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Abstract. In addition to traditional properties such as the degree distribution P (k), in this work we propose two other useful quantities that can help in characterizing the topology of food webs quantitatively, namely the allometric scaling relations C(A) and the branch size distribution P (A) which are deﬁned on the spanning tree of the webs. These quantities, whose use has proved relevant in characterizing other diﬀerent networks appearing in nature (such as river basins, Internet, and vascular systems), are related (in the context of food webs) to the eﬃciency in the resource transfer and to the stability against species removal. We present the analysis of the data for both real food webs and numerical simulations of a growing network model. Our results allow us to conclude that real food webs display a high degree of both eﬃciency and stability due to the evolving character of their topology.



9.1 Introduction Food webs [1, 2, 3] are an important example of complex networks [4] describing the predation interactions among species in a given environment. A food web can be deﬁned as a directed graph [4, 5], which is a set of S vertices (each labelled by an integer number i) representing biological species and L directed links pointing from prey to predators. Conventionally, a set of species sharing the same predators and the same prey is merged in one trophic species (this is referred to as the aggregation of a food web, and is commonly performed in order to reduce systematic biases [6, 7]). The exploration of food web structure is one of the major issues of modern ecology [1, 2, 3]. Understanding how communities are assembled and evolve would give a deep insight into the organization of natural ecosystems. In particular, one of the main focuses of food web theory is understanding how (or whether) topological properties of food webs change with the scale of the system (the number of species). A variety of ecological quantities are traditionally introduced in order to describe and compare diﬀerent food webs. Examples are given by the fractions T, B, I of Top, Basal and Intermediate species, which are deﬁned as the species with respectively no predators, no prey, and both predators and prey. These quantities also give the prey–predator ratio, deﬁned as (B + I)/(I + T ). R. Pastor-Satorras, M. Rubi, A. Diaz-Guilera (Eds.): LNP 625, pp. 148–166, 2003. c Springer-Verlag Berlin Heidelberg 2003 
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Another quantity of interest is the ratio of observed to possible links. If self (cannibalistic) loops and reciprocal connections between two species are not included, this ratio is expressed by the connectance c = 2L/(S 2 − S)  2L/S 2 . Otherwise, the directed connectance [6] cd = L/S 2  c/2 is used. The scale dependence of these quantities has been investigated [2, 6, 8, 9, 10], and none of them shows a deﬁnite trend as the number of species varies. In particular, the directed connectance varies from cd = 0.03 to cd = 0.3 in real webs [11], deviating from the constant connectance [12] hypothesis which predicts cd to be approximately constant about the value 0.1. On the other hand, the recent exploration of network structures [4, 5] showed that several real-world networks, ranging from Internet and WWW to social and biological systems, display unexpectedly similar properties. The quantities which have been introduced to characterise network topology derive from graph theory [5]. The number of incoming and outgoing links of a vertex is called the in-degree kin and the out-degree kout of the vertex (their sum gives the total degree k). In the ecological context, they have a direct interpretation in terms of the number of prey and predators of a species respectively. The degree distribution P (k) gives the probability that a randomly chosen vertex has total degree k. Also, one can introduce the average distance D (deﬁned as the mean number of links required to connect two randomly chosen vertices in the network), and the clustering coeﬃcient Cc (which is the probability of ﬁnding a link connecting two neighbours of a randomly chosen vertex). While random graph models [13] are characterised by a Poisson-like degree distibution and a small value of the clustering coeﬃcient, most real networks display a scale-free [5] degree distribution of the form P (k) ∝ k −γ and a small-world [14] character. The latter is deﬁned as the simultaneous occurrence of a small average distance D and a high value of the clustering coeﬃcient Cc . The deviation from random graphs means that real networks are rather complex structures shaped by non-random processes. This important aspect motivates the search for non-trivial models that can reproduce the complex topology of real systems. Recently, the investigation of such network properties has been extended to food webs [7, 11, 15, 16, 17]. In this work, we report the results of the analysis of four empirical networks [6, 8, 9, 10], three of which are the largest ones in the ecological literature. As other authors [11, 15, 17] have independently observed, we show that (diﬀerently from other networks) the aforementioned quantities display an ambiguous behaviour in food webs. We suggest that these diﬃculties can be overcome by analysing food webs in a diﬀerent framework, namely that of transportation networks [18, 19]. This rather natural choice provides us with diﬀerent quantities which are shown to display an interesting behaviour in all the webs analysed. These quantities are computed on the spanning trees [13] of real webs and capture some important functional properties related to the degree of eﬃciency and stability of the networks. Moreover, we support our analysis by means of numerical simulations of the Webworld Model [19, 20], and show that these highly non-random properties can be reproduced by an evolutionary mechanism of Darwinian selection.
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We ﬁnally discuss how these results shed new light on the theory of evolving networks, since the growth process diﬀers radically from the traditional ones [5]. In particular, it is the result of an intrinsic coupling between network topology and the (population) dynamics deﬁned on it.



9.2 Network Analysis In this section we report the analysis of the data of four real food webs, namely those of St. Martin Island [8], Ythan Estuary with parasites [10], Silwood Park [9] and Little Rock Lake [6]. The latter three webs are the largest published food webs in the ecological literature, containing respectively 134, 154 and 182 species. We followed the common convention [1] of adding, if absent, a formal “environment vertex” representing the abiotic resources to the webs. Actually, the food web of Silwood Park documents all the interactions centred on the Scotch Broom Cytisus scoparius, which represents the “environment vertex” of the web. We report the analysis for both the unaggregated and aggregated versions of the webs. 9.2.1 Ecological Properties Most of the traditional ecological quantities such as cd , B, I, T , (B + I)/(I + T ) are computed in the original papers [6, 8, 9, 10] and are reported in Table 9.1. We also report the value lmax of the largest trophic level in the webs. The trophic level l of a species is deﬁned as the minimum number of directed links separating it from the environment. It is a general result [1, 2] that the number of trophic levels of real food webs is always small even when the number of species is large. This is conﬁrmed by looking at the values of lmax for the largest webs (see Table 9.1). Table 9.1. Ecological properties of unaggregated (U.) and aggregated (A.) webs St.Martin Island
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9.2.2 Small-World Properties As we already mentioned, the small-world eﬀect (small value of the average distance D and large value of the clustering coeﬃcient Cc ) has been detected in a large number of diﬀerent networks [5, 14]. Recent studies [11, 15, 16] have extended such analysis to food webs. The behaviour of D in both unaggregated [15] and aggregated [11, 16] versions of the webs has been investigated. The remarkable result is that, even in the largest webs, the value of D is always less than or equal to 3 (this ﬁnding is obviously related to, and more general than, the aforementioned result concerning trophic levels). In Table 9.2 we report the value of D for the webs analysed. Also the value of the clustering coeﬃcient Cc of both unaggregated [15] and aggregated [11] food webs has been studied. While in some webs [15] the value of Cc is larger than that of a random graph with the same number of species S and connectance c, in other webs [11] the opposite is true. For the webs in our analysis (see Table 9.2), the value of Cc ranges from being 3.8 (Ythan Estuary) to 1.1 (St.Martin Island) times larger than displayed by random graphs [11]. In general, the variations observed in the behaviour of Cc mean that, differently from most real-world networks, food webs do not display small-world properties [11]. 9.2.3 Degree Distribution The degree distribution P (k) displayed by food web has been studied by diﬀerent authors [11, 15, 17]. In a study focusing on unaggragated webs [15] it was found that, while in some cases (such as Ythan Estuary and Silwood Park) the form of P (k) can be ﬁtted by a power-law, other webs (such as Little Rock Lake) display an irregular degree distribution. We performed a similar analysis on the aggregated webs and found the same behaviour as the unaggregated ones (see Fig. 9.1): the form of P (k) is quite irregular for Little Rock Lake, while it can be roughly ﬁtted by a power-law distribution (P (k) ∝ k −γ ) for Ythan Estuary (γ = 1.08 ± 0.13) and Silwood Park (γ = 0.96 ± 0.13). Moreover, we found an irregular form of P (k) for the St. Martin web too. Note that, however, the power-laws are very noisy. Very recently, more comprehensive studies [11, 17] focusing on the cumulative degree distribution concluded that the form of P (k) in most aggregated webs is Table 9.2. Small-world properties of unaggregated (U.) and aggregated (A.) webs St.Martin Island
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k Fig. 9.1. Degree distribution P (k) for the four webs analysed



not scale-free, but rather single-scaled. Thus, real food webs do not in general display neither small-world nor scale-free properties [11]. We anticipate here that the ambiguity in the form of P (k) reﬂects a related diﬃculty in understanding food web organization. Scale-free networks can be reproduced by a simple preferential attachment [5] mechanism capturing the fundamental ingredient underlying their growth process: new vertices are continuously added and linked to preexisting ones with probability proportional to their degree. Instead, as regards food webs, preferential attachment is unlikely to be the correct growth hypothesis, for at least three reasons. First, it is not clear why the degree of the species should completely drive the evolution of the network [11, 17]. Second, the likelyhood of developing new reciprocal connections is determined by the features of the species, not simply by the number of their current interactions. Finally, food web evolution is a rather complex result of processes like speciation, extinction and rearrangement of interactions due to modiﬁcations in species’ abilities [19, 20], an aspect which cannot be reduced to simple growth rules focusing only on topological quantities.



9.3 Spanning Tree Analysis We have shown that, when looking at the traditional network properties of food webs, several diﬃculties arise. In the rest of the paper, we propose a diﬀerent framework where food webs can be studied and modelled, and we suggest an analysis that allows to uncover unexpected regularities in real food webs. These ideas also help in modelling food web evolution in a more realistic way.
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9.3.1 Foodwebs as Transportation Networks The transfer of resources in a food web can be regarded as a transportation process starting from the environment and reaching, directly or indirectly, every species in the web. This is essentially due to the simple fact that every species has to be delivered a certain amount of resources (prey) to survive. In other words, the graph representing a food web is connected and such that each species can be reached starting from the environment and following the direction of the links. Moreover, note that links in a food web are not simply binary (present or absent). Each link is indeed characterised by a “strenght” [1] which measures the amount of resources which is transferred in the predation it represents. An exact deﬁnition of link strenght which is also suitable for empirical observation is limited by conceptual diﬃculties [21]. However, it is generally accepted [1, 2] that the amount of resources transferred from a prey to a predator is small and such that each trophic level l delivers a fraction λ  0.1 of its resources to the level l + 1. The connectedness of food webs implies that they have at least one directed spanning tree. A spanning tree of a directed graph with a “source” vertex (in our case, the environment) is a connected subgraph with no loops such that each vertex is reachable from the source. Moreover, the small value of the ecological eﬃciency λ implies that, roughly speaking, each species receives the largest amount of resources from the shortest sequence of links separating it from the environment. This means that, among all possible spanning trees of a food web, those representing the main transfer of resources are formed by the shortest chains from the environment to the species. For each food web in our analysis, we obtained a spanning tree with this features by ﬁrstly ordering the species in trophic levels and then removing all links directed from a prey at level l to a predator at level less than or equal to l. A few loops can still remain if more than one prey at level l supplies resources to the s ame predator at level l + 1. In this case, we randomly select only one incoming link for each species to obtain one spanning tree, and repeat this random procedure 1,000 times to have a set of equivalent spanning trees. Note that the “root” of the tree is the environment and the “leaves” are top species. Once a spanning tree is obtained, one can analyse it in the context of transportation networks and extend to food webs what is commonly performed for other tree-like structures such as river basins [22] and vascular or respiratory systems [23, 24]. In particular, one can analyse how branching properties scale with system size (the number of vertices) according to the procedure described below. 9.3.2 Allometric Scaling Relations River basins and vascular systems can be represented by tree-like graphs with S vertices labeled i = 1, S plus an additional vertex i = 0 (the outlet of the basin, or the heart) which is the root of the tree. For each site i in the tree, compute
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[18] the number Ai of vertices belonging to γ(i) (deﬁned as the set of vertices in the branch starting at i plus i itself) and the sum Ci of the quantities Ai in the same branch:  Ci = Aj (9.1) j∈γ(i)



(note that γ(0) is the whole tree, and A0 equals the total number of vertices plus the root S + 1). Plotting Ci versus Ai for each vertex i (including i = 0), allometric scaling relations of the form C(A) ∝ Aη are observed in both river networks [18] (with η = 3/2, Ai being proportional to the drainage area [22] uphill site i) and vascular systems [18, 24] (A0 and C0 are respectively proportional to the metabolic rate B of an organism and to its body mass M , which are empirically related [25] by B ∝ M 3/4 , yielding η = 4/3). The exponent η measures the eﬃciency [18, 24] of the transportation system in transferring resources from the root to the sites (as in vascular systems) or from the sites to the root (as in rivers), since Ci can be regarded as the “cost” of supporting the transfer, through γ(i), of an amount of resources proportional to Ai . One can show [18, 24] that the most eﬃcient topology for a tree-like network embedded in an Euclidean d-dimensional space corresponds to the optimal minimum exponent ηef f =



d+1 d



(9.2)



(while the least eﬃcient conﬁguration, corresponding to a space-ﬁlling chainlike topology, yields the maximum value η = 2). Hence, both vascular (d = 3) and river (d = 2) networks are optimized, a result revealing their highly nonrandom organization and thus being a signature of the (biological [23, 24] or hydrogeological [22]) evolution that shaped their structure. 9.3.3 Eﬃciency of Empirical Food Webs We computed the quantities C(A) on the spanning trees of both unaggregated and aggregated food webs. In Fig. 9.2 we show the result of such analysis once an average over the set of 1,000 spanning trees of each web is performed. Remarkably, all webs display a clear power-law behaviour of the form C(A) ∝ η. The exponent η is always in the range 1.11−1.25, which reveals a high degree of eﬃciency in the webs (the exponent is smaller than in rivers and organisms). This is because food webs are not embedded in any Euclidean space, so that there is no dimension d constraining the webs to display an exponent larger than the optimal value ηef f previously discussed. The most eﬃcient conﬁguration that can be realised without such constraints is the star-like topology where all species are directly connected to the environment. Note that η → 1 as a generic tree approaches a star-like conﬁguration. At the opposite limit, as we already mentioned, one has a chain-like conﬁguration with η = 2. The ﬁnding that η is much closer to 1 than to 2 is thus related to the small number of trophic levels
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A Fig. 9.2. Allometric scaling relations C(A) for the four webs analysed



in the webs (in the star-like conﬁguration there is only one trophic level, while in the chain-like one there are S distinct levels). We note that aggregated webs display a better form of C(A) than the unaggregated ones, and also that in the three largest webs the values of η are all consistent with each other. We suggest that the larger value displayed by St. Martin is due to the small size of the network (the points with small values of A tend to increase the value of η with respect to the large-scale behaviour; such points have a stronger eﬀect in small webs). It would be interesting to include more webs in the analysis to test whether the large-scale behaviour of the networks is universal [26]. The most striking result is that the power-law form of C(A) means that, like rivers [22], the topology of any branch of the tree is statistically equivalent to that of the whole tree. The ﬁnding of such self-similarity is remarkable in the ecological context, since it might suggest that the overall organization of the web is the result of local processes shaping the same form of the network at all scales. It is thus important to ask what processes are suitable candidates for the emergence of such pattern. We suggest that a possible answer is that every species chooses a trade-oﬀ between maximizing resource input (by preying on species at the lowest possible level) and minimizing the eﬀort to compete against the other predators which have the same aim. This results in a highly eﬃcient, although not optimal (η = 1) topology of the network. For these reasons, we
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expect that a suitable model including competition eﬀects might reproduce the observed form of the scaling relation C(A). Moreover we remark that, since communities evolve (new species add and old ones disappear), the number of species to support is not ﬁxed a priori, but rather the result of the best arrangement of a growing number of species among trophic levels. Following the analogy with metabolism, it would be then very interesting to relate the quantity C0 (which throughout this paper will be simply treated as a topological quantity) to the total amount of resources needed to support the whole system. With this observations, probably the correct way of regarding the optimization of the food web is reversed: one should not ask whether C0 (viewed as a “cost”) is minimized once A0 = S + 1 is ﬁxed, but rather whether A0 (the diversity of the community) is maximized once C0 (viewed as a measure of the environmental supply) is ﬁxed. These issues are of fundamental interest in biogeography [27]. 9.3.4 Stability under Species Removal Until now, we did not discuss the role of the links that are eliminated to obtain the spanning trees. While (according to our discussion) they have no relevance in determining network eﬃciency, we note that such links are likely to be essential to the stability of the webs. To see this, we considered the statistical distribution P (A) of the branch size A in one of the possible spanning trees of each food web (see Fig. 9.3). In each case, the form of P (A) is higly skewed. Now, note that if the web coincided with its spanning tree then P (A) would measure the probability that the elimination of a randomly selected species results in the consequent removal of A species. The skewed behaviour of P (A) means that there is a large number of species whose removal would result in the elimination of few species, while the single removal of one of a small number of other species would dramatically aﬀect the stability of the web. In the whole network, instead, the presence of additional links ensures a larger stability. To test this property, we artiﬁcially removed one randomly selected species from the original webs and repeated this test for each species in all webs, ﬁnding that the maximum fraction f of species being eliminated after one random removal is f  0.05, with no regular dependence on the degree of the removed species. This proves a very high stability of the food webs, which is not due to the presence of the species with the largest degree. This is an a dditional argument related to the form of the degree distribution of food webs: while in scale-free networks the vertices with the largest degree are responsible for the connectedness of the whole network [5], in food webs this is not the case. Rather, food web stability relies on the large number of “redundant” links (those absent in the spanning tree), as conﬁrmed by observing (see Table 9.1) that in all webs L S (while in a tree L = S). In some webs the form of P (A) can be roughly approximated by a power law of the form P (A) ∝ A−τ (see Fig. 9.3). A power-law behaviour of such quantity is widely observed in river networks [22], where P (A) is the drainage area distri-
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bution. Here, the agreement with the ﬁtting curve is better for aggregated webs, however the variations in the value of the exponent are such that we shall not consider τ as a signiﬁcant quantity in our following analyses of food web models. For the same reason, we shall not consider the behaviour of P (k), and focus only on the values of the connectance c (which allows comparison with the models) and the scaling exponent η (which is the relevant newly introduced quantity). Finally, we shall only consider aggregated webs.



9.4 The Webworld Model Perhaps the most relevant models of food web structure are the Cascade model [3] and the more recent Niche model [7]. Both models are static, since they generate webs with a ﬁxed number of species and the desired value of the connectance (externally tuned by a control parameter). The Niche model improves the predictions of the Cascade model and reproduces several food web properties [7]. However, static models are of limited relevance in understanding the structure of real food webs, since they do not explicitly highlight any organising principle. More speciﬁcally, due to the above considerations on the eﬃciency and stability properties of real food webs, the processes shaping the observed patterns are likely to be strongly related to the evolution [19] of the networks themselves.
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9.4.1 Coupling between Topology and Dynamics To capture such aspect, we present the numerical results of the Webworld model [19, 20], which simulates food web evolution under the long time processes of speciation and extinction. Such evolving character of the model makes it signiﬁcantly more complex than static ones, however the basic idea is simple. Since the modiﬁcations in the topology of the network are due to the introduction of new species and the elimination of old ones, and since such processes cleary depend on the population dynamics deﬁned among species, the model explicitly takes the dynamical aspect into account. This results in the deﬁnition of species in terms of some features that determine the interaction coeﬃcients of a set of population equations governing the number of individuals of each species. Variations in network composition allows species to explore the set of possible features, so that the food web progressively evolves from a random to a complex topology. Before giving a more detailed description of the model and its predictions, we note here that in such growth process the knowledge of the topology of the web at a certain timestep is not suﬃcient in order to simulate (even stochastically) the topology at the following timestep. The additional knowledge of dynamical variables (the population and features of the species) is essential. This aspect is absent in all models based on the preferential attachment hypothesis or variations of it [5], where the topology of a network at a timestep is obtained by means of stochastic rules once the topology at the previous timestep is known. 9.4.2 Initial State of the Model All versions [19, 20] of the Webworld model deﬁne species in terms of a set of J phenotypical features (picked from a pool of K possible ones) that can change in time, and diﬀer in the form of the population dynamics. The environment is treated as an additional species i = 0 and assigned a set of J features that do not change in time. The initial number of species S is an arbitrary choice, since the long-term properties of the model do not depend on it [19, 20]. We will refer to the early version of the Webworld model [19] since, as we will show, it displays the minimal ingredients yielding the observed features. Potential Predation Scores The usefulness of possessing the feature α when predating a species possessing the feature β is given by the element m of a K × K anti-symmetrical random matrix whose elements are picked uniformly in the interval [−1, 1] (in our simulations, according to the original work [19], we always set K = 500 and J = 10). A species i has a total predation “score” against species j given by  Sij = max{0, αβ mαβ /J 2 }, where α runs over the set of features of i and β runs over the set of features of j, so that 0 ≤ Sij ≤ 1 (actually, in the original paper [19] the elements mij are picked from a Gaussian distribution with zero
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 mean and unit variance, and the sum αβ mαβ is divided by J, not by J 2 , to have a unit variance of Sij ; our modiﬁcation is unessential and simpliﬁes the analytical predictions). A positive value of Sij means that i is potentially adapted to be a predator of j, while j cannot be a predator of i (the environment can only be predated, thus S0i = 0 for each i). Competition To be an eﬀective predator of j, species i has to compete with the other predators of j. More speciﬁcally, its score Sij has to be greater than the threshold value SjM − δ, where SjM = maxi {Sij } is the score of the main predator of j and 0 ≤ δ ≤ 1 is a parameter of the model determining the strength of competition. Equivalently, in order to draw a link from j to i in the food web, the “eﬀective” score Fij = max{0, 1 − (SjM − Sij )/δ}



(9.3)



has to be positive. A larger value of δ (weaker competition) means that more species are eﬀective predators, hence δ determines the connectance of the network (note that cannibalistic and double loops are not allowed [19]): when δ = 1 (minimum competition) all potential predators are eﬀective (a link exists between any pair of species), while when δ = 0 only main predators are allowed (the food web reduces to a chain), thus δ is analogous to the tuning parameter of static models. Initial Properties of the Model Food Webs Before discussing the evolution of the model, we ﬁrst analyse the initial state of the webs. In the following, we will always compare the aggregated versions of both real and model webs. However, since in the model features are randomly assigned, the probability of ﬁnding two trophically equivalent species is vanishing in the initial step. As we mentioned, the initial connectance c0 strongly depends on the value of the competition parameter δ. The general expression relating δ and c0 in the initial state of the model can be obtained by noting that the total number of links L must equal the sum of the number of predators (kout ) of each species. For each species j there are S −1 species i having scores Sij against it, of which on average (S −1)/2 are zero, while the remaining (S −1)/2 are uniformly distributed in the interval [0, 1]. The total number of predators of j is thus given by 1 (the main predator) plus the fraction of the remaining (S − 1)/2 − 1 = (S − 3)/2 scores falling within the segment of length δ, which is kout = 1 + δ(S − 3)/2. Hence the connectance c0 is given by  c0 = 2L/S 2 = (2/S 2 ) kout = 2/S + δ(S − 3)/S  2/S + δ (9.4)
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Table 9.3. Properties of the initial state of the Webworld model with 1,000 species δ



c0d



η0



0



0.001



2.00



0.01



0.005



1.83



0.02



0.01



1.51



0.1



0.05



1.33



0.2



0.1



1.22



0.6



0.3



1.18



1.0



0.5



1.05



Note that this expression reduces to the correct limiting values when δ = 0 (c0  2/S) and δ = 1 (c0  1). Equivalently, the directed connectance c0d  c0 /2 has the initial value c0d  1/S + δ/2. By looking at Table 9.3, we see that this analytical prediction is conﬁrmed by the numerical results. We note that the values of the directed connectance of real webs (see also Table 9.1) are reproduced by setting δ to a value between 0.02 and 0.2. The value η 0 of the scaling exponent for the webs generated in the initial step of the model is also reported in Table 9.3. The values range from 2 to 1 as δ varies from 0 to 1. This means that, as expected, the spanning trees of the webs range from the chain-like to the star-like conﬁguration as δ increases. However, to have a value of η 0 within the observed range (see Fig. 9.2) the competition parameter has to be set to a value δ ≥ 0.2, corresponding to values of the connectance which are too large (see Table 9.3). Therefore, the values of the connectance and of the scaling exponent cannot be simultaneously reproduced with a single choice of δ, and the initial state of the Webworld model is unsuitable for generating realistic webs. 9.4.3 Evolution of the Model The incompatibility of the values of the connectance and of the scaling exponent in the initial state of the model can be regarded as follows. To have a spanning tree close to a star-like topology (like those of real food webs), the number of links in a randomly assigned web has to be large, so that there is a large probability for any species to be connected to the environment vertex or to ﬁrst level species. In real webs, instead, even with a smaller number of links the topology is close to optimality. This is likely to be the result of the evolution of real webs, which were shaped by local processes increasing the global eﬃciency of the system, in the same way that the optimized topology of river basins and vascular systems is the result of a nontrivial evolutionary mechanism [18, 22, 23, 24]. To test these predictions, we now introduce the rules governing the evolution of the Webworld model [19] and discuss their results.
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Population Dynamics The scores Fij determine the coeﬃcients γij of the population dynamics governing the number of individuals of each species i, which are assumed to display the stationary values Ni given by the following simple set of linear donor-controlled [28] equations:  Ni = λ γij Nj (9.5) j



where λ is the ecological eﬃciency, which is set to the value 0.1 consistently with the empirical estimates [2], j runs over all species (including the environment, which supplies a constant amount of resources R = λN0 ) and the coeﬃcients Fij γij =  k Fkj



(9.6)



are the normalized “eﬀective” scores (the coeﬃcient γii is deﬁned to be 0 or −1 if i has respectively no predators or at least one). Speciation and Extinction At each timestep t, all species with Ni < 1 (less than one individual) are removed from the web (extinction event), while a new species is added (speciation event), diﬀering in only one randomly chosen feature from a pre-existing species (chosen with probability proportional to its population Ni ). Then the new stationary population sizes are computed, and so on. The newly introduced species may be unﬁt to compete against the preexisting ones, and it can go extinct at the end of the following timestep. Otherwise, it can successfully add to the web in a stable way, and even cause the extinction of its competitors. After enough time, such evolutionary processes select successful features and reject disadvantaegous ones, so that the list of features of each species is no longer random. Consequently, the scores determining the topology of the web form highly correlated patterns and the complexity of the network increases signiﬁcantly. Asymptotic State of the Model The result of a typical simulation of the model is reported in Fig. 9.4 (with R = 900 and δ = 0.04). We stress again that the model webs have to be aggregated before computing the quantities of interest. The evolution of the network is monitored recording, every 5, 000 timesteps, the number of species S(t), the scaling exponent η(t) (computed by an internal procedure of the program ﬁtting the relation C(A) with a power law) and the connectance c. All quantities display an approximately asymptotic behaviour after an initial stage of evolution. During this initial stage, the number of species S(t) grows,
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Fig. 9.4. Evolution of a simulation of the Webworld model with R = 900 and δ = 0.04 (the abscissa is the time axis in units of the number of timesteps t). Upper panel: evolution of the number of species S(t). Middle panel: evolution of the scaling exponent η(t). Lower panel: evolution of the connectance parameter c(t)



punctuated by sudden decays (“coevolutionary avalanches”) since species are not yet adapted to coexist in a stable way [19]. The ﬂuctuations in the number of species are thus large at the beginning and decrease as time proceeds. A similar trend, namely the decrease in the rate of extinction (number of species families eliminated per unit time) is documented in the Fossil Record [29], a ﬁnding which has been interpreted [30] as a progressive increase in the degree of adaptation of the species to coexist in the environment. The number of species then saturates to an almost constant value, however species continue to speciate, so that the composition of the web changes despite the diversity is approximately constant. Once δ is ﬁxed, the ﬁnal number of species increases as R increases, independently of the initial value of S. Evolution of the Scaling Exponent More interestingly (see Fig. 9.4), the exponent η decreases in time towards an asymptotic value η ∞ (1.13 in the ﬁgure) which is reached much before (t  100, 000) the number of species sets to its stable value (t  200, 000), so during a long time interval the web grows while η remains constant showing its independence on system size. The decrease of η during the evolution has a clear interpretation in terms of the eﬃciency of the food web. Starting from a randomly assigned (hence ineﬃcient) initial state, the topology of the web evolves through successive “local” events (speciation and extinction) driven by the
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Table 9.4. Properties of the asymptotic state of the Webworld model with R = 1, 000 δ



c∞ d



η∞



0



0.01



2.00



0.01



0.08



1.61



0.02



0.10



1.20



0.1



0.12



1.11



0.2



0.18



1.09



0.6



0.37



1.07



1.0



0.50



1.04



coupling with the dynamics deﬁned on it, thus becoming more and more globally eﬃcient over time. Once R is ﬁxed, the asymptotic value η ∞ depends on δ (see Table 9.4) and, as expected, it ranges from η ∞ = 2 (δ = 0) to η ∞ = 1 (η = 1). We checked that the dependence on R is such that η ∞ increases slightly even when R is increased over orders of magnitude (yielding a ﬁnal number of species S 1, 000, falling out of the testable range). Hence, as a rule of thumb, R determines the ﬁnal value of S (and has to range between 200 and 1, 000 to have from 50 to 150 ﬁnal species) and δ determines the scaling exponent η ∞ . The asymptotic values of η correspond to the most eﬃcient topology that the network can reach for a given value of δ, this optimized state being signiﬁcantly more eﬃcient than the initial (random) conﬁguration. Evolution of the Connectance Parameter The connectance c of the web (see Fig. 9.4) increases during the ﬁrst stage of the evolution, reaching (for the choice of the parameters in the ﬁgure) the asymptotic value c∞ = 0.23 (corresponding to c∞ d = 0.12) which is almost six times larger than its initial value c = δ = 0.04. In Table 9.4 we report the asymptotic values c∞ d corresponding to various choices of δ. The increase in the connectance can be explained by noting that “least ﬁt” (low-score) species are removed while high-score species are replicated and mutated, hence after enough time most scores will be found above the threshold value imposed by δ increasing the network connectance. This means that the species surviving to the continuous modiﬁcation in the network topology (due to the evolution of the web) are those selected to have many links. Note that the evolution of the network is such that, diﬀerently from the initial state, the asymptotic conﬁguration ﬁts both the connectance and the scaling exponent of at least the webs of St. Martin and Little Rock Lake. This occurs when δ is set to an appropriate value in the range 0.02 ≤ δ ≤ 0.1. In particular, the choice of the parameters corresponding to the simulation shown
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Table 9.5. Comparison between the web of Little Rock Lake and the asymptotic state of the Webworld model with R = 900 and δ = 0.04 Little Rock Lake



Webworld Model



S



93



93



L



1046



1037



cd



0.12



0.12



B



0.13



0.15



I



0.86



0.84



T



0.01



0.01



B+I I+T



1.14



1.16



lmax



3



3



D



1.89



1.89



Cc



0.54



0.55



η



1.15



1.13



τ



1.68



1.72



in Fig. 9.4 was aimed at reproducing the web of Little Rock Lake. A more detailed comparison between the simulated and the real web is reported in Table 9.5 (the match is excellent). This suggests that the model captures the key evolutionary principles underlying the organization of real communities. 9.4.4 Further Comments on the Model Despite the Webworld model looks quite complicated, once λ is ﬁxed to its phenomenological value the only relevant parameters are R (determining the ﬁnal number of species) and δ (tuning all other topological quantities such as η and c), in the same way that simpler static models require the number of species and another parameter (the connectance or an equivalent one) to determine the same topological properties. The freedom in choosing the value of R corresponds to the fact that diﬀerent real food webs are supported by diﬀerent environments, each supplying a certain amount of resources. For the same reason, the number of observed species varies signiﬁcantly across real food webs. As regards the parameter δ, instead, we comment that while in the model it has to be externally tuned to a proper value to yield the desired value of the exponent η, it is important to ask what natural mechanism may be responsible for the selection of a particular value of η in real food webs. We propose two explanations. The ﬁrst is a simple hypothesis of the existence of a negative feedback between the amount of exploitable resources (in the model, R) and the strength of competition (δ): when resources are abundant (or not completely exploited), the
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competition among species is negligible, and the number of species in the ﬁrst trophic level can grow. But when the amount of resources is decreased, the competition among ﬁrst-level species increases, so that new species ﬁnd a “better” ecological niche by feeding on species at ﬁrst level, hence starting to occupy higher levels. This feedback process might set both quantities to equilibrium values corresponding to the observed exponent η. The second is the hypothesis of a self-organized [31, 32] scenario in which the predation threshold (δ in the model) spontaneously sets to a critical value with no external ﬁne tuning. While in the Webworld model the updating of predation scores (through speciation and extinction) depends on the input value of δ, the real processes changing the predation abilities of species may be self-organized and result in an updating algorithm similar to that deﬁned in the Bak–Sneppen model [31] (species are arranged in a food chain and assigned a ﬁtness value uniform in the interval [0, 1]; if at each timestep a new ﬁtness value is assigned to the species with the minimum value and to its nearest neighbours, after enough time all ﬁtness values will be found above a threshold which spontaneously sets to a particular value), yielding the observed value of η with no ﬁne tuning of any control parameter.



9.5 Discussion and Conclusion We showed that real food webs display previously undetected properties that are likely to be related to their evolution. The underlying growth process is such that real webs show a high degree of both eﬃciency and stability. Such properties suggest that food web modelling cannot ignore the evolutionary aspects leading to a highly non-random network organization. This is conﬁrmed by comparing the features of the initial state of the Webworld model to its “asymptotic” behaviour. Indeed, Darwinian evolution increases the eﬃciency and the complexity of the model food webs. While the (random) initial state of the model is not able to reproduce real food webs, the (highly structured) asymptotic state succeeds in doing so. Food webs are not the only example of real-world networks displaying a complex topology which is not reproduced by simple static models. As we mentioned, one of the possible mechanisms leading to a scale-free degree distribution is the preferential attachment hypothesis. However, we suggested that while a similar hypothesis is justiﬁed in the case of social networks (where the evolution can indeed be driven by network topology alone), in food webs this is not the case. The additional introduction of a set of dynamical variables (the population sizes of the species) seems necessary. Since their coherent deﬁnition in terms of directed graphs, the study of food webs has beneﬁted from the advances in the ﬁeld of complex networks, new aspects of their structure having emerged by comparison with other diﬀerent systems. We think that the concepts discussed here may establish a feedback on this knowledge process, since food webs represent a prototype example of
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evolving networks whose topology and dynamics are tightly coupled, an aspect that has been so far ignored in the modelling of complex networks and, as we showed, requires deeper insight into their structure. Since this additional degree of complexity is widespread in real-world networks, the understanding of food web evolution may be the starting point for a more general interdisciplinary exploration of this intriguing subject.
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