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ABSTRACT 

The interactions in pollination networks give rise to complex mutualistic relationships and it 

has been suggested that this specialising type of interaction is responsible for much of the 

organic diversity we can observe‡.  Explaining the structure of pollination networks in 

ecological modelling is often based on statistical & network analysis on large datasets.  

Here we explore the application of agent based modelling to understand how such network 

topologies emerge.  Whilst the models developed could not account for all of the network 

properties in observed pollination network data, we have made progress in implementing a 

framework to assess model sufficiency.  We discuss simplifications made in our models 

that are likely to have led to inadequacies in simulation results, and suggest how to move 

towards addressing these issues. 

INTRODUCTION 

Agent-based simulation models describing individual organisms or, more generally, 

―agents‖, have become a widely used tool in the social and natural sciences (Grimm 

2006).  Recognizing that individuals in ecologies and societies are adaptive, unique, and 

have their own set of strategies, has contributed to this growth. With the contribution of 

individual based models ecologists and social scientists are able to understand emergent 

system properties and group behaviours, such as swarming (Bazazi et al. 2008).  

Understanding the interrelationship between system dynamics and individuals behavioural 

rules has become the primary objective of individual-based ecology. Despite several works 

on agent based modelling (ABM) modelling in ecological issues, not much has been 

carried out in mutualistic systems such as pollination interactions. 

 

                                                 
†
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‡
 Thompson (1994)  



An exception to this is a recent paper by Santamaría & Rodriguez-Gironés (2007) where 

the authors compare the performance of different models describing pollination 

interactions. They conclude that when four species traits were included in the model 

(describing characteristics that enhance and hamper the interactions), realistic topological 

patterns emerge. It has been widely recognized for some time that some phenotypic 

characteristics determine the way species can interact (Jordano 1987, Jordano et al. 2006, 

Stang et al. 2006).  A short-billed hummingbird, for example, would not be able to reach 

the nectar efficiently from a flower whose tube is longer than the hummingbird's bill, while 

at the same time the flower might not be able to place pollen effectively on the 

hummingbird's body. However, not all phenotypic characteristics of the interacting species 

are equally important when establishing interactions.  

 

In this respect hummingbird pollination systems may provide us with a good insight into 

how pollination interactions are established since hummingbirds visit those flowers species 

which maximize their energy utility function (Montgomerie et al. 1984), which ultimately 

translates into flowers producing enough quantities of nectar, and with morphologies which 

allow the hummingbird to extract nectar efficiently enough (Wolf et al. 1975). In addition, 

hummingbird pollination communities are good model systems since they generally 

contain fewer species than insect pollination communities, hummingbirds heavily rely on 

nectar as a food source, show an opportunistic behaviour (Feinsinger 1976) and bird-

pollination is energetically expensive for the plants (Stiles 1978).  Therefore, the ecological 

and evolutionary implications of pollination interactions would be illustrated very well in this 

type of system (Stiles 1978). 

 

Here we develop an IBM model of a hummingbird-flower network, based on two key 

species properties: energy production and requirements and bill and flower corolla tube 

length.  We then compare the result to a real hummingbird-flower network from the 

Colombian highlands (Gutierrez & Rojas 2001). We propose that the combination of these 

two characteristics will account for most of the structure observed in this network. In 

addition we explore several variants of this model as control experiments: an energy 

model (energy as the only variable), a morphology model (morphology as the only 

variable) and a null model with random interactions.  

 

Thereafter, we assess the quality of our models by comparing four network properties 

describing the structure of pollination networks (connectance, link distribution, nestedness 



and degree of centralization) to the original data. These basic structural patterns of 

pollination networks are pervasive across communities: low connectance (Jordano 1987, 

Olesen & Jordano 2002), power-law or truncated power-law link distribution (Jordano et al. 

2003), significant levels of nestedness (Bascompte et al. 2003, Vázquez & Aizen 2003, 

2004) and moderate-low centralization (Petanidou et al. 2008). Alternative methodologies 

such as IBM can be of importance in the description of pollination communities since they 

give a complementary view of the way these interactions are established than traditional 

descriptive community studies lack.  

Agent Based Modelling 

Agent-based modelling can be used as part of rigorous scientific practice by testing 

hypotheses that arise from observation, and in turn inform experimental strategy. 

Commonly this involves making observations of emergent phenomena at one scale and 

then testing a theoretical hypothesis that proposes lower-scale mechanisms that produce 

these phenomena. At this point the central question is ―How could the decentralized local 

interactions of heterogeneous autonomous agents generate the given regularity?‖ (Epstein 

1999, 41). This can go in the other direction as well, if the behavioural rules of individual 

agents are observed initially, at which point we can model the higher-scale phenomena 

that emerge from these rules. The first case, where emergent phenomena are observed 

and we are testing proposed causal mechanisms, can be represented in the following 

fashion: a hypothesis is actually tested by programming the rules for the agents included in 

the model, and running the resulting simulation enough times to obtain the necessary 

statistical power to prove or disprove the hypothesis.   A complication here is that a 

positive result (where programmed rules produce observed phenomena) only establishes 

those rules as a candidate set (Epstein 1999, 43) among a possibly infinite number of sets. 

As understood by Karl Popper, falsification is potentially more empirically powerful than 

affirmation in science generally and in the agent-based modelling approach to science. 

 

To summarize, the important characteristics of individual based ecology as identified by 

Grimm (2005) are as follows. Systems can be understood and modelled as collections of 

unique individuals. Interactions between the agents or individuals and their environment 

grow (Epstein 2006) the system properties and dynamics.  Individual/Agent based 

modelling is a key tool for individual based ecology, because it allows us to study the 

relationship between adaptive behaviour and emergent phenomena.  Theory comes first: 

these theories are models of individual behaviour that are useful for understanding 



systems dynamics. Hypotheses are tested on how well they can reproduce observations of 

real individuals and systems.  Theory is framed in complexity concepts such as 

emergence, fitness and adaption, instead of differential calculus.  Field or experimental 

studies are essential for developing theory. These studies can suggest individual 

behaviour can identify the pattern against theories can be tested. 

 

The next section describes the pollination network data, agent-based model construction, 

and comparison procedures.  Experiments from these simulation models are described in 

section III.  A discussion of these results and wider issues is presented in section IV and 

finally areas for future work are outlined. 

MATERIAL & METHODS 

Dataset 

We use a dataset describing the patterns of visitation of nine species of hummingbirds to  

27 flowering plant species in the Colombian highlands (Gutierrez & Rojas 2001). 

Hummingbird body mass (g) was used as a surrogate for their energetic requirements, 

whereas the energy production of a flower was calculated as the number of calories 

produced per flower per day (cal/fl24h) (Table 2). Hummingbird bill length (mm) was 

measured as total culmen (from bill tip to the point where culmen meets the skull) and 

flower tube length (mm) as the effective corolla length (the collection of petals within which 

nectar is secreted, Table 2; Gutierrez & Rojas 2001). 

 

Optimal feeding behavior 

Several factors may determine if a hummingbird visits and pollinates a flower or not (Fig. 

1), but they will ultimately relate to the energetic favourability of the interaction (Fig. 2; Wolf 

et al. 1975, Brown et al. 1978, Hainsworth et al. 1978, Stiles 1978). Birds will try to 

maximize a utility function NEVC (net energy per unit volume consumed) when foraging. 

NEVC is determined by the amount of nectar that the flower produces, the efficiency with 

which the hummingbird will be able to extract it and the competition among other 

hummingbird individuals or species (Figure 2; Stiles 1978). Dominant species or 

individuals will prefer high rewarding flowers, outcompeting other hummingbirds, which will 

be left to the poorer sources (e.g. Feinsinger 1976, 1978, Wolf et al. 1975), whereas 

differential matching between bill length and corolla tube will affect the efficiency with 

which a bird is able to harvest nectar from a flower (Wolf et al. 1975, Stiles 1978, 



Montgomerie et al. 1984), i.e. in the Neotropical wet lowlands hermit birds have long and 

curved bills, matching the corollas of their preferred flowers, from which they can forage 

efficiently, while the rest of the hummingbird species are not able to (Stiles 1978).  

Model Details 

We construct a simple agent based model of an ecosystem containing birds and flowers to 

determine the types of parameters that are involved in explaining the structure of 

interactions observed in a real pollination network.  As described above, the two 

parameters believed to be central are the energy reward that a flower provides, and the fit 

of hummingbird bill to flower corolla.  Thus, the birds in the model are heterogeneous in 

their bill length, and the flowers have both variable corolla length and energy productivity 

(these two variables are assumed to be uncorrelated).  The birds identify the flowers that 

they prefer to feed from using simple localised interactions, and we analyse the resultant 

network once it has stabilised. 

The birds use the following information to determine when to maintain a link with a 

particular flower: 

(1) the amount of nectar that can be taken up by the bird depends simply on the match 

between the bill and the corolla: 

 

(2) there is a cost to maintaining a link 

(3) if the net energy gain (foraged – cost of link) is positive, the link is maintained; else 

it is discarded 

Pseudo-code for the overall model procedure is given below: 

1. For all flowers Fi in F, initialise with:  

a. random energy production level, Fie  [0,1] 

b. random corolla tube length, Fil  [0,1] 

2. For all birds Bj in B, initialise with random bill length, Bjb  [0,1] 

3. For each flower-bird pair (Fi,Bj) create a link with probability plink 

4. For each bird Bj 

a. For each link (Fi,Bj) 

i. Calculate net energy gain g(Fi,Bj,Fie,Fil,Bib) 

ii. If g<0, remove link (Fi,Bj) 

5. Go to 3. 



 

While in principle the net energy gain function can either take into account or ignore each 

the fit of bill to corolla and the energetic production of the flower separately, ignoring only 

the energetic production has the effect of ignoring both variables.  Therefore, only data 

from three variants is given: a null model that ignores both variables, an energy-only model 

that ignores the fit of bill to corolla, and the full model that takes into account both bill fit 

and energetic production of the flower.  

Model Accuracy 

In order to assess the accuracy of the models, we compared four structural parameters of 

the real hummingbird-plant network with those of the modelled ones: connectance, link 

distribution, nestedness and degree of centralization.  

(1) Connectance is the proportion of the interactions realized in the network out of the total 

possible, a measure of the generalization level of the community. Pollination networks 

have, in general, a relatively low connectance.  

(2) Link distribution describes how interactions are distributed among the species in the 

network. Most link distributions of pollination networks follow a power law or related 

distributions (Jordano et al. 2003).  

 (3) Nestedness occurs when generalists species interact both with other generalists and 

also with specialists ones, whereas specialist species only interact with generalists. This 

leaves a dense core of generalist species interacting between them and with a periphery 

of specialist species attached to the core, the so-called core-periphery structure. We used 

the software ANINHADO (Guimares & Guimares 2006) to calculate the networks' 

nestedness (using the matrix temperature, Atmar and Paterson 1993) and computed their 

significance when compared to a set of 1000 random networks with the same number of 

species and links, but where links where assigned based on species connectivity (Jordano 

et al. 2003, Bascompte et al. 2003, Guimares & Guimares 2006). 

(4) The degree of centralization illustrates the differences in species connectivities. 

Networks with a high DC have some highly generalist species (species with a high 

connectivity) and a high number of specialist species (those with a very low connectivity; 

Wasserman & Faust 1994, de Nooy et al. 2004). We calculated the centralization degree 

using the freeware Pajek 1.15.  Both nestedness and centralization reflect a high level of 

asymmetric interactions (specialists interacting with generalists). 



RESULTS 

Sensitivity to Link Costs 

To assess the sensitivity of the model with respect to the cost of maintaining a link, each 

model variant was executed for a range of values for link cost, while keeping all other 

parameter values constant, as follows: 

Bird count 50 

Flower count 25 

Link creation rate 0.25 

  

Each experiment was repeated with 30 different random seeds, and connectance, 

nestedness and degree centralization are calculated.  Mean values are plotted with 

standard error in figures Figure 3, Figure 4 and Figure 5. 

 

Sensitivity to Probability of Link Creation 

A similar analysis is performed to determine the model sensitivity with respect to the 

probability of link creation.   

Bird count 50 

Flower count 25 

Cost of Link 0.5 

 

Each experiment was repeated with 30 different random seeds, and connectance, 

nestedness and degree centralization are calculated.  Mean values are plotted with 

standard error in figures Figure 6, Figure 7 and Figure 8. 

 

Sensitivity to Flower Population Size 

A similar analysis is performed to determine the model sensitivity with respect to the size 

of the flower population.   

Bird count 50 

Link creation rate 0.25 

Cost of Link 0.5 

 

Each experiment was repeated with 30 different random seeds, and connectance, 

nestedness and degree centralization are calculated.  Mean values are plotted with 



standard error in figures Figure 9, Figure 10, Figure 11. 

 

Network Measurements for Real Data 

The same calculations are performed for the observed ecological data.  In order to 

compare datasets the observations set is simplified from frequencies of bird visits to a 

binary value indicating the presence or absence of a link between that bird species and 

flower species.  Since only a single sample exists, no variance is reported.  The values for 

connectance, nestedness and degree centralization for this data are given in table Table 1. 

 

Model Connectance Nestedness Centralization 

Real Data 0.297 0.784 0.556 

Table 1: network measures for hummingbird – nectar producing plant visits. Interaction Data 

simplified from Gutierrez & Rojas (2001) 

 

DISCUSSION 

We first briefly survey the main trends in the simulation results before describing the 

quality of fit of the model to real data.  More intricate but less important details follow. 

 

Of the parameter sweeps performed, most had only little influence on the resultant 

networks.  The most significant impact was the change in cost of maintaining a link, which 

significantly impacts the connectance with an approximately linear negative correlation (for 

variants other than the null model).  The size of flower population influences nestedness, 

but not degree centralization; the effect is strongest for the energy-only and null models.  

The probability of new link creation has only small effects; we wait for the network to tend 

to a steady state before examination and this variable will mostly affect the transient 

behaviour. 

The connectance values have a large range for both the energy-only and full models, so to 

tune this parameter to be representative of the real data is straightforward, subject to the 

impact of the link costs on other measures.  Nestedness is most consistent in the full 

model, and tends to be higher than the real data but in the right ballpark – within 7-13%.  

However, centralization is low for all model variants under all tests performed.  It is highest 

in the full model but still very low (below 20% when compared to 56% in observed data).  

This indicates a low variance in the degree distribution, that is, most birds have a similar 



level of specialisation in the flowers that they visit. 

Whilst these network statistics cannot fully describe the complexity of the ecological data, 

they are sufficient to reveal that the simulation models are not rich enough to capture all of 

the most important factors in the real system.  Later we outline some potential routes to 

improve the model, but first it is worth examining some of the observed trends in more 

detail. 

We observe low centralization values throughout the model results.  The only pressure for 

birds to specialise is based on bill length, and not on energy requirements so there is not a 

large incentive away from being a generalist.  Additionally, a bird will only prefer flowers 

with corolla tubes that are shorter than their bill.  Having a preference for a better fit is 

likely to lead to a more realistic value for centralization (there is a significant coordination 

problem).   

The negative correlation between link cost and connectance should not be a large 

surprise: given a uniform distribution in flower energy production, increasing the cost per 

interaction reduces the proportion of interactions that are above this threshold. 

There are some small changes in nestedness with varying link probability, and with varying 

flower population size.  The full model is least sensitive with each of these, but further 

experimentation would be required to identify the exact factors in these relationships.  One 

line of enquiry would be to consider the portion of different energy levels covered across 

different population sizes – a larger sample size should cover more of the range but we 

should expect rapidly diminishing returns if this were the only factor. 

 

There are a number of features present in a real pollination network that are omitted from 

this early computational model, highlighted here.  The inclusion of some of these factors 

into the model is a key direction for future work. 

No competition for resource: the interaction from each bird to a given flower is assumed to 

be independent.  Including some feature that distributes energy production is likely to be 

very important.  Birds could be assigned an aggression factor that influences their share of 

resource away from an even distribution amongst competitors. 

no concept of species: random characteristics are simply assigned to each bird and flower 

without any using prior knowledge for correlation in these characteristics.  It would be of 

interest to investigate if using such priors to bias agent distributions had a significant 

impact on explaining the observed ecological distributions. 

No heterogeneity in bird energy requirements: in the real pollination system birds vary in 

body mass and hence the amount of energy they must obtain from foraging is not 



constant.  Along with a more realistic preference for bill to corolla fit, this is likely to allow 

for greater specialisation. 

No explicit space modelled: on account of having no spatial observations in the real 

pollination network, it is reasonable to omit this feature.  However, it is well known that 

spatial structures can lead to localisation of interactions (provided that locomotion is 

modest) which in turn could have a significant impact on the level of specialisation. 

 

Finally, an influential model design assumption was made, that plant characteristics are 

static whilst the birds have a strong pressure to find suitable energy sources.  In the real 

system there are evolutionary selection pressures exerted on each of these populations by 

the other population: it is a coevolutionary system.  At first glance, it may seem to be too 

strong a simplification in the model to ignore the pressures on the plant population.  

However, selection pressures on each party differ significantly (Cushman and Beattie 

1991): the most important pressure on the hummingbirds is the ecological requirement of 

feeding, which is at a significantly faster timescale to pressures leading to evolutionary 

adaptation that occurs in both populations.  Thus, in order to explain the ecological 

interactions of hummingbirds and their nectar-producing flowers, an appropriate starting 

place is to assume all flexibility is within the hummingbirds.  But to explain the facilitation of 

pollination of plants via specialised co-adaptations that hummingbirds have to those plants, 

and the energetic rewards offered by those plants to attract this pollination is likely to 

require a model that captures co-evolutionary pressures and considers evolutionary as 

well as ecological timescales. 

 

Organisms evolve in complex environments which include species other than their own, 

but frequently the reciprocal influence that is experienced as a result of these interactions 

is overlooked in evolutionary theory.  However, the explicit recognition of such interactions 

is not universally ignored, in this case is termed the study of coevolution (coined by Ehrlich 

and Raven 1964).  Indeed an archetypal example of such a coevolutionary system is the 

specialised mutualistic co-adaptations observed in flowering plants that rely on animals for 

their pollination.  A second important class of coevolution is antagonistic relationships such 

as host-parasite and predator-prey interactions.  Central to both of these classes of 

coevolutionary dynamics is that selection pressures experienced by one participant are 

due to the other participant(s) in the relationship.  Identifying these participants is 

straightforward in some cases (e.g., in lichen (Khakhina 1992)) but problematic in ‗diffuse‘ 

coevolution (Ridley 2004).  We believe that this is an important topic that an agent-based 



modelling approach may be able to provide some tractability, perhaps in the capacity of an 

‗opaque thought experiment‘ (Di Paolo et al 2000). 

Future Work 

This project has several avenues for future extension.  First is the category of model 

redesign, and specific features that would be of interest to investigate are discussed 

above. Briefly, these include using prior information regarding species characteristics and 

their distributions in place of traits distributed uniformly randomly; introducing a spatial 

component to flower location and bird positioning; and finally exploring a model with co-

evolutionary dynamics. 

A second, longer term aim is to apply this approach to other hummingbird data to assess 

generality (provided that an appropriate model fit is achieved with the current data).  

Indeed the scope need not be limited to hummingbird interactions; other pollination groups 

that have different characteristics include bees which rely solely on nectar and pollen, and 

at the other end of the spectrum, certain flies and wasps use nectar and pollen as only a 

complement of their diet. 

CONCLUSIONS 

Pollination networks involve rich interaction structures and identifying the underlying 

factors that lead to these complex systems is challenging.  In this paper we have made 

some modest progress towards growing realistic networks, indicating that principal 

components considered to be important in the literature to have significance in simulation 

models.  The full model provides the closest match to the real data under the measures 

examined, and was the most stable to input variable values.  However, there is still 

significant deviance from the real data that is not accounted for by any of the simulation 

models, which indicates that a richer model is necessary to explain authentic pollination 

networks. We have implemented a framework for model comparison that is to an extent 

independent of the specific model, and used it to identify some notable weaknesses in our 

current model approach.  Importantly, we have opened the door for more complete 

experimentation using a 'growing pollination networks' approach to explain ecological data. 

Through this unconventional approach to understanding pollination interactions a more 

general outcome for this program of study may deepen our understanding of co-

evolutionary relationships that are so important and ubiquitous across the biosphere. 
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TABLES 

Table 2. Species characteristics. 

 

FIGURES 

Figure 1. Factors influencing hummingbird-plant interactions. From Hainsworth (1978). 

Figure 2. Factors affecting nectar uptake efficiency in hummingbird-plant interactions. Plus 

and minus signs represent positively and negatively relted variables, respectively. From 

Wolf et al. (1975). 

Figures 3-11. Network measures for simulation data 

Figures 12-14. Representation of typical networks from simulation models 

Figure 15. Representation of the real network  



 

 Em de Ch Mt Ac Pc Ll Cl Ee 

B. spinosa 3 11 0 11 51 0 11 0 0 

S. paramicola 6 10 3 0 26 24 7 0 0 

B. lindenii 34 0 14 0 3 0 0 0 0 

D. codonanthum 22 3 5 14 0 0 0 0 0 

P. clava-herculis 5 0 0 0 0 30 0 0 0 

S. giganteus 5 3 0 0 22 3 0 1 0 

M. rupestris 24 3 2 1 0 1 0 0 0 

G. candelabrum 22 4 1 0 0 0 0 0 0 

D. spinosa 23 1 0 0 0 0 0 1 0 

G. bakeri 24 1 0 0 0 0 0 0 0 

G. erecta 5 0 1 7 0 0 0 0 0 

Disterigma sp. 7 0 0 5 0 0 0 0 0 

T. orbicularis 11 0 0 0 0 0 0 0 0 

R. tetrantha 3 2 0 5 0 0 0 0 0 

G. punctatum 0 0 10 0 0 0 0 0 0 

B. ledifolium 5 0 0 0 3 0 0 0 0 

V. floribundum 5 0 1 2 0 0 0 0 0 

Bomarea sp. 3 2 0 0 2 0 0 0 0 

F. corollata 0 0 0 3 1 0 0 3 0 

Brachyotum sp. 7 0 0 0 0 0 0 0 0 

B. linifolia 5 0 1 0 0 0 0 0 0 

Centropogon sp. 1 2 0 0 0 0 2 0 0 

Elleanthus sp1. 4 0 1 0 0 0 0 0 0 

T. complanata 3 0 0 1 0 0 0 0 0 

P. mixta 1 0 0 0 0 0 0 0 3 

T. 
longebracteatus 

0 0 0 0 0 4 0 0 0 

G. insipida 0 0 1 1 0 0 0 0 0 

P. prostrata 0 0 1 0 0 0 0 0 0 

 

 



 

 

Figure 2: Factors affecting nectar uptake efficiency in 

hummingbird-plant interactions. Plus and minus signs 

represent positively and negatively related variables, 

respectively. From Wolf et al. (1975). 

Figure 1: Factors influencing hummingbird-plant interactions. From Hainsworth 

(1978). 



 

Figure 3: sensitivity of connectance w.r.t. cost of link maintenance 

 

Figure 4: sensitivity of nestedness w.r.t. cost of link maintenance 



 

Figure 5: sensitivity of centralization w.r.t. cost of link maintenance 

 

Figure 6: sensitivity of nestedness w.r.t. probability of link creation 



 

Figure 7: sensitivity of connectance w.r.t. probability of link creation 

 

Figure 8: sensitivity of centralization w.r.t. probability of link creation 

 



 

Figure 9: sensitivity of nestedness w.r.t. flower population size 

 

Figure 10: sensitivity of connectance w.r.t. flower population size 



 

Figure 11: sensitivity of centralization  w.r.t. flower population size 

 

Figure 12: foodweb representation of energy model 



 

 

Figure 13:foodweb representation of full model 

Figure 14: foodweb representation of null model 



 

Figure 15: foodweb representation of pollination network from real data  


