode.  Lastly, I define Time to Equilibrium (Teq) as the time 

from when the invader is introduced until Equilibrium 2 is reached.  I also looked at the entire 

community (native species plus invader) versus the native community minus the target to 

investigate the impact of the selection on the species that do not directly interact with the 

invader.   

     Network Construction 

We needed two types of network structure, nested and random.  The model described 

above relies on species interactions, specified by the adjacency matrix A, which was a v x v 

binary interaction matrix where aij = 1 indicates an interaction between species i and species j 

and aij = 0 otherwise.  I constructed nested matrices by starting with a perfectly nested matrix and 

perturbing 5% of these interactions by randomly switching 1s and 0s.  Connectance (C = L/v2, 

where L is the number of links in the network) is 53.1%, similar to values found in like-sized 

networks with higher connectance.  For example, Jordano et al. [4] report a 17 x 16 plant-

frugivore system with C = 51.8%, and Jordano [7] reports a 16 x16 plant-seed dispersal system 

with C = 52.7%.   I measured the nested value of each matrix using the BR measure of 

nestedness and 5000 equiprobable-equiprobable (EE) null models [51,52,53].  The BR measure 

takes a z-score of the number of discrepancies in the matrix; a discrepancy is a matrix position 
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that would need to be changed to produce a perfectly nested matrix. I defined nested matrices as 

having BR > 5.2 .  The nested matrices have a mean BR = –11.0 (σ = 0.48).  The minimum BR 

value is –12.8 and the maximum value is –9.5.  The MATLAB©  code to construct nested 

matrices is found in Appendix B. 

I constructed random matrices to be used as null models by randomly assigning ones to a 

v x v matrix.  Connectivity was maintained and the z-score of BR fell between –2.5 and 2.5, after 

nestedness was measured as above.  The random matrices have a mean BR = –1.28 (σ = 0.71).  

The minimum BR value is –2.4 and the maximum value is 1.1.  The MATLAB©  code to 

construct random matrices is found in Appendix C. 

For both nested and random matrices I used only those that had both a specialist and 

generalist species, as defined by the former having v partner species and the latter one partner 

species.  The same two sets of 1000 matrices were used for all nested and random experiments, 

respectively, and all simulation runs within an experiment used a unique matrix.  Examples of 

graphical representations of these networks are provided in Figures 6a and 6b. 

In addition to the nested structure of mutualistic networks, these communities have 

asymmetry of dependencies.  This is incorporated with the parameter d, which weights the 

phenotypic distances.  Therefore, d of species k in nested networks was calculated as dk = 1/Mk.  

Random networks do not have the characteristic of asymmetric dependencies so the dependency 

for each species was 0.2, the approximate mean of the dependencies of the species in the nested 

networks.  Thus, the dependencies in the random networks were symmetric.  The dependency 

value for the invasive species in both nested and random networks was 0.2.  To test the realism 

of the pattern of the dependency values, I used the concept of species strength from Bascompte 

et al. [12].  Species strength is calculated for a species by summing the dependencies of all 
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species that interact with the focal species.  Bascompte et al. [12] found for empirical networks 

that species strength increases faster than connectance. 

Analysis 

First, I needed to establish that 1000 runs was a sufficient sample size for this stochastic 

model.  To do so, I calculated a running average of the response variables ΔCMTV and 

community Teq.  The running average plots of these two response variables were generally 

stabilized by 1000 runs (Figure 7), supporting my selection of sample size.    The experimental 

results were analyzed using a randomization test with 10000 replicates. 

To test the effects of the parameters on general system behavior I performed a sensitivity 

analysis on the following parameters: standard deviation of initial populations, number of 

individual partners from each partner species (P), dependency (d), and genetic variability (u).  I 

ran 500 simulations using ± 50% of each parameter individually until Equilibrium 1 was reached 

and analyzed the results using a Wilcoxon test.  This sensitivity analysis was done mainly to 

investigate the general effects of the parameters on model behavior.         

  

RESULTS 

 Here I first present the results addressing the realism of the asymmetry values.  Then 

results are presented specific to each factor of nested versus random, the generality of the 

targeted species, and strength of the invader.  Finally, I present the results from the sensitivity 

analysis. 

Species Strength 

For nested networks, species strength increases faster than species connectance (Figure 

6c).  This is seen by the fit of a quadratic curve; the mean r2 for the 1000 nested communities is 
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0.90.  The quadratic AIC is 3.7 versus the linear AIC of 21.8.  The relationship for the random 

networks is linear (r2 =1; Figure 6d). 

Factor 1: Nested versus Random Networks 

My primary hypothesis was that the equilibrium in nested networks would be more stable 

to a source of novel selection than random networks.  The results show no difference, however, 

between the nested and random experiments, as they produced the same qualitative and often the 

same quantitative results (Table 2) in response to the specific perturbation introduced in these 

experiments.   

Factors 2 and 3: Attachment to a Specialist versus Generalist and Invader Strength 
 

Here I present results addressing the second and third hypotheses.  Since there were no 

substantial differences between nested and random experiments, the results are not presented 

specific to factor 1.  If two values are given, the first is for the nested experiment and the second 

is for the random experiment; otherwise a single value denotes that it was approximately the 

same for both.  The significance of the randomization test comparing toS vs. toG varied 

depending on strength (Table 2), and results comparing invasive species strength were always 

highly significant (p = 0).  As such, I present the results specific for target species type (factor 2) 

and invader strength (factor 3). 

     Attachment to a Specialist 

For all three strength values the native community, not including the target, maintained 

phenotypic matching from its onset at Equilibrium 1 through the end of the simulation, as the 

mean standard deviation of the MTV for these species was less than 0.001.  Thus, the native 

community, not including the target, was qualitatively resistant to the disturbance of the invasive 

species.  However, the whole community is not qualitatively resistant at any strength level.  
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 When the strength of the invader was set equal to that of the native species (S = 1), the 

target species deviates from the rest of the community by an average ΔMTV = 0.0025 (σ = 

0.0053 and 0.0052) but rejoins the community with the approach of the invader to the native 

community’s equilibrium trait value (Figure 8a), thus showing resilience.  In the majority of the 

runs (588 and 571 out of 1000; Figure 9a) this is the only deviant; however, in the remainder of 

the runs some number of small magnitude deviants exist (variability = 20.6 and 20.4; Figure 9a).  

The average deviation of the native species minus the target is 0.00082 (σ = 0.00025 and 

0.00024); therefore, the remainder of the deviants experienced a shift just over the threshold of 

0.001.  The ΔCMTV is 0.00071 (σ = 0.00027; Figure 9b), or less than 1%, for both the 

community and natives minus target, which is less than the threshold of 0.001, thus the native 

community is quantitatively resistant to the disturbance. The mean Teq for the community is 

87,184 and 87,638 (σ = 1,316 and 1,302; Figure 9c) and mean Teq for the natives minus target is 

7,737 and 6,624 (σ = 12,770 and 10,995; Figure 9c).   

 When the strength of the invader is double that of the native species (S = 2), the target 

species deviates from the rest of the community by an average ΔMTV = 0.046 (σ = 0.00073 and 

0.00074) but again shows resilience when it rejoins the native community with the approach of 

the invader (Figure 8b).  In addition to this major deviant, there are also in the majority of runs 

(858 and 863 out of 1000) 31 additional deviants (variability = 19.2 and 18.1; Figure 9a).  The 

average deviation of the native species minus the target is 0.0014 (σ = 0.00034 and 0.00033).  

The ΔCMTV is 0.0013 (σ = 0.00028 and 0.00027; Figure 9b), or less than 1%, for both the 

community and natives minus target, which is greater than the 0.001 threshold.  Thus, we see 

that the native community is not quantitatively resistant to the disturbance.  Mean Teq for the 
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community is 162,718 and 163,052 (σ = 3,314 and 3,152; Figure 9c) and mean Teq for the 

natives minus the target is 66,665 and 64,230 (σ = 31,730 and 30,564; Figure 9c).      

 For S = 10, or when the strength of the invader is 10 times that of the evolutionary 

influence of a native species, the native community fragments (Figure 8c).  The target species is 

pulled away from its native partners and reaches equilibrium with the invader, who never 

matches the native community (Figure 8c); therefore the target shows no resilience.  In the 

majority of the runs (963 and 983 out of 1000) the target is the only deviant; however, in the 

remaining cases there are additional species deviations (variability = 8.7 and 7.9; Figure 9a).  

These are minimal given the average deviation of the native community minus the target is 

0.0005 (σ = 0.00018 and 0.00016).  The ΔCMTV is 0.0033 (σ = 0.0002; Figure 8b); however, 

the ΔMTV for the native community minus target is 0.00041 and 0.00040 (σ = 0.00022 and 

0.00020; Figure 8b), or less than 1%, which is below the threshold.  The mean Teq for the 

community is 44,140 and 43,743 (σ = 652) and mean Teq for the natives minus target is 217 and 

81 (σ = 1,429 and 678).  Therefore, we see that the native community, not including the target, 

shows the highest degree of quantitative resistance when the strength of the invader is at its 

maximum.  However, the community as a whole shows the least stability since it permanently 

fragments; one portion equilibrates at the initial equilibrium value and two species equilibrate at 

another.   

      Attachment to a Generalist 

 When the targeted species is a generalist, there is no longer a distinction between one 

major and several lesser deviants, and the invader always converges with the native community 

(Figures 7d-2f).  Further, the ΔCMTV is equivalent to the ΔMTV for the native community 

minus the target (Figure 9e).  For all strength values the entire native community maintains 
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phenotypic matching from Equilibrium 1 through the end of the simulation, as the standard 

deviation of these species MTV is less than 0.001.  Thus, the entire native community is 

qualitatively resistant to the disturbance regardless of strength of the invasive species. 

When S = 1, in over half of the runs (598 and 595 out of 1000) there are no deviants 

(variability = 21.7 and 20.2; Figure 9d).  The degree of deviation when deviants do occur is 

minor given the average deviation of the natives minus target of 0.00081 and 0.00082 (σ = 

0.00025 and 0.00024).  The ΔCMTV = 0.00069 and 0.0007 (σ = 0.00028 and 0.00026; Figure 

9e), or less than 1%, which is below the threshold. Thus, the stable strategy of the community is 

quantitatively resistant to the disturbance. Mean Teq for the community is 86,522 and 86,145 (σ 

= 1192 and 1170; Figure 9f) and mean Teq for natives minus target is 6,686 and 5,779 (σ = 

11,510 and 10,363; Figure 9f).   

 When the strength of the invader increases to S = 2, the number of deviants increases to 

32 in the majority of the runs (934 and 955 out of 1000; variability = 15.6 and 11.4; Figure 9d).  

The average deviation of the natives minus target is 0.0015 (σ = 0.00028 and 0.00025) and the 

ΔCMTV = 0.0014 (σ = 0.00029 and 0.00026; Figure 9e), or less than 1%.  Mean Teq for the 

community is 85,951 and 85,884 (σ = 1147 and 1125; Figure 9f) and mean Teq for natives minus 

target is 34,765 and 35,290 (σ = 13,345 and 11,980; Figure 9f).     

 Finally, when invader strength is 10 times that of a native species (S = 10), in all runs 

there are 32 deviants (Figure 9d).  The average amount of deviation for natives minus the target 

is 0.0066 (σ = 0.00025 and 0.00024) and ΔCMTV = 0.0067 (σ = 0.00027 and 0.00026; Figure 

9e), or 1.3%.  Mean Teq for the community is 80,948 and 81,344 (σ = 1,053 and 1,041; Figure 

9f) and mean Teq for the natives minus the target is 72,049 and 71,945 (σ = 1,722 and 1,632; 
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Figure 9f).  In conclusion, at the two highest strength levels, ΔCMTV is over the threshold of 

0.001, indicating that the native community is not quantitatively resistant to the disturbance.   

Sensitivity Analysis 

I performed a sensitivity analysis on the four major parameters and analyzed the result of 

time to first equilibrium using a Wilcoxon test.  The parameters with p < 0.05 are P – 50% 

(number of individual partners from each partner species), σ ± 50% (standard deviation of initial 

populations), and u ± 50% (genetic variability). 

 

DISCUSSION 

I used a general model to investigate the hypothesis that the common characteristics of 

mutualistic communities influence the evolution of those species [2,5].  My focal hypothesis was 

that, compared to random networks, the equilibrium in nested networks would have greater 

stability when a source of novel selection was introduced to a species in the network.  In 

addition, I tested the hypotheses that the stability of the network does not depend on the 

generality of the species that first experiences the novel selection, and lastly that stability will 

decrease as the strength of the novel selection increases.  Contrary to the first hypothesis, the 

evidence suggests that nestedness and asymmetric dependencies do not influence the 

(co)evolution of species in a mutualistic community differently than occurs in a random network.  

There may be aspects of evolutionary stability conferred by the characteristics of mutualistic 

networks that are unexplored in this study.  Further, opposite of what was predicted in the second 

hypothesis, the evolutionary stability of the network does depend on the generality of the species 

the novel selection first influences; in toS experiments, the community fragments, and in toG 

experiments, the equilibrium is maintained, qualitatively if not also quantitatively.  The duration 
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and permanence of the fragmentation, and the degree to which there is a quantitative shift in the 

equilibrium, is dependent on the strength of the novel selection, supporting the third hypothesis. 

The Characteristics of Nestedness and Asymmetry Do Not Influence Coevolution 

The results suggest that the common characteristics of nestedness and asymmetric species 

dependencies do not differentially affect the (co)evolution of the species within these 

communities.  I argue that, despite not having direct evidence, coevolution is occurring in these 

models because reciprocal feedbacks are necessary for a community to reach and maintain 

equilibrium in this model.  Selection is driving the species to minimize the phenotypic distances 

between each individual and its partners, thus causing each species to evolve in response to each 

of its partner species.  Hence, the reciprocity necessary for coevolution [54] is present.    I also 

argue that the results conclusively do not support the hypothesis, despite the 10/36 significant 

values in the first portion of Table 3.  First, I am most interested in the evolutionary 

interpretation of the results, and it is clear from Figure 9 that there is no difference in evolution 

in nested and random experiments.  Second, the large sample size of 1000 runs for each 

experiment tends to inflate the differences that can be detected by formal statistical tests. 

 These finding are contrary to the predicted evolutionary influence of the nested, 

asymmetric characteristics of mutualistic communities.  For example, Bascompte et al. [2] 

suggest that nestedness has “…far-reaching consequences for coevolutionary interactions for 

species-rich communities” and Jordano et al. [5] states that the nested structure, including 

asymmetry, has important implications for coevolution.  While there could be evolutionary 

consequences of nestedness unexplored in this study, I did not find that evolutionary stability is 

unique to nested networks.  In a study similar to this work, Guimarães et al. [10] used a 

simulation model to investigate selection propagation in empirically-based nested ant-plant 
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networks and their random counterparts.  Their model randomly chose a species to evolve some 

trait that would affect its interaction with its partner species, each of which also evolved this trait 

with a probability dependent on its generality.  Guimarães et al. [10] found that the number of 

runs with one or more affected species (similar to deviants) was greater in random versus nested 

networks, the maximum number of affected species and the variance was greater in nested 

networks, and there was no difference in the mean number of affected species. The authors 

conclude there is a small possibility that many species could be affected by a change to a single 

species in nested networks, but these networks are less likely to allow coevolutionary changes 

than random networks.  Comparisons are difficult given the considerable difference in models, 

and connectance and the generality of the species first affected is not reported and unknown, 

respectively, in the study by Guimarães et al. [10].  However, using the S = 1 results, I find that, 

like Guimarães et al. [10], in the majority of the runs there are very few affected species, yet 

more occur in the remaining runs (Figure 9a,d). It is difficult to speculate why Guimarães et al. 

[10] found a difference between network types while I did not, but I argue that my model is 

better suited to address the question given my more realistic treatment of the evolutionary 

process.  Specifically, I model the change in “allele” frequency in species over time in response 

to selection, while Guimarães et al. [10] look at the chances of a species as a unit instantaneously 

adapting to the novel selection depending on its generality. 

 While I do not show a difference in coevolutionary dynamics between nested and random 

networks, both network types do exhibit characteristics that are predicted in the literature for 

nested communities.  These are 1) the core of generalist species is predicted to drive the 

evolutionary dynamics in the network, and 2) the coevolutionary process in mutualistic networks 

lies between pair-wise and diffuse evolution [2,5].  The results reflect the former, as the largest 
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ΔCMTV is seen when the invader attaches to a generalist (Figure 9b versus Figure 9e for S = 2 

and S = 10).  The results also support the second prediction.  Most species have more than one 

mutualistic partner, and the individuals of those species reproduce dependent on their phenotypic 

distances.  Therefore, selection is from and adaptation is to each partner species, rather than a 

diffuse evolution perspective [3,54] (but see [42]) that would suggest adaptation is to the partners 

as a group and not specific species.  Similarly, the presence of selection from multiple partners 

over both direct and indirect pathways negates pair-wise coevolution, even in the case of 

specialists since their partners are generalist species.  There is, however, pair-wise coevolution in 

the experiments when S = 10 in toS experiments; the selection from the invader is greater than 

that from the community, causing the specialist to diverge from the community.  Again, these 

dynamics are in both the nested and random networks, suggesting that the pattern of interactions 

and dependencies are less important than that the species are well connected. 

Stability is Dependent on the Placement and Strength of the Novel Selection 

The results show that the stability of the community is dependent on the network position 

of the species to which the invader attaches, and the selection strength of the invader relative to 

the native species.  In toS experiments, community fragmentation is always seen (Figure 8a,b,c).  

The MTV of the specialist deviates from the community equilibrium for approximately the 

length of time it takes for the invader to converge (Figure 8ab, Figure 9c) when S = 1 and S = 2.  

Thus, the specialist is resilient as it does eventually rejoin the community.  However, this 

resilience is lost when the strength is at its maximum, as we see permanent fragmentation of the 

specialist who reaches equilibrium with the invader at a trait value greater than CMTV (Figure 

8c).  Lewinsohn and Prado [1] suggest that “hyperspecialized” associations can break away from 

the community, as we see occur here.  This fragmentation of the target and invader is quick 
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compared to the dynamics at the other strength levels.  At S = 1 and S = 2, the time it takes for 

the invader to converge with the native community is dependent on the degree that the target 

deviates; the greater the deviation, the weaker the selection on the invader to converge, thus 

slowing its decline in MTV.   

The remainder of the native community in toS experiments shows stability at all strength 

levels, as there is no further fragmentation.  The equilibrium is both qualitatively and 

quantitatively resistant when S = 1 and S = 10 (Figure 8b). In the majority of these runs the 

native community without target takes no time to reach equilibrium (median = 0; Figure 9c), 

indicating that the CMTV remained unchanged.  However, when S = 2, there is a quantitative 

change in the community’s equilibrium; therefore, the native community is qualitatively resistant 

as it maintains trait matching but not quantitatively resistant as it shifts to a new trait value.  

However, the latter is less significant as fitness is determined by trait matching.  The event of a 

specialist invader attaching to a native specialist may be unlikely, but invaders in pollination 

webs can be specialized [29,34,36]. I stress that the invader is simply the source of selection 

chosen for this general model and specialists could be affected by other sources of selection (e.g. 

climate change) or changes in gene flow.  In conclusion, when a specialist species experiences 

novel selection it fragments from the community, and the permanence of this fragmentation is 

dependent on selection strength.  The remainder of the native community, however, is stable 

despite any quantitative shifts in its equilibrium trait value. 

In toG experiments, the community is stable as there is no fragmentation at any level of 

invader strength (Figure 8d,e,f).  Thus, the equilibrium is qualitatively resistant at all levels, and 

quantitatively resistant at S = 1.  Like the toS experiments, the invader’s time to equilibrium is 

dependent on the reaction from the native community (Figure 9f).  There is a slight but 
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significant decrease in invader Teq over strength levels (Table 2), due to the increase in the 

number of deviants and therefore ΔCMTV.  This shift in the native community causes a decrease 

in the phenotypic distance the invader needs to travel to match the community.  With an increase 

in ΔCMTV, there is an increase in community Teq.   In conclusion, when a generalist 

experiences novel selection the entire native community is stable regardless of the strength of the 

selection, despite quantitative shifts in the equilibrium trait value. 

Selection Propagation Provides Community Evolutionary Stability 

The patterns described above are a result of selection propagation.  As the strength of the 

invader’s selection increases on the target, the target experiences a shift in its MTV towards the 

invader, and this change in turn produces selection on the partners of the target.  A change in 

MTV in these partners creates selection on their partners and so on; in this way selection 

propagates through the network.  Thus, evolution is dependent on community context [3,42,43].  

There is also a relatively instantaneous use of these indirect pathways since the entire native 

community (toG) and native community disregarding the target (toS) never fragment once 

equilibrium is established.  If the use of these pathways took time to develop, I would expect to 

see fragmentation after the invasion, followed by a decline in the standard deviation in species 

MTV as selection was distributed.   

The presence of these indirect pathways forms a strongly connected component (SCC) in 

these networks, which means that all species can be reached from each individual species. I 

argue that all species being a part of the SCC provides the observed evolutionary stability.  

Further, I argue that species can be functionally removed from the SCC when the strength of the 

novel selection is very large relative to that from the native species.  I hypothesis that this is the 

reason for the difference between the toS and toG experiments when S = 10.  The specialist is 
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functionally removed from the community, and I see that the CMTV has the smallest shift of all 

experiments.  However, the generalist is much more embedded in the network, preventing its 

functional removal upon introduction of the disturbance and leading to the largest shift in 

CMTV.  Thus, the observed stability of these mutualistic networks is a result of each species 

being connected to each other species via direct and indirect pathways.  However, connections 

can be functionally removed if the selection form a disturbance is proportionately greater than 

the selection from the SCC.    

 This propagation of selection prevents the community from fragmenting and protects it 

from disintegration of the community equilibrium.  The convergence of the invader is expected, 

versus a large disruption to the native community, given the unlikelihood of alternate alleles 

overcoming the fitness advantage of matching traits; therefore, the mutualism is relatively stable 

[56,57].  The ability of selection propagation to maintain equilibrium of the community is 

dependent on species adapting on similar timescales and maintenance of community structure 

through time.  In this model all species had identical rates of adaptation, however this is not 

always true in nature.  For example, Hegland et al. [27] discuss the temporal mismatches that 

occur between plants and pollinators due to differential responses to climate change.   

Secondly, the temporal persistence of the direct and indirect pathways needs to be on a 

timescale equal or greater than the time for species evolution.  Bascompte et al. [12] state that the 

traits of mutualistic networks allow for the long-term persistence of these communities.  Much of 

the work done looking at the persistence of community structure has been in regards to the 

effects of invasive species.  Many of the characteristics of the networks are in the presence of 

invasive species, such as nestedness [36], connectance [34,35,36], and linkages among natives 

[34].  However, Díaz-Castelazo et al. [36] found that connectance changed through time as 
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natives shifted from being peripheral to core species, and Aizen et al. [35] found links shift from 

native-native interactions to native-invader.  Regardless, we know that some aspects of 

community structure are maintained through time and this may be adequate for the mechanism of 

selection propagation to stabilize the interaction-mediating traits, particularly given the relative 

instantaneous use of the indirect pathways seen here. 

Realism Reconsidered 

The strength of my model lies in its generality and realistic evolutionary processes.  

However, I did make several assumptions.  I assumed that all partners are equivalent, no partner 

choice, no cheaters, only mutualistic interactions, and the same adaptation rate for all species.  In 

addition, I have constant population sizes; however, I made this choice under the assumption that 

partners are not limiting and populations are therefore controlled by some other aspect of their 

environment [58].   

While my assumptions have reduced the realism of the model, I argue that I have 

realistically captured the characteristics of interest in this study, nested structure and asymmetric 

dependencies.  The latter is supported by the quadratic fit of strength versus connectance, which 

matches that found for empirical mutualistic networks [12].  I also argue that the nested and 

random matrices did indeed have the desired structure.  I did not employ the commonly used 

temperature metric to measure nestedness because for interaction matrices there is no reason to 

assume that some species interactions are less probable than others [52].  For the same reason, 

Ulrich et al. [52] suggest the EE null model for interaction matrices.  Ulrich and Gotelli [51] 

found that the BR-EE combination performed very well at detecting nestedness.  Though the pair 

fared less well in detecting randomness [51], I am confident that the combination of this measure 

and my method of generating random matrices produced the desired randomness.  The 
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connectance value is also similar to values detected for similarly sized empirical networks.  

However, the value tends to the higher end of the range, and it would be interesting to use a 

lower connectance value.  I argue though that connectance should not affect the qualitative 

results if all species are still connected in a SCC.   

I argue the specific parameter values selected do not affect the overall results of this 

study.  The qualitative results of this study are a result of the relative fitnesses of the individuals 

in each species.  The parameters of carrying capacity and dependency values will affect absolute 

but not relative fitness.  The standard deviation of the initial populations only affects the time in 

which the first equilibrium is reached.  The number of mutualistic partners will decrease absolute 

fitness because phenotypic distances will accumulate for more partners, but this will be the same 

for all individuals and therefore, again, no change in relative fitness.  Lastly, genetic variation 

influences the speed equilibriums are reached, but since it is the same for all species it will not 

affect relative fitness.  Thus, I expect the qualitative results to be robust to the uncertainty in the 

parameter values.   

 

CONCLUSIONS 

Nestedness and asymmetry provide mutualistic communities a structure that is 

hypothesized to be a product of complementarity and convergence [3] and provides these 

networks with the function of ecological stability (see above).  In this study, I find that these 

networks also display great evolutionary stability in that they are capable of maintaining the 

equilibrium despite strong novel selection to the network.  However, I show that this 

evolutionary stability is equally represented in randomly structured networks.  I hypothesize that 

as long as all the species are connected via a network of indirect paths, phenotypic matching will 
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be preserved by selection propagation.  However, this ability will depend on these species having 

similar evolutionary rates and maintenance of the network structure.  The persistence of diverse 

mutualistic communities through time despite strong perturbations such as invasive species and 

environmental change suggests that some mechanism providing evolutionary stability similar to 

that discussed here is at play.  
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      Table 2: Summary of model symbols and parameter values. 

 

 

 

 

 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Parameter/Response Variable/Treatment Symbol Value or range

Mean trait value MTV
Community mean trait value CMTV
Time to equilibrium Teq
Attachment to a specialist toS
Attachment to a generalist toG

Species per guild v 16
Number of individuals per species z 100
Network Connectance C 53.1%
MTV of initial populations 0.5
Standard deviation of initial populations 0.12
Individual in question   i 1 ≤ i ≤ 100
Trait value of an indvidual T 0 ≤ T  ≤ ∞
Species of individual i k 1 ≤ k  ≤ 16
Individual partners of i from each partner species p 10
Number of partner species of species k M k 1 ≤ M k  ≤ 16
Dependency of species k d k 1/M k  (nested)

0.2 (random and invader)
Number of individuals in guild of species k g k 100(v ) (before invasion)

100(v +1) (after invasion)
Carrying capacity CC 1x10-6

Strength of invader S 1, 2, or 10
Distance of invader's initial MTV from CMTV1 q 0.1
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Table 3: p-values of randomization tests to investigate the significance of experimental 
treatments. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 Nested vs. Random toS Nested vs. Random to G     Nested toS vs. toG    Random toS vs. toG

Response Variable S = 1 S = 2 S = 10 S = 1 S = 2 S = 10 S = 1 S = 2 S = 10 S = 1 S = 2 S = 10

Number of deviants 0.65 0.49 0.043* 0.33 0.005 1 0.18 0 0 0.0043 0 0
ΔCMTV 0.79 0.51 0.23 0.13 0.58 0.09 0.72 0.0006 0 0.91 0 0
ΔMTV native w/o target 0.81 0.49 0.24 0.13 0.59 0.08 0.07 0 0 0.94 0 0
Teq Community 0 0 0.022 0 0.19 0 0 0 0 0 0 0
Teq native w/o target 0.036 0.079 0.0061 0.064 0.35 0.165 0.053 0 0 0.077 0 0
Avg. deviation native w/o target 0.97 0.3 0.025 0.38 0.85 0.0503 0.25 0.0037 0 0.74 0 0

* Signficant values (<0.05) are in bold.
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Figure 6:  Nested and random network characteristics.  A) Graphical representation of a nested 
matrix and B) a random matrix.  Each node represents a species, with black nodes representing 
Guild 1 and grey nodes Guild 2.  Node height is proportional to the generality of the species, and 
a line connecting two nodes represents an interaction between species.  C) Species strength 
versus species connectance, as in Bascompte et al. [12], for the nested, network represented in 
(A) and D) strength versus connectance relationship for the random network in (B).  Note the 
quadratic fit in (C) compared to the linear fit in (D), illustrating that strength increases faster than 
connectance when dependencies are asymmetric. 
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Figure 7:  Test of sufficient sample size.  Example running averages of A) ΔCMTV and B) Teq.  
Note that the running average stabilizes by 1000 runs, indicating that the sample size is 
sufficient. 
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Figure 8:  Representative simulation behavior showing change in mean trait value over time.  
Each line is one of the 33 species, with the invader and target species indicated. Invader 
attachment to a specialist for A) S = 1, B) S = 2, and C) S = 10.  Note that as strength increases, 
the degree and duration of the target’s deviation increases until permanent community 
fragmentation at the highest strength value.  However, the remainder of the native community 
remains stable.  Invader attachment to a generalist for D) S = 1, E) S = 2, and F) S = 10.  Here no 
community fragmentation is seen, but at some strength values there is a quantitative shift in the 
community’s stable strategy.  Response variables are illustrated in (B) and (F). 
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Figure 9:  Three measures of evolutionary stability in nested (“N”) and random (“R”) network 
configurations. A) Number of deviants for attachment to a specialist, and D) attachment to a 
generalist.  Bars indicate the mode for each experiment, and error bars are the mean of the non-
zero absolute deviations from the mode. B) The change in mean trait value (MTV) for toS 
experiments, and (E) toG experiments.  White bars represent the entire community (invader 
included) and grey bars represent the native community without the target species.  If no white 
bar is seen, the two are identical.  Note it is not a stacked bar graph.  Error bars represent one 
standard deviation and the horizontal line at y = 0.001 represents the threshold for a significant 
shift in MTV.  C) Time to equilibrium (Teq) using boxplots for toS, and F) toG experiments.  
Black boxplots represent the whole community and grey boxplots represent the native 
community without the target.  The thick line is the median, the bottom of the box the first 
quartile, the top the third quartile and the lower and upper extremes represent the minimum and 
maximum values, respectively.  
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The effects of species on one another are more than direct.  This topic has been discussed 

at length in previous works, such as field studies (Bergstrom et al., 2009; Dulvy et al., 2004), 

theoretical considerations (Patten, 1983; Borrett et al., 2010), and evolutionary implications 

(Miller and Travis, 1996; Guimaraes et al., 2007; Whitham, 2003).  This thesis builds on these 

findings and theories.  In the first chapter, I tested the generalization that indirect energy flow 

dominates direct energy flow in trophic networks.  In the second chapter, I tested the hypothesis 

that the pattern of interactions, and thus indirect pathways, in mutualistic networks will influence 

their evolutionary stability.  The evidence from these investigations supports the significant role 

that indirect effects have in both ecosystem functioning and evolutionary dynamics.  Hence, the 

influence of indirect effects in biology is at nearly both ends of the spectrum, from genes to 

ecosystems. 

  The importance of indirect effects is clear in both chapters, despite the considerable 

difference in the type of network analyzed and the methods of analysis.  In addition, the specific 

role of indirect effects in each network is quite different.  In Chapter 1, I analyze empirically-

based, trophic networks that trace the path of energy using network analysis.  The results show 

that indirect pathways conduct more energy through the network compared to direct pathways, 

supporting the hypothesis of the dominance of indirect energy flow (Patten, 1982; Higashi and 

Patten, 1986; Higashi and Patten, 1989).  This behavior is important for ecosystem functioning.  

Borrett and Salas (2010) found strong evidence for homogenization within the same set of 

network models.  Homogenization is the idea that the indirect pathways allow for energy 

resources to be more evenly distributed in the system (Patten et al., 1990; Fath and Patten, 1999).  

Thus, indirect effects allow the same unit of energy to be used multiple times, before it is 
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exported or respired.  Therefore, the ecosystem-level role of indirect effects is that they promote 

energy retention in ecosystems and more evenly distribute resources.   

 In contrast to the study of indirect effects in trophic networks is the investigation of 

indirect selection propagation in mutualistic communities.  I used individually-based modeling to 

test the hypothesis that the characteristics of mutualistic communities, nestedness and the 

asymmetry of dependencies, affect the coevolutionary dynamics in mutualistic networks 

(Bascompte et al., 2003; Jordano et al., 2006).  More specific to indirect effects, I investigated if 

the pattern of direct pathways, which thereby affect the indirect patterns, influences the stability 

of trait matching.  We see that the pattern of interactions does not matter for coevolution, and 

hypothesize that it is rather the mere existence of these indirect pathways that is important.  The 

results suggest that indirect selection is necessary for mutualistic communities to maintain 

equilibrium in the event of an introduction of a novel source of selection, such as species 

invasion or environmental change.  Thus, in contrast to the ecosystem-level role of indirect 

effects in the trophic models, here we see the role at the gene level.  Selection on a single species 

is ultimately experienced by the entire community, allowing for all species to adapt as a unit 

versus the fragmentation that would occur if selection and adaptation were isolated to one 

species or a subunit of species.  In conclusion, although the type of network and “currency” is 

quite different in these two studies, they both demonstrate the importance of indirect 

relationships between species. 

 Examining both studies in concert also reveals the propensity of species in 

ecosystem/community networks to have differential roles.  The idea of species having unique 

roles in their community is generally well known, such as in the case of ecosystem engineers 

(Lawton, 1994) and keystone species (Mills et al. 1993).  Finn cycling and centrality analysis of 
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the trophic networks show that the microbial food web has a relatively more important role in the 

cycling of energy than other species.  Disregarding these species from a network representation 

is identified as one possible reason why the dominance of indirect flow hypothesis might fail.  

Similarly, a mutualistic community exhibits different behavior when a specialist or generalist is 

targeted by a source of novel selection.  The community never fragments when a generalist 

experiences the novel selection, yet always does so when that species is a specialist.  Thus, it is 

possible for a single species or group of species to have a greater role in the network than others.  

The mechanism in which the species in each type of network gain their relative importance is 

potentially similar as well.  Selection placed on a generalist in the mutualistic networks 

generated the largest quantitative change in the community.  This is likely due to the influence 

the generalists have in the community given their high degree of connectance.  Likewise, the 

species involved in decomposition, and the non-living detrital compartments, are important due 

to their position in the network.  In most networks, all species have a link to detritus given the 

natural process of death, thus allowing the detritus to act like a “generalist” in these trophic 

networks.  The microbial food web is largely dependent on the detrital groups, making their 

network position important as well.  Therefore, again we see that despite the many differences 

between these two studies, both reveal that species have differential roles within the network, 

which are likely dependent on network position. 

 The environ concept put forth by Patten (1981, 1982) suggests that coevolution will occur 

between species in closed system.  The closed system allows for coevolution to occur because all 

species experience and adapt to the output environ from each other node, thus the influence is 

reciprical.  This idea can be applied to the mutualistic networks.  In a well-connected 

community, as modeled in Chapter 2, every species is part one strongly connected component, 
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and thus are in a closed system.  It is therefore perhaps not a surprise that the stable strategy of 

these communities show great stability when exposed to a source of novel selection, as selection 

can propagate to all species.  However, as previously addressed, generalists and specialist species 

behave differently.  I hypothesize that this is due to the specialist becoming functionally no 

longer a part of the strongly connected component upon the addition of the novel selection.  As 

this selection increases in strength, the selection from the rest of the community becomes 

comparatively weaker, until it no longer has an effect on the specialist at the highest strength 

value.  The generalist, on the other hand, is much more embedded in the network, which prevents 

the novel selection from functionally removing a generalist species from the closed system.  

Therefore, the mutualistic communities are an example of a closed system, in which the indirect 

pathways allow for coevolutionary dynamics between all species.  The presence of strongly 

connected components in trophic networks (Allesina et al., 2005; Borrett et al., 2007) supports 

that these pathways might also conduct evolutionary influence (Patten 1981, 1982). 

 In conclusion, the two studies presented here bolster the evidence for the importance of 

indirect effects.  This support is strengthened by the large differences in the types of networks 

investigated (trophic and mutualistic), type of currency the indirect paths conduct (energy and 

selection), and the role that the pathways play in the network (on the ecosystem and gene level).  

However, these strict divisions are likely not present in nature.  For example, seed dispersal is 

the mutualistic interaction in some ant-plant mutualistc networks.  Here, the interaction is part of 

both a trophic and mutualistic network and the currency is both energy (ants eat some of the 

seeds) and selection.  Similarly, the floral rewards offered by plants in plant-pollination networks 

also involve energy transfer.  Thus, there is not only complexity in how species interact over 

direct and indirect pathways, but also the mechanism in which these species impact one another.  
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Multiple mechanisms could be at play at once over a multitide of pathways of different lengths.    

These complex dynamics can influence nearly every scale of biology, from the ecosystem, to the 

community, to a single individual’s fitness.   
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APPENDIX 
 
Appendix A: MATLAB©  code for model of evolution within a mutualistic community. 

 
%Mut_evol_code.m 
 
%This program models a mutualistic community composed of two guilds with 
%species that interact mutualistically with members of the opposite guild. 
%The following parameters must be set according to the specifications of 
%the experiment:  
%1) Number of species in each guild (n).  Keep in mind computation time when setting this 
parameter.   
%2) Strength of the invader (S).   
%3) Number of individuals in each guild (i).  Increasing will increase 
%computation time. 
%4) Number of individual partners from each partner species (int). 
%5) Carrying Capacity (C). 
%6) Genetic variability (u). 
%7) Value of target, either 0 or 1 depending on if you want the invader to 
%attach to a generalist or specialist species. 
%8) runs_desired must be replaced with a number, and each value is a zz that is passed to the 
program. 
%zz determines the random number seed and matrix. 
  
%This model requires that you load a matrix of species interactions, which 
%will be called "N".  If planning on doing more than 1 run, then this matrix needs to be three-
dimentional.   
  
%Also requires access to the Shuffle command. 
  
function [cow]=Mut_evol_code()         
  
    for zz=1:runs_desired 
     
        Mutualistic_community_model(zz) 
     
    end 
     
end 
  
function [cow]=Mutualistic_community_model(zz)       
  
%Set up##################################################################### 
  
%Initiate responsevariables matrix. 
responsevariables=zeros(1,6); 
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%Set strength of the invader; if S = 1, then invader has no strength 
%relative to the natives.  If S = 2, invader has double the strength, S = 
%3, triple the strength, and so on. 
S=1; 
  
%Set random number seed; this needs to be different for each run zz or else 
%will get identical results! 
myStream=RandStream('mt19937ar','seed',(zz)); 
RandStream.setDefaultStream(myStream); 
  
%Number of species, n, in each guild 
n=16;    
  
%Make n1 and n2 equal to n so that the loops only go through 16 species in 
%each guild.  One of these changes to n+1 after the invader is introduced. 
n1=n; 
n2=n; 
  
%Number of individuals in each species.  
i=100; 
  
%Number of individual partners from each partner species. 
int=10; 
  
%Carrying capacity term for intraguild competition. 
C=0.000001; 
  
%Total number of competitors in each guild; this will change when the 
%invader is introduced because of n1 or n2 increasing to n+1. 
comps1=i*n1;    
comps2=i*n2; 
  
%Genetic variability to add to or subtract from offspring's trait value. 
u=0.0002; 
  
%Load matrixpack, which is the matrix that determines which species interact. 
%Each layer is an interaction matrix with Guild 1 being the rows and Guild 2 
%the columns and a one in a position indicates an interaction between the  
%species in that row and column.  The zz loop goes through the layers  
%so each simulation uses a different matrix. 
load matrixpack_random_Final.mat 
N=matrixpack_random_Final(:,:,(zz)); 
  
%This following code determines which species the invader attaches to. 
%The generality of the native species that will interact directly with  
%the invader is controlled by "target": if target=1 the invader 



 98 

%connects to a generalist species (defined as species with n 
%connections) and if target=0 the invader directly interacts with  
%a specialist species (defined as species with 1 connection). 
  
%Determine number of connections of all 32 species. Note that first row is 
%G2 and second row is G1.  Thus, the number of interactions of species 1  
%of Guild 1 is connectedness(2,1). 
connectedness(1,:)=sum(N);    
connectedness(2,:)=sum(N');   
  
%SET VALUE OF TARGET, which controls the attachment of the invader. 
target=0;  
  
%Initialize I vector, which contains the invader's connection.  It  
%will be concatenated to N either horizontally or vertically  
%(depending on guild of the invader (GI)).  
I=zeros(1,n);   
  
if target==1   %if the target species is to be a generalist target=1 
  
    %Find the largest number in the connectedness matrix; i.e. find the  
    %generalist species. 
    generalist=max(max(connectedness));    
     
    %Find the postions of "generalist" in "connectedness"; can be more than 1 
    possgens=find(connectedness==generalist);    
     
    %If there are more than 1 generalists, then need to pick 1 of these for 
    %the invader to connect to.  "Choice" (or "attachee" as I fondly call it)  
    %is the chosen generalist from possgens; if there is only 1 generalist  
    %then "choice" is 1 b/c length of possgens is 1. 
        if length(possgens)>1 
            choice=ceil(length(possgens)*rand(1,1)); 
        else 
            choice=1; 
        end 
         
        %Find the exact position of the chosen attachee in connectedness; 
        %this will determine GI (guild of invader).  If the attachee is in the first row, then 
        %GI is 1 (remember the first row of connectedness is G2), and visa 
        %versa.  "Col" refers to the species within the guild, and is equal 
        %to the species number of the attachee.  This gets put into I. 
        [row,col]=ind2sub([2,n],possgens(choice)); 
             
            if row==1 
                GI=1; 
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            else 
                GI=2; 
            end 
             
            I(col)=1; 
             
else %if target is not 1 and therefore the target is a specialist species do the following.   
      
    %The following is identical to above, but for invader connection to a specialist. 
    specialist=min(min(connectedness));    
    possgens=find(connectedness==specialist);    
     
        if length(possgens)>1     
            choice=ceil(length(possgens)*rand(1,1));    
        else 
            choice=1;    
        end 
             
        [row,col]=ind2sub([2,n],possgens(choice));    
             
            if row==1 
                GI=1; 
            else 
                GI=2; 
            end 
             
            I(col)=1;    
end  
  
%Redo N with the invasive attachment.  The invader row or column won't be used 
%until the invader is introduced because of n1 and n2, which control which  
%columns/rows the program runs through.  If GI=1, then do a vertical  
%concatenation since rows are G1. If GI=2, then do a horizontal concatenation  
%since columns are G2.  The attachee is the targeted species and will be a part of the 
%responsevariables matrix so that I know after the fact who the invader 
%attached to. 
  
if GI==1 
    N=[N;I]; 
    attachee=find(I); 
end 
  
if GI==2 
    N=[N I']; 
    attachee=find(I); 
end 
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%Set up populations of all species with individuals represented with trait values. 
%The trait values have mean and std as set below.  This is the native community. 
%G has two layers in the third dimension, one for each guild.  Each column is a species.  There 
%are 17 columns, and the 17th is zeros until the invader is introduced and occupies one of the 
%17th columnns depending on GI; the other 17th column remains just zeros and is never used. 
  
G=zeros(i,n+1,2); 
  
for t=1:n 
  
    G(:,t,1)= 0.5 + 0.12.*randn(i,1); 
  
    G(:,t,2)= 0.5 + 0.12.*randn(i,1); 
  
end 
  
%The above std (0.12) was chosen b/c it keeps the negative values to a minimum. Negative 
values are  
%extraordinarily rare (no negatives in 10000 values generated, 1 negative 
%in 100000).  But in case one does arise it needs to be eradicated. 
    for cow=1:2 
        for pig=1:n 
  
            iii=find(G(:,pig,cow)<0); 
     
            if length(iii)>0 
                    for eee=1:length(iii) 
                    G(iii(eee),pig,cow)=abs(G(eee,pig,cow)); 
                end 
            end 
        end 
    end 
  
%Collect initial trait values of all individuals to be saved.  This is being done in 
%just one matrix; 'Initial_G' has 34 columns, and the 100 rows are the inviduals.  The first 17 
%columns are guild 1 species and the second 17 columns are guild 2 species.  
Initial_G=[G(:,:,1) G(:,:,2)]; 
     
     
%Calculation of dependency values.  The dependencies are to incorporate the asymmetry found 
%in nested networks. I.e. the generalists are not very reliant on the species they interact with, but 
%the specialists are very reliant on one or few species they interact with.  For nested networks I 
%calculate dependency for species x by dividing 1 by the number of interactions of species x.  
%For the random networks, I am excluding not only the pattern of connectedness found in nested 
%networks, but also the asymmetry.  As such, all species rely on each other equally, and the 
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%value will be the mean of the nested dependency values for that n (NOTE: the values change 
%with n, so the mean changes if you change n and thus the random dependency value must also 
%change).  The invader, in both nested and random runs, has a dependency value equal to that in 
%the random runs.  This is b/c the invader must have the same dependency value as the rest of 
%the community in the random runs to maintain symmetry, and the value must be the same in 
%both random and nested runs to not introduce an unwanted difference between them.    
  
  
%The matrix 'd' has each column as a guild, and each row as a species, including the invader.   
%Each value is the dependency value for that species on every species it interacts with. 
  
%COMMENT OUT ONE OF THE PIECES BELOW DEPENDING ON IF DOING A NESTED 
OR RANDOM RUN. 
  
%FOR NESTED KEEP THIS%%%%%%%%%%% 
%for e=1:n 
%   d(e,1)=1/sum(N(e,:)); 
%   d(e,2)=1/sum(N(:,e)); 
%end 
%d(n+1,:)=0.2; 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%FOR RANDOM KEEP THIS%%%%%%%%%%% 
%If random, and thus no asymmetry in dependencies: 
d=ones(n+1,2)*0.2; 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%  
     
%Set a maximum simulation time of "tm".  Simulation should end before tm,  
%but just to keep it from running forever.  Whatever value is chosen for tm 
%must be divisible by "ss". 
tm=150000000;   
  
%Interval on which data is collected. 
ss=50; 
  
%Initialize popmeans matrix.  This matrix collects the mean trait value of all species every ss 
%time steps. First third-dimensional layer is guild 1 and second layer is guild 2.  Each column is 
%a species, and each row is a time.  So, each value is the mean of species (layer/column) at time 
%(row*50). 
popmeans=zeros((tm/ss),n+1,2); 
  
%Use the following three variables to keep track of which equilibrium the simulation is on and 
%when to check if an equilibrium has been reached. 
timeofpreviouseq=0; 
  
%This value controls when to check for equilibrium. When this value is changed to 0 then 
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%equilbrium is checked for.    
check4eq=1; 
  
%Set equilibrium to zero; this will increment up by one as equilibriums are reached 
Eq=0; 
    
%Initiate matrix to collect times of equilibriums 
Equilibriums=zeros(1,2); 
  
     
% Simulation ################################################################## 
  
time=1; 
  
while time<(tm+1) 
    
   %Initialize matrix "new" for offspring to be collected before they are added to G. 
        new=zeros(1,n+1,2); 
         
   %FIRST STEP: REPRODUCTION: First must calculate the fitnesses of all individuals in all  
%species.  The procedure for this is to go through the species in Guild 1, and go through each 
%individual in each of these species, and assign partners from the species in Guild 2 to them.  
%These individuals of Guild 1 are assigned to the partners in guild 2.  Thus, must do the 
%reproduction for Guild 1 first, then Guild 2. 
       
     
   for c=1:n1   %go through each species in Guild 1   
     
    for b=1:n2;      %go through each possible interaction with species in Guild 2, which may or 
may not exist. 
     
        %INT is the matrix that collects partners for species b in Guild 2.  If there is the connection 
%between species c and species b, then as the individuals in species c get their partners assigned, 
%the species c partners get recorded into INT, where each column is an individual in species b, 
%and there are ten rows for the ten partners from species c that will get assigned to species b. 
        INT=zeros(int,i); 
         
        %To assign partners, I simply shuffle the numbers 1:100 ten times and put them into a 
%vector jjj.  These values represent the 100 inviduals in species b.  Each individual in species c 
%gets assigned 10 positions within this vector, thus 10 partners.  Each species b individual 
%appears 10 times in jjj, so it will get 10 partners. 
        jj=1:i; 
        
jjj=[Shuffle(jj');Shuffle(jj');Shuffle(jj');Shuffle(jj');Shuffle(jj');Shuffle(jj');Shuffle(jj');Shuffle(jj');
Shuffle(jj');Shuffle(jj')]; 
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        if N(c,b)==1;     %check for an interaction between species c and b 
             
            for a=1:i;    %if there is an interaction, take each individual in species c and... 
                               

               %assign each individual 10 partners from jjj; these are just the identity of 
%species b, i.e.   10 values btw 1 and 100.  

                if a==1 
                    mm=1; 
                else 
                    mm=mm+10; 
                end 
                 
                r=jjj(mm:(mm+9)); 
                 

                %"r" is the species b partners by identity, but need their actual trait value.  This 
%is done below which puts these trait values in 'w'. 

                w(1:10)=G(r(1:10),b,2);   
               
               %Need actual trait value of individual a ("z") to calculate phenotypic distances 
%(difference in trait value between individual question and its partners; the larger this sum is, the 
%lower the fitness of individual a b/c assume perfect matching gives the highest fitness). 
               z=G(a,c,1);   
                
               %"sumdiffG1" collects the phenotypic distances.  Each value is the sum of the absolute 
%difference between z and each value in w, multiplied by the dependency value of species c (or, 
%the total distance btw indiv a and that partner species).  Each row is an individual in species c, 
%and each columnis the species in Guild 2.  If there is not an interaction between species c of 
%Guild 1 and species b of Guild 2 then the column is zeros. 
               sumdiffG1(a,b)=sum(abs(z-w(1:length(w))))*(d(c,1));  %get sum of phenotypic 
%distance btw a and its partners in species b 
                
               %Guild 2. Need to assign individual a to each of its partners in species b; put the trait 
%value of individual a 
               %into the next available spot in its partners' columns.   
               for k1=1:length(r)   
                    y2=find(INT(:,r(k1))==0); 
                    INT(y2(1),r(k1))=z;   
               end 
                
          end %end for going through 'a' individuals of species c in Guild 1   
            
               %Guild 2 again. 'sumdiffG2' is like sumdiffG1, only different.  The rows are 
%individuals in species b, and the columns are species in Guild 1.  Each layer of sumdiffG2 is a 
%species in Guild 2.  So if species c is 1, and the loop is working through the species b in Guild 
%2, then it fills in column 1 (if there is a connection) of each layer in sumdiffG2 sequentially.  
%The values are the phenotypic distance between (row) individual in (layer) Guild 2 species and 
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%(column) partner species in Guild 1. 
               for tt=1:i 
                    sumdiffG2(tt,c,b)=sum(abs(G(tt,b,2)-INT(1:int,tt)))*(d(b,2)); 
               end 
                
               %If the invader has been introduced, and it is in Guild 1, then c at some point will be 
%n+1.  If this is the case, then need to multiple all columns c (which given the conditions for this 
%if statement will be n+1) by invader strength (S). This makes these values larger, thus making 
%the influence of the invader on its partners greater vs. the native species. 
               if c==n+1 
                   sumdiffG2(:,c,:)=sumdiffG2(:,c,:)*S;   
               end 
             
        end %end for if there is an interaction between species c in Guild 1 and species b in Guild 2 
    end   %end for going through species b in Guild 2 
  
  
%Reproduction for species c of Guild 1  
  
    %If the invader has been introduced and it is in Guild 2, then n2 will be n+1.  If there is a 
%connection  
    %between species c and the invader, then sumdiffG1 will have a n+1th column, and the values 
%in this column are multiplied by S.   
    if (n2==n+1)&(N(c,n2)==1) 
        sumdiffG1(:,n+1)=sumdiffG1(:,n+1)*S;    
    end 
     
    %To determine the total phenotypic distance for an indiv in species c between itself and all its 
%partners, the row of each individual is summed. This produces 'fit_G1' which is a vector of the 
%total phenotypic distance for all 100 individuals of species c. However, it is possible that 
%sumdiffG1 could only have one column, or multiple columns but with only one with non-zeros 
%numbers.  If this is the case, you don't want to sum, particularily if it only has one column.  So 
%if 'positions' is 1, then fit_G1 is just that one column or the non-zero column in sumdiffG1.  
%Note: It wouldn't matter to sum across the rows if there are multiple columns and only one 
%with non-zero numbers because just adding zeros. This is mainly for the case that sumdiffG1 
%has dimentions of intx1; summing this will generate 1 value and will screw up the rest of the 
%procedure. 
    positions=find(sumdiffG1(1,:)); 
     
    if length(positions)>1 
        fit_G1=sum(sumdiffG1'); 
    else 
        fit_G1=sumdiffG1(:,positions);  
    end 
  
    %Rescales fitnesses to make relative; the highest fitness is 1 and results from the lowest 
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%phenotypic distance and visa versa.  All fitnesses are scaled btw 0 and 1 depending on the 
%highest value.  First step adds intra-guild competition by adding competition term (C) x # 
%indivs in guild (either n*100 or (n+1)*100, latter if invader was added).                
    fit_abs_G1=fit_G1+(C*comps1); 
    k=min(fit_abs_G1); 
    fit_G1=fit_abs_G1-k; 
    s=max(fit_G1); 
    fit_G1=fit_G1*(1/s); 
    fit_rel_G1=1-fit_G1;  
     
    %"fitG1" collects the relative fitness values.  Rows are indivs and columns are species of G1. 
    %Constantly getting replaced, but that is okay. This matrix is saved when I want it, at the 
%equilibriums I think. 
    fitG1(:,c)=fit_rel_G1; 
     
    %Who reproduces depends on the relative fitness.  I pick individuals at random, and if their 
%rel. fitness is greater than some randomly generated # btw 0 and 1, then it reproduces.  
%Obviously then, if it is the most fit indiv with rel. fit=1then it has a 100% chance of 
%reproduction if it is chosen.  The lower the rel.fit of any indiv, the less chance it has to actually 
%reproduce even if it is selected.  Need two. 
    repro=[];     
    counter=1; 
    while counter<=2;  
        q=ceil(i*rand(1,1)); 
        m=fit_rel_G1(q); 
        h=rand(1,1); 
        if m>=h; 
            repro(counter,1)=G(q,c,1); 
            counter=counter+1; 
        end 
    end 
               
    %The two winning individuals from above create one offspring with a trait value that is the 
%mean of its parents, with an added term 'u' for genetic variability created by mutation, crossing 
%over, etc.  u has a 50% chance of getting added and a 50% chance of getting subtracted, as 
%determined by the randomly generated 'y' below. The new offspring are collected in the 'new' 
%matrix, which as two layers, first one for guild 1 offspring and second layer for guild 2 
%offspring.  Each column is a species. It is not possible to add the offspring as they are produced 
%b/c can't have different sizes of columns in matrix 'G'. Must add them all at once. 
    y=rand(1); 
    if y>0.5; 
      new(1,c,1)=(mean(repro))+u; 
    else  
      new(1,c,1)=(mean(repro))-u;  
    end 
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    %Must clear sumdiffG1!!!  Not initially doing so cost weeks (months?) of time.  :(   
    clear sumdiffG1 
     
end  %end for going through species c in G1   
     
%Reproduction for species in Guild 2 
  
%Somewhat confusingly, c is now the species in Guild 2 and loop through c for reproduction for 
%each species in Guild 2.  The procedure is just like above for species in Guild 1, just with the 
%differences between sumdiffG1 and sumdiffG2.  sumdiffG2 can never have just one column, 
%so the above concern for Guild 1 reproduction does not apply (approx. line 360).  Can just sum 
%across columns to generate vector of total distances for each individual of species c in Guild 2.  
for c=1:n2 
     
    %Get total phenotypic distances for all individuals in species c 
    fit_G2=sum(sumdiffG2(:,:,c)'); 
     
    %Rescale fitness values btw 0 and 1 to get relative fitness.                       
    fit_abs_G2=fit_G2+(C*comps2); 
    k=min(fit_abs_G2); 
    fit_G2=fit_abs_G2-k; 
    s=max(fit_G2); 
    fit_G2=fit_G2*(1/s); 
    fit_rel_G2=1-fit_G2; 
     
    %fitG2 is like fitG1, only for the Guild 2 species. 
    fitG2(:,c)=fit_rel_G2; 
     
   %Pick two individuals to reproduce.   
    repro=[];     
    counter=1; 
    while counter<=2;  
        q=ceil(i*rand(1,1)); 
        m=fit_rel_G2(q); 
        h=rand(1,1); 
        if m>=h; 
            repro(counter,1)=G(q,c,2); 
            counter=counter+1; 
        end 
    end 
     
    %Create offspring and add to 'new' vector. 
    y=rand(1); 
    if y>0.5; 
      new(1,c,2)=(mean(repro))+u; 
    else  
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      new(1,c,2)=(mean(repro))-u;  
    end 
      
  
end  %end going through reproduction for Guild 2 species 
     
%Add offspring in 'new' to G by just concatentating vertically 
  
G=[G;new];     
     
%SECOND STEP: DEATH 
%Kill individuals by randomly selecting a row from G and deleting all individiuals in that row.  I 
%really don't think that it matters that the individuals in the same row are all dying...rows don't 
%have any significance.Made the decision to pick individuals to die from only 1:100 so that all 
%offspring don't have the chance of immediately biting the dust. 
e=ceil(i*rand(1)); 
G=[G(1:(e-1),:,:);G((e+1):length(G(:,c,1)),:,:)]; 
  
%DATA COLLECTION: Collect mean trait values every 50 time steps into 'popmeans' 
  if rem(time,ss)==0 
        popmeans((time/ss),1:n+1,:)=mean(G); 
  end 
   
  %Collect fitness values at time equals 1 
  if time==1 
      fitG1_initial=fitG1; 
      fitG2_initial=fitG2; 
  end 
  
%Now that reproduction, death, and data collection are completed, increment time up by 1   
time=time+1; 
  
%CHECKING FOR EQUILIBRIUM.  Equilibrium is defined as the mean trait value for all 
%species does not change outside 0.001 for 5000 time steps (100 popmeans rows).  At first 
%equilibrium, the invader is added, at second eq, the simulation ends. I don't want to check for 
%equilibrium right away either at the beginning of the simulation or after first equilibrium.  
%Thus, check after 100 positions in popmeans have been filled, which corresponds to 5050 time 
%steps. timeofpreviouseq is 0, until it gets replaced by whatever time equilibrium 1 occurs at.  
%When check4eq=0, equilibrium is checked for. Note: Don't forget that when looking at graphs 
%the x axis is in popmeans...meaning that each "time step" on the x-axis is really its value 
%multiplied by 50. Note: I have to wait 5050 time steps initially b/c otherwise there is no row 
%100 positions up in popmeans to check with the current time for equilibrium.  But waiting 500 
%steps to check for second eq is okay to save computation time.   
  
    %Conditions to check for first equilibrium 
    if (time-timeofpreviouseq)>5050 
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        check4eq=0; 
    end 
     
    %Conditions to check for second equilibrium 
    if (Eq==1)&(time-timeofpreviouseq>500) 
        check4eq=0; 
    end 
  
%Test for equilibrium: "equilibrium1" is all zeros.  If a species is at equilibrium, its position in 
%equilibrium1 is replaced with a 1.  If equilibriums is all 1's, then community equilibrium is 
%reached.  Each row is a species and each column is a guild.  Note that it must be cleared each 
%time step, which is why its re-created.     
equilibrium1=zeros(n+1,2);     
  
%If first equilibrium has not yet been reached, the invader is not present and the 17th row will 
%never be replaced with a 1.  To allow the conditions for eq to be met, just put ones in these 
%positions, but only when checking for first equilibrium. 
if Eq==0 
    equilibrium1(n+1,:)=ones;     
end 
  
%But if first equilibrium has been reached, then just one of the 17th row column positions has no 
%chance of ever becoming a 1 since no species exists that corresponds with that position.  As 
%such, if the invader is in Guild 1, then the second column of the 17th row is replaced with a 1, 
%and visa versa. 
if Eq>0 
    if GI==1         
        equilibrium1(n+1,2)=1;   
    else 
        equilibrium1(n+1,1)=1; 
    end 
end 
  
%Check for equilibrium for all species, providing that check4eq is 0.     
if check4eq==0            
     
            %Guild 1 species 
             for species=1:n1 
                if (abs(popmeans(round(time/ss),species,1)-popmeans(round(time/ss)-
100,species,1))<0.001) 
                    equilibrium1(species,1)=1; 
                end 
             end 
              
             %Guild 2 species 
             for species=1:n2 
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                if (abs(popmeans(round(time/ss),species,2)-popmeans(round(time/ss)-
100,species,2))<0.001) 
                    equilibrium1(species,2)=1; 
                end 
             end 
         
  %If equilibrium has been reached then some steps need to be done.   
  if length(find(equilibrium1))==numel(equilibrium1)   
     
    %Collect information and change necessary variables.  
    timeofpreviouseq=time; 
    Eq=Eq+1; 
    Equilibriums(1,Eq)=time; 
   
     
    %If it is the first equilibrium, then calculate MTV1 with just the 1:16 species in each guild.   
    if Eq==1 
            collectspeciesMTV=[popmeans(round(time/ss),1:n,1) popmeans(round(time/ss),1:n,2)]; 
            MTV1=mean(collectspeciesMTV); 
             
    %But if equilibrium 1 has been reached, and just reached equilibrium 2, then need to get 
%calculate MTV2 differently depending on which guild the invader is in.  
    else 
        if n1==n+1 
            collectspeciesMTV=[popmeans(round(time/ss),1:n+1,1) 
popmeans(round(time/ss),1:n,2)]; 
            MTV2=mean(collectspeciesMTV); 
        else 
            collectspeciesMTV=[popmeans(round(time/ss),1:n,1) 
popmeans(round(time/ss),1:n+1,2)]; 
            MTV2=mean(collectspeciesMTV); 
        end 
    end 
     
    %Collect fitnesses at first equilibrium before invader is introduced to generate "fitG1_Eq1" 
%and “fitG2_Eq2". 
    if (Eq==1)&(time==Equilibriums(1)) 
        fitG1_Eq1=fitG1; 
        fitG2_Eq1=fitG2; 
    end 
   
    %Collect fitnesses at second equilibrium to generate "fitG1_Eq2" and 
    %"fitG2_Eq2"; collect all trait values too 
    if Eq==2 
        fitG1_Eq2=fitG1; 
        fitG2_Eq2=fitG2; 
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        Final_G=[G(:,:,1) G(:,:,2)]; 
    end 
   
    %Generate 'responsevariables' that has the important information of mean trait values at 
%equilibriums, time of equilibriums, and guild of invader and who the invader attached to.  If 
%equilibrium is 2, then simulation is over and can 'break' out of while loop. 
    if Eq==2 
        responsevariables=[MTV1 MTV2 Equilibriums(1) Equilibriums(2) GI attachee]; 
        break 
    end 
   
    %But if its just the first equilibrium, then need to add invader. 
                      
            %Add invader according to if is in guild 1 or guild 2,as determined in model set-up.  Add 
%population of invader to G, and increment either n1 or n2 so that the reproduction loops will 
%include the new species.  The mean trait value of the invader is 0.1 above the mean trait value 
%of the native ocmmunity, hence the use of MTV1. The standard deviation of the initial invader 
%community has the same variability as the native community at first equilibrium.  Otherwise 
%the difference in genetic diversity between the invader and native community influences the 
%results.  Could test at some point the results if one is larger than the other either way 
%(invader>native, native>invader).  I think that the low diversity of the initial invader pop. is 
%okay b/c founder populations are known to have low genetic diversity.  Tthe invader is just a 
%source of selection however to perturb the system.  
          
            if GI==1 
                n1=n+1; 
                G(:,n+1,1)=(MTV1+0.1)+0.001.*randn(i,1); 
            else 
                n2=n+1; 
                G(:,n+1,2)=(MTV1+0.1)+0.001.*randn(i,1); 
            end 
     
            %Recalculate carrying capacity since either Guild 1 or 2 just got 100 new individuals 
%with the addition of the invader species. 
                comps1=i*n1; 
                comps2=i*n2;  
  
            %If equilibrium1 has been reach and simulation is continuing, change check4eq back to 1 
%so that it doesn't check again right away 
                check4eq=1;  
            
 end  %end if equilibrium has been reached 
   
end  %end if can check for equilibrium 
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    %clear sumdiffG2 b/c now starting all over again with new time step.   
    clear sumdiffG2 
  
end  %end the 'while' loop 
  
  
  %This set of code is for the off chance that equilibrium 2 was never reached; need to do the 
%things that weren't done above since equilibrium never equaled 2. 
  if (time==tm)&(Eq==1)   
   
        %fitG1_Eq2 and fitG2_Eq2 here then are really fitnesses at the end of the simulation. 
        fitG1_Eq2=fitG1; 
        fitG2_Eq2=fitG2; 
         
        if n1==n+1 
            collectspeciesMTV=[popmeans(round(time/ss),1:n+1,1) 
popmeans(round(time/ss),1:n,2)]; 
            MTV2=mean(collectspeciesMTV); 
        else 
            collectspeciesMTV=[popmeans(round(time/ss),1:n,1) 
popmeans(round(time/ss),1:n+1,2)]; 
            MTV2=mean(collectspeciesMTV); 
        end 
         
        responsevariables=[MTV1 MTV2 Equilibriums(1) Equilibriums(2) GI attachee]; 
  end 
    
%Remove rows of zeros from popmeans since likely did not reach tm. 
zs=find(popmeans==0); 
popmeans(zs(1):length(popmeans),:,:)=[]; 
  
%Divide popmeans up since can't save three dimentional arrays. 
G1=popmeans(:,:,1); 
G2=popmeans(:,:,2); 
  
  
%Save results 
  
s1='\\storage01.cac.cornell.edu\matlab\spec92\Newcode_Results_11\REAL_newcode_16sp_equ
al_Sequals2_rand_toS_highC'; 
  
  
f1=strcat(s1,'_',num2str(zz),'.mat'); 
  
%Objects I am saving: (1) G1 and G2, which are the two layers of popmeans, 
%(2) Initial_G and Final_G, which are all the trait values of all 
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%individuals at beginning and end, (3) fitG1_initial and fitG2_initial, 
%which are the fitnesses of all individuals at the beginning, (4) 
%fitG1_Eq1 and fitG2_Eq2, which are the fitnesses at first eq 
%right before invader is introduced, (5) fitG1_Eq2 and fitG2_Eq2, which are the fitnesses at 
second eq before the simulation ends, 
%and (6) responevariables, which is a vector of various pieces of info. 
save(f1,'G1','G2','Initial_G','Final_G','fitG1_initial','fitG2_initial','fitG1_Eq1','fitG2_Eq1','fitG1_
Eq2','fitG2_Eq2','responsevariables'); 
  
  
end 
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Appendix B: MATLAB©  code for constructing nested matrices. 
 
%matrix_construction_nested.m 
 
%This program generates the nested matrices for the program Mut_evol_code.m.  The following 
%parameters must be set: 
%1) number of species (n).  This MUST correspond with the n in Mut_evol_code.m 
%2) Desired connectance level (connectance). 
%3) Number of desired matrices (matrix).  Ideally corresponds with the number of desired runs 
%of the Mut_evo_code program. 
%4) Number of null models for measuring BR (nulls) 
%5) Percentage of placements want swapped to disrupt a nested matrix (perturb). 
  
%The criteria for these models are the following.  They must be nested, according to the BR 
%measure (Brauldi and Sanderson 1999), all species must have a connection, there must be at 
%least one generalist (species with n connections) and at least one specialist (species with 1 
%connection). 
  
%"matrixpack_nested" needs to be saved and loaded into the Mut_evol_code_program.  Each 
%layer is a matrix for a run of the simulation.  "Results" has the nested values for the matrices in 
%matrixpack_nested and should be saved for future reference. 
  
%At the end of this program is a chunk of code that can be used to make sure that by chance 
%none of the matrices in matrixpack_nested are identical.  Perhaps statistically very rare, but 
%good to check. 
  
%Requires access to the keep function. 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%Number of species 
n=16; 
  
%Desired connectance 
connectance=0.25; 
  
%Number of desired matrices 
matrix=1000; 
  
%Number of null models for measuring BR 
nulls=5000; 
  
%Percentage of ones and zeros that will get swapped when perturb the matrix. 
perturb=0.05; 
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%Initiate matrixpack_nested (matrix with all the matrices for the model)  
matrixpack_nested=zeros(n,n,matrix); 
  
%Initiate Results (vector of the nested values for the matrices in matrixpack_nested). 
%Positions correspond between these: i.e. Results(1) is the nested value for the matrix in 
%matrixpack_nested(:,:,1). 
Results=zeros(matrix,1); 
  
%These two values are for loop management; when they get changed then something happens. 
nested=0; 
  
generate_a=0; 
  
%For some reason the program was saying that "index exceeds matrix dimensions" when I 
%would initiate the following matrices within the loops.  So now I initiate them here and call 
%them "templates" and then just make null and matrixpackfornest equal to their templates 
%instead of initiating them again. 
null_template=zeros(n,n); 
  
matrixpackfornest_template=zeros(n,n,nulls); 
  
%Start matrix generation 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%xx is the loop that generates all matrices one by one. 
for xx=1:matrix 
  
%"nested" is the term used for controlling the matrix generation so if an xx value isn't nested 
%then it keeps re-doing the steps until it is. 
nested=0; 
  
%Initiate the matrix that will collect the nulls for measuring BR. 
matrixpackfornest=matrixpackfornest_template; 
  
%This while loop keeps generating matrices until one is created that has the desired nested 
%value.  
while nested<1 
       
%This while loop keeps generating potential matrices until get one that has all species with at 
%least once connection, a generalist species (n number of interactions) and a specialist (1 
%interaction).  So, each matrix must satisfy these conditions and have the required nested value. 
while length(generate_a)<3 
  
%If redo gets changed to a "1" b/c the conditions are not met then the conditions are set for this 
%while loop to go again, i.e. everything is deleted except the listed items in the keep line. 
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redo=0; 
     
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
%Creates a perfectly nested matrix, called A, with n number of species in each guild. 
  
a=zeros(n,n); 
  
for y=1:n 
    if y==1 
        a(:,y)=ones;                  
    else 
        a(1:(n-(y-1)),y)=ones; 
    end 
end 
  
%Want to keep A, but also manipulate it; hence making 'a' the same as A. 
%Keep A as is and manipulate 'a'. 
A=a; 
  
%Calculate the number of 1's to remove from 'a' to get desired connectance.  
toremove=length(find((a)))-round((n*n)*connectance); 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
%Take out the necessary # of connections to get desired connectance 
  
%In order to have a generalist species with 16 connections I need to force it; will never happen 
%randomly.  So, if gg is less than 0.5 the first row is left as is (all 1's) and if gg is greater than 
%0.5 then the first column is left as is (also all 1's).  For the perturbation, act as though 'a' is a 
%matrix without that row or column so either the first row or col is left unaffected by the 
%removal process. 
 gg=rand(1,1); 
  
 if gg<0.5 
     a=A(2:16,:); 
 end 
  
 if gg>0.5 
     a=A(:,2:16); 
 end 
  
%Find placements in 'a'; these are the 1s and thus positions that are eligible to get changed to a 
%zero. 
placements=find(a); 
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%Actually remove the positions; vector "remove" collects the positions that are then turned to 
%zeros 
counter=0; 
remove=zeros(toremove,1); 
  
while length(find(remove))<toremove   
    mm=ceil(length(placements)*rand(1,1));   
     
    %Collect placements 
    if counter==0 
        remove=mm; 
        counter=1; 
    end 
     
    if counter==1 
        if length(find(remove==mm))==0 
            remove=[remove mm]; 
        end 
    end 
     
end 
  
for qqq=1:toremove 
    a(placements(remove(qqq)))=0; 
end 
  
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%Perturb matrix 'a' by some percentage.  Still want to keep the chosen generalist row or column  
%unperturbed, so pretending that row/column isn't there when doing the swapping.  Perturb the  
%matrix by swapping some perturblevels % of the ones with zeros and zeros with ones.  
  
%Find fill of A to calculate t, which is the number of perturbations. 
h=length(find(A));    
  
t=ceil(h*perturb);    
  
%Find all ones in the matrix a. 
u=find(a);    
  
 %Find all zeros in the matrix A; so the un-nested portion of 'a'; depends 
 %on gg.  
 if gg<0.5 
     r=find(A(2:16,:)==0); 
 end 
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 if gg>0.5 
     r=find(A(:,2:16)==0); 
 end 
  
%Actual swapping%%%%%%%%%%% 
  
    %Find ones to swap with zeros 
  
    counter=0; 
    while length(ones)<t+1     %while vector 'ones' is less than what is needed 
            d=u(ceil(length(u)*rand(1,1)));  %pick a random value from u 
             
            if counter==0   %if its the first value that that values equals d  
                ones=d; 
                counter=1; 
            end  
         
            if counter==1   %if its any value besides the first one than do the following 
                if length(find(ones==d))==0;   %if this value is unique than add it to the ones vector  
                   ones=[ones d];                    
                end 
            end 
      
    end 
  
    %Find zeros to swap with ones 
     
    counter=0; 
    while length(zeros)<t+1     %while vector 'zeros' is less than what is needed 
            d=r(ceil(length(r)*rand(1,1)));  %pick a random value from r 
             
            if counter==0   %if its the first value that that values equals d  
                zeros=d; 
                counter=1; 
            end  
         
            if counter==1   %if its any value besides the first one than do the following 
                if length(find(zeros==d))==0;   %if this value is unique than add it to the 'zeros' vector  
                   zeros=[zeros d];                    
                end 
            end 
      
    end 
  
    %Do the official swapping 
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    for w=1:t 
        a(ones(w))=0; 
        a(zeros(w))=1; 
    end 
     
    %Now combine the generalist row or column back with 'a' to get the new 'a' 
    if gg<0.5 
        a=[A(1,:);a]; 
    else 
        a=[A(:,1) a]; 
    end 
     
    %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
    %Check on connections and make sure no species has no interactions i.e. that there are no 
%rows or columns with all zeros 
    
    %Calcate sums of rows and columns 
    rowsum=sum(a'); 
    colsum=sum(a); 
     
    %See if there are any zeros in rowsum or colsum 
    rowsum1=find(rowsum==0); 
    colsum1=find(colsum==0); 
     
    %Now check on spec and gen.  Need to have both a species with 1 connection and a species 
%with 16 connections. 
     
    allspecies=[rowsum colsum]; 
     
    %Get min connections of all species; want at least one with just 1 
    spec=min(allspecies);  
    %Get max connections of all species; want at least one with 16 (there of course will be one 
%given forcing!) 
    gen=max(allspecies);    
     
    %Now put conditions into play.  First, if there are no unconnected species, then increase the 
%length of generate_a by 1, or else make redo equal to 1, which will set up the conditions to 
%redo this loop. 
    if (length(rowsum1)==0)&(length(colsum1)==0)  
         
            generate_a=[generate_a 1]; 
    else 
            redo=1; 
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    end 
     
    %If the above condition was satisfied, and length of generate_a is now two, then check for the 
%specialist and generalist.  If this condition is met, then the length of generate_a increases to 3, 
%and this loop is terminated.  Proceed with 'a'.  And if not, then redo is 1. 
    if length(generate_a)==2 
        if (spec==1)&(gen==16) 
         
            generate_a=[generate_a 1]; 
         
        else 
            redo=1; 
        end 
    end 
     
   % 'a' will get reorganized so that the most filled columns are to the left and the most filled rows 
%at the top.  This will be to calculate the nestedness of 'a'.  But want the unorganized version for 
%the model, so save as 'a_formodel' and if all conditions are met it is this matrix that will go into 
%matrixpack_nested. 
   a_formodel=a;  
     
    %If conditions are not met and redo is 1 then clear variables except 
    %for those listed, and make generate_a zero again 
    if redo==1 
        keep n connectance perturblevels qq matrixpack_nested xx Results nested null_template 
matrixpackfornest_template 
        generate_a=0; 
    end 
    
    
     
end 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%Measure nested value of "a" 
   
%First need to organize matrix 'a' so rows and column sums are non-increasing.  The resulting 
%matrix is called 'a_real'. 
  
%Arranging COLUMNS 
  
b=sum(a);          %find sums of columns 
y=sort(b,'descend'); %sort b in descending order 
c=unique(y);         %find unique numbers in y 
c=sort(c,'descend'); %sort unique numbers in descending order  
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for ee=1:length(c)   %going through the positions in c 
    x=find(c(ee)==b); %find where the numbers in c are in b i.e. their column numbers 
        if ee==1 
            order=x;  %if t is 1 than order is x 
        end 
         
    if ee>1 
        order=[order x];  %concatenate each new x onto order 
    end 
end 
  
g=[y;order];  %this matrix has the top row as the column sums in descending order, and the 
%second row as the positions these sums are in the original matrix. 
  
for r=1:length(g)  %build a so the columns are in descending order according to column sum 
    if r==1 
        a2=a(:,g(2,r)); 
    end 
     
    if r>1 
        a2=[a2 a(:,g(2,r))]; 
    end 
end 
  
%Arrange ROWS 
  
b=sum(a2,2)';          %find sums of rows in a2 
y=sort(b,'descend');  %sort b in descending order 
c=unique(y);          %find unique numbers in y 
c=sort(c,'descend')';  %sort unique numbers in descending order  
  
for ee=1:length(c)   %going through the positions in c 
    x=find(c(ee)==b); %find where the numbers in c are in b i.e. their row numbers 
        if ee==1 
            order=x;  %if t is 1 than order is x 
        end 
         
    if ee>1 
        order=[order x];  %concatenate each new x onto order 
    end 
end 
  
g=[y;order];  %this matrix has the top row as the row sums in descending order, and the second 
%row as the positions these sums are in the original matrix. 
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for r=1:length(g)  %build a so the rows are in descending order according to row sum; call 
'a_fornest' b/c it is this matrix that will be used to calcualte nestedness of 'a' 
    if r==1 
        a_fornest=a2(g(2,r),:); 
    end 
     
    if r>1 
        a_fornest=[a_fornest;a2(g(2,r),:)]; 
    end 
end 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
   
%Now need to generate nulls to measure nestedness of a_fornest. These nulls must also have 
%non-increasing row and column sums. 
  
for zz=1:nulls      %for the number of null models I want 
  
%"redo_null" is 0 until the conditions are met to change it to 1 (all species have at least one 
%connection). 
redo_null=0; 
  
while redo_null<1 
  
%Need fill of 'a' b/c the nulls must have the same connectance. 
fill=length(find(a_formodel));        
  
%Make matrix 'null' all zeros 
null=null_template; 
  
%Randomly arrange all matrix positions in 'a'.  
q=randperm(n^2);    
  
counter=1; 
while counter<fill+1;    %while 'null' has less 1s than fill dictates 
  
    m=ceil(n^2*rand(1,1));    %randomly pick a number btw 1 and length q 
     
        if q(m)>0             %if that position in q is available 
            q(m)=0;           % "x out" that position in q and  
            null(m)=1;           %make that position in 'a' a 1 
            counter=counter+1;  %and move counter forwards 
        end 
         
end 
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%Control for no zero sum columns or rows! 
  
rowsum=sum(null'); 
colsum=sum(null); 
  
rowsum1=find(rowsum==0); 
colsum1=find(colsum==0); 
  
if (length(rowsum1)==0)&(length(colsum1)==0) 
    redo_null=1; 
end 
  
end 
  
         
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%Now need to organize matrix null so rows and column sums are non-increasing. 
  
%Arranging COLUMNS 
  
b=sum(null);          %find sums of columns 
y=sort(b,'descend'); %sort b in descending order 
c=unique(y);         %find unique numbers in y 
c=sort(c,'descend'); %sort unique numbers in descending order  
  
for ee=1:length(c)   %going through the positions in c 
    x=find(c(ee)==b); %find where the numbers in c are in b i.e. their column numbers 
        if ee==1 
            order=x;  %if t is 1 than order is x 
        end 
         
    if ee>1 
        order=[order x];  %concatenate each new x onto order 
    end 
end 
  
g=[y;order];  %this matrix has the top row as the column sums in descending order, and the 
%second row as the positions these sums are in the original matrix. 
  
for r=1:length(g)  %build a so the columns are in descending order according to column sum 
    if r==1 
        null_2=null(:,g(2,r)); 
    end 
     
    if r>1 
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        null_2=[null_2 null(:,g(2,r))]; 
    end 
end 
  
%Arrange ROWS 
  
b=sum(null_2,2)';          %find sums of rows in a2 
y=sort(b,'descend');  %sort b in descending order 
c=unique(y);          %find unique numbers in y 
c=sort(c,'descend')';  %sort unique numbers in descending order  
  
for ee=1:length(c)   %going through the positions in c 
    x=find(c(ee)==b); %find where the numbers in c are in b i.e. their row numbers 
        if ee==1 
            order=x;  %if t is 1 than order is x 
        end 
         
    if ee>1 
        order=[order x];  %concatenate each new x onto order 
    end 
end 
  
g=[y;order];  %this matrix has the top row as the row sums in descending order, and the second 
%row as the positions these sums are in the original matrix. 
  
for r=1:length(g)  %build a so the rows are in descending order according to row sum 
    if r==1 
        null_3=null_2(g(2,r),:); 
    end 
     
    if r>1 
        null_3=[null_3;null_2(g(2,r),:)]; 
    end 
end 
  
%Put the successful and organized null (null_3) in matrixpackfornest, which is used to measure 
%the nestedness of the matrices in matrixpack_nested. 
matrixpackfornest(:,:,zz)=null_3; 
  
end   
  
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%Calculate discrepancy using the BR measure(Brauldi and Sanderson 1999). 
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%Discrepancy of 'a_real' 
disc_a_fornest=length(find((A-a_fornest)))/2; 
  
%Discrepancy of all the nulls 
for k=1:length(matrixpackfornest) 
    disc(k)=length(find((A-matrixpackfornest(:,:,k))))/2; 
end 
  
%Get avg and standard deviation of the discrepancies of all the nulls to calculate nested 
%value of a_real 
avgdisc=mean(disc); 
stddisc=std(disc); 
  
nestedness=(disc_a_fornest-avgdisc)/stddisc; 
  
%If the nested value is in the desired range, then put it into matrixpack_nested and put the nested 
%value into Results.  Change nested to 1 so that it will move forward with the next xx matrix. 
if nestedness<-2.5 
     
    matrixpack_nested(:,:,xx)=a_formodel; 
     
    Results(xx)=nestedness; 
     
    nested=1; 
       
     
end 
  
%Remove all variables except for those listed in keep. 
keep n connectance perturblevels qq matrixpack_nested xx Results nested null_template 
matrixpackfornest_template 
generate_a=0; 
  
end 
  
  
end 
  
%Will need to save matrixpack_nested and Results; but only after check for 
%uniqueness and get rid of the extras. 
  
  
%This code checks to be sure that all matrices in the matrixpacks are unique.  It generates a 
%matrix called duplicates.  If there is a 1 in this matrix, then there are identical matrices 
%somewhere.  Not perfect b/c the row and column don't correspond to those numbered matrices 
%being equal. 
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% duplicates=zeros(1000,999); 
%  
% for x=1:1000 
%      
%     a=matrixpack_nested(:,:,x); 
%      
%     d=1:1000; 
%      
%     focalmatrix=x; 
%      
%     toexamine=setxor(d,focalmatrix); 
%      
%     for y=1:length(toexamine) 
%          
%         u=eq(matrixpack_nested(:,:,toexamine(y)),a); 
%          
%         if length(find(u==1))==64 
%             duplicates(x,y)=1; 
%         end 
%     end 
%      
% end 
%  
% find(duplicates==1) 
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Appendix C: MATLAB©  code for constructing random matrices. 
 
%matrix_construction_random.m 
 
%This program generates the random matricies for the program Mut_evol_code.m.  The 
%following parameters must be set: 
%1) number of species (n).  This MUST correspond with the n in Mut_evol_code.m 
%2) Desired connectance level (connectance). 
%3) Number of desired matricies (matrix).  Ideally corresponds with the number of desired runs 
%of the Mut_evo_code program. 
%4) Number of null models for measuring BR (nulls) 
%5) Percentage of placements want swapped to distrupt a nested matrix (perturb). 
  
%The criteria for these models are the following.  They must be NOT nested, according to the 
%BR measure (Brauldi and Sanderson 1999), all species must have a connection, there must be 
%at least one generalist (species with n connections) and at least one specialist (species with 1 
%connection). 
  
%"matrixpack_random" needs to be saved and loaded into the Mut_evol_code_program.  Each 
%layer is a matrix for a run of the simulation.  "Results" has the nested values for the  matrices 
in matrixpack_random and should be saved for future reference. 
  
%At the end of this program is a chunk of code that can be used to make sure that by chance 
%none of the matrices in matrixpack_nested are identical.  Perhaps statistically very rare, but 
%good to check. 
  
%Requires access to the keep function. 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%Number of species 
n=16; 
  
%Desired connectance 
connectance=0.25; 
  
%Number of desired matrices 
matrix=1000; 
  
%Number of null models for measuring BR. 
nulls=5000; 
  
%Initiate matrixpack_random (matrix with all the matrices for the model)  
matrixpack_random=zeros(n,n,matrix); 
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%Initiate Results (vector of the nested values for the matrices in matrixpack_nested) 
%Positions correspond between these: i.e. Results(1) is the nested value for the matrix in 
%matrixpack_random(:,:,1). 
Results=zeros(matrix,1); 
  
%These two values are for loop management; when they get changed then something happens. 
nested=0; 
  
generate_a=0; 
  
%For some reason the program was saying that "index exceeds matrix dimensions" when I 
%would initiate the following matrices within the loops.  So now I initiate them here and call 
%them "templates" and then just make null and matrixpackfornest equal to their templates 
%instead of initiating them again. 
null_template=zeros(n,n); 
  
matrixpackfornest_template=zeros(n,n,nulls); 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
%Start matrix generation 
  
%xx is the loop that generates all matrices one by one. 
for xx=1:matrix 
  
%"nested" is the term used for controlling the matrix generation so if an xx value isn't nested 
%then it keeps re-doing the steps until it is. 
nested=0; 
  
%Initiate the matrix that will collect all the  nulls for measuring BR. 
matrixpackfornest=matrixpackfornest_template; 
  
%This while loop keeps generating matrices until one is created has the desired non-nested 
%value.  
while nested<1 
       
%This while loop keeps generating potential matrices until get one that has all species with at 
%least once connection, a generalist species (n number of interactions)  and a specialist (1 
%interaction).  So, each matrix must satisfy these conditions and not be nested. 
while length(generate_a)<3 
  
%If redo gets changed to a "1" b/c the conditions are not met then the conditions are set for this 
%while loop to go again, i.e. everything is deleted except the listed items in the keep line. 
redo=0; 
     
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
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%Creates a perfectly nested matrix, called A, with n number of species in each guild. 
%Need to keep A for measuring nestedness. 
  
A=zeros(n,n); 
  
for y=1:n 
    if y==1 
        A(:,y)=ones;                  
    else 
        A(1:(n-(y-1)),y)=ones; 
    end 
end 
  
%Produce empty matrix with same dimensions as A to be filled in randomly. 
a=zeros(n,n); 
  
%Calculate the the number of 1's to remove from 'A' to get desired connectance  
toremove=length(find((A)))-round((n*n)*connectance); 
  
%Number of ones to randomly throw into a 
connections=length(find(A))-toremove; 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
%Randomly fill in "a" 
  
%In order to have a generalist species with 16 connections I need to force it; will never happen 
%randomly.  So, randomly chose a species btw 1:32 to be the generalist.  If gg <17 the generalist 
%is in Guild 1 (so a row will be all 1's) and if gg>16 the generalist is in Guild 2 (so a column 
%will be all 1's). 
 gg=ceil(32*rand(1,1)); 
  
 if gg<17 
     generalist=gg; 
     a(generalist,:)=1; 
 end 
  
 if gg>16 
     generalist=gg-16; 
     a(:,generalist)=1; 
 end 
  
  
%Find placements in 'a'; positions that are not the generalist that could have a 1 randomly 
%assigned. 
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placements=find(a==0); 
  
%"connections" is the number of 1's the matrix needs.  It already has a generalist with n 
%connections and therefore needs: 
connections=connections-n; 
  
%The remaining number of connections needs to be randomly chosen from the placements in "a" 
%that are left.  Randomly arrange these positions: 
q=Shuffle(placements); 
  
%Since q is random, just pick the first "connections" number of this vector as the placements to 
%gets 1s!  
positions=q(1:connections); 
  
%Make the chosen positions in 'a', which are in "positions" a 1. 
for bbb=1:length(positions) 
    a(positions(bbb))=1; 
end 
  
    %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
    %Check on connections and make sure no species has no interactions i.e. that there are no 
%rows or columns with all zeros 
    
    %Calcate sums of rows and columns 
    rowsum=sum(a'); 
    colsum=sum(a); 
     
    %See if there are any zeros in rowsum or colsum 
    rowsum1=find(rowsum==0); 
    colsum1=find(colsum==0); 
     
    %Now check on specialist and generalist species. Need to have both a species with 1 
%connection and a species with n connections. 
    allspecies=[rowsum colsum]; 
    spec=min(allspecies); %get min connections of all species; want at least one with just 1 
    gen=max(allspecies);   %get max connections of all species; want at least one with 16 (there of 
%course will be one given forcing!) 
     
    %Now put conditions into play.  First, if there are no unconnected species, then increase the 
%length of generate_a by 1, or else make redo equal to 1, which will set up the conditions to 
%redo this loop. 
    if (length(rowsum1)==0)&(length(colsum1)==0)  
         
            generate_a=[generate_a 1]; 
    else 
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            redo=1; 
             
    end 
     
    %If the above condition was satisfied, and length of generate_a is now two, then check for the 
%right specialist and generalist.  If this condition is met, then the length of generate_a increases 
%to 3, and this loop is terminated.  Proceed with 'a'.  And if not, then redo is 1. 
    if length(generate_a)==2 
        if (spec==1)&(gen==16) 
         
            generate_a=[generate_a 1]; 
         
        else 
            redo=1; 
        end 
    end 
     
   % 'a' will get reorganized so that the most filled columns are to the left and the most filled rows 
%at the top.  This will be to calculate the nestedness of 'a'.  But I want the unorganized version  
%into matrixpack_random. 
   a_formodel=a;  
     
    %If conditions are not met and redo is 1 then clear variables except for those listed, and make 
%generate_a zero again. 
    if redo==1 
        keep n connectance matrixpack_random xx Results nested null_template 
matrixpackfornest_template 
        generate_a=0; 
    end 
    
    
     
end 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%Measure nested value of "a" 
   
%First need to organize matrix "a" so rows and column sums are non-increasing.  The resulting 
%matrix is called 'a_real'. 
  
%Arranging COLUMNS 
  
b=sum(a);          %find sums of columns 
y=sort(b,'descend'); %sort b in descending order 
c=unique(y);         %find unique numbers in y 
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c=sort(c,'descend'); %sort unique numbers in descending order  
  
for ee=1:length(c)   %going through the positions in c 
    x=find(c(ee)==b); %find where the numbers in c are in b i.e. their column numbers 
        if ee==1 
            order=x;  %if t is 1 than order is x 
        end 
         
    if ee>1 
        order=[order x];  %concatenate each new x onto order 
    end 
end 
  
g=[y;order];  %this matrix has the top row as the column sums in descending order, and the 
%second row as the positions these sums are in the original matrix. 
  
for r=1:length(g)  %build a so the columns are in descending order according to column sum 
    if r==1 
        a2=a(:,g(2,r)); 
    end 
     
    if r>1 
        a2=[a2 a(:,g(2,r))]; 
    end 
end 
  
%Arrange ROWS 
  
b=sum(a2,2)';          %find sums of rows in a2 
y=sort(b,'descend');  %sort b in descending order 
c=unique(y);          %find unique numbers in y 
c=sort(c,'descend')';  %sort unique numbers in descending order  
  
for ee=1:length(c)   %going through the positions in c 
    x=find(c(ee)==b); %find where the numbers in c are in b i.e. their row numbers 
        if ee==1 
            order=x;  %if t is 1 than order is x 
        end 
         
    if ee>1 
        order=[order x];  %concatenate each new x onto order 
    end 
end 
  
g=[y;order];  %this matrix has the top row as the row sums in descending order, and the second 
%row as the positions these sums are in the original matrix. 
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for r=1:length(g)  %build a so the rows are in descending order according to row sum; call 
'%a_fornest' b/c it is this matrix that will be used to calcualte nestedness of 'a' 
    if r==1 
        a_fornest=a2(g(2,r),:); 
    end 
     
    if r>1 
        a_fornest=[a_fornest;a2(g(2,r),:)]; 
    end 
end 
  
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
%Now need to generate nulls to measure nestedness of a_fornest. 
%These nulls must also have non-increasing row and column sums. 
 
  
for zz=1:nulls      %for the number of null models I want 
  
%"redo_null" is 0 until the conditions are met to change it to 1 (all species 
%have at least one connection). 
redo_null=0; 
  
while redo_null<1 
     
fill=length(find(a_formodel));  %get fill of 'a', b/c need same fill for nulls 
  
%Make matrix 'null' all zeros 
null=null_template; 
  
q=randperm(n^2);   %randomly arrange all positions in 'a'  
  
counter=1; 
while counter<fill+1;    %while 'null' has less 1s than fill dictates 
  
    m=ceil(n^2*rand(1,1));    %randomly pick a number btw 1 and length q 
     
        if q(m)>0             %if that position in q is available 
            q(m)=0;           % "x out" that position in q and  
            null(m)=1;           %make that position in 'a' a 1 
            counter=counter+1;  %and move counter forwards 
        end 
         
end 
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%Control for no zero sum columns or rows! 
  
rowsum=sum(null'); 
colsum=sum(null); 
  
rowsum1=find(rowsum==0); 
colsum1=find(colsum==0); 
  
if (length(rowsum1)==0)&(length(colsum1)==0) 
    redo_null=1; 
end 
  
end 
  
         
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%Now need to organize matrix null so rows and column sums are non-increasing. 
  
%Arranging COLUMNS 
  
b=sum(null);          %find sums of columns 
y=sort(b,'descend'); %sort b in descending order 
c=unique(y);         %find unique numbers in y 
c=sort(c,'descend'); %sort unique numbers in descending order  
  
for ee=1:length(c)   %going through the positions in c 
    x=find(c(ee)==b); %find where the numbers in c are in b i.e. their column numbers 
        if ee==1 
            order=x;  %if t is 1 than order is x 
        end 
         
    if ee>1 
        order=[order x];  %concatenate each new x onto order 
    end 
end 
  
g=[y;order];  %this matrix has the top row as the column sums in descending order, and the 
%second row as the positions these sums are in the original matrix. 
  
for r=1:length(g)  %build a so the columns are in descending order according to column sum 
    if r==1 
        null_2=null(:,g(2,r)); 
    end 
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    if r>1 
        null_2=[null_2 null(:,g(2,r))]; 
    end 
end 
  
%Arrange ROWS 
  
b=sum(null_2,2)';          %find sums of rows in a2 
y=sort(b,'descend');  %sort b in descending order 
c=unique(y);          %find unique numbers in y 
c=sort(c,'descend')';  %sort unique numbers in descending order  
  
for ee=1:length(c)   %going through the positions in c 
    x=find(c(ee)==b); %find where the numbers in c are in b i.e. their row numbers 
        if ee==1 
            order=x;  %if t is 1 than order is x 
        end 
         
    if ee>1 
        order=[order x];  %concatenate each new x onto order 
    end 
end 
  
g=[y;order];  %this matrix has the top row as the row sums in descending order, and the second 
%row as the positions these sums are in the original matrix. 
  
for r=1:length(g)  %build a so the rows are in descending order according to row sum 
    if r==1 
        null_3=null_2(g(2,r),:); 
    end 
     
    if r>1 
        null_3=[null_3;null_2(g(2,r),:)]; 
    end 
end 
  
%Put the successful and organized null (null_3) in matrixpackfornest, which is used to measure 
%the nestedness of the matrices in matrixpack_random. 
matrixpackfornest(:,:,zz)=null_3; 
  
end   
  
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%Calculate discrepancy using the BR measure (Brauldi and Sanderson 1999).  
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%Discrepancy of 'a_real' 
disc_a_fornest=length(find((A-a_fornest)))/2; 
  
%Discrepancy of all the nulls. 
for k=1:length(matrixpackfornest) 
    disc(k)=length(find((A-matrixpackfornest(:,:,k))))/2; 
end 
  
%Get avg and standard deviation of the discrepancies of all the nulls to calculate nested 
%value of a_real. 
avgdisc=mean(disc); 
stddisc=std(disc); 
  
nestedness=(disc_a_fornest-avgdisc)/stddisc; 
  
%If the nested value is in the desired range, i.e. NOT nested, then put it into matrixpack_random 
%and put the nested value into Results.  Change nested to 1 so that it will move forward with the 
%next xx matrix. 
if (nestedness>-2.5)&(nestedness<2.5) 
     
    matrixpack_random(:,:,xx)=a_formodel; 
     
    Results(xx)=nestedness; 
     
    nested=1; 
       
     
end 
  
%Remove all variables except for those listed in keep command. 
keep n connectance matrixpack_random xx Results nested null_template 
matrixpackfornest_template 
generate_a=0; 
  
end 
  
  
end 
  
%Will need to save matrixpack_nested and Results; but only after check for 
%uniqueness and get rid of the extras. 
  
  
%This code checks to be sure that all matrices in the matrixpacks are unique.  It generates a 
%matrix called duplicates.  If there is a 1 in this matrix, then there are identical matrices 
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%somewhere.  Not perfect b/c the row and column don't correspond to those numbered matrices 
%being equal. 
%  
% duplicates=zeros(1000,999); 
%  
% for x=1:1000 
%      
%     a=matrixpack_nested(:,:,x); 
%      
%     d=1:1000; 
%      
%     focalmatrix=x; 
%      
%     toexamine=setxor(d,focalmatrix); 
%      
%     for y=1:length(toexamine) 
%          
%         u=eq(matrixpack_nested(:,:,toexamine(y)),a); 
%          
%         if length(find(u==1))==64 
%             duplicates(x,y)=1; 
%         end 
%     end 
%      
% end 
%  
% find(duplicates==1) 
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