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Abstract Recent models of social network formation are based on heterogeneous interaction behaviors: agents have different propensities for interacting with certain kinds of agents. Such phenomena and the corresponding modeling assumptions, often denoted by the term “preferential attachment”, are however seldom checked or quantified empirically. We review and precise methods for characterizing comprehensively interaction propensities and consequently suggest significant implications for the design of social network models. In particular, we criticize dyadic interaction models and argue for event-based models, using hypergraphs, going towards more realistic morphogenesis models for which dyadic interactions are a particular case. We eventually examine an empirical case study to illustrate our argument. Keywords: dynamic social networks, preferential attachment, hypergraphs, homophily, morphogenesis models, social complex systems, measurement methods.



Introduction



heterogeneous preferences for other nodes. While this fact was already well-documented as “homophily” in social science (Lazarsfeld and Merton, 1954; Touhey, 1974; McPherson and Smith-Lovin, 2001), social network models had been limited for long to ER-like random graphs (May, 1972; Barbour and Mollison, 1990; Wasserman and Faust, 1994; Zegura et al., 1996). Subsequently, many authors have proposed novel non-uniform interaction and growth mechanisms in order to explain and reconstruc complex network structures consistent with those observed in the real world (Dorogovtsev and Mendes, 2003). The consistency of their models, in turn, has been validated through a rich set of statistical parameters measured on empirical networks, not limited to degree distributions and clustering coefficients but including as well average distance, assortativity, etc. (see for instance, Newman, 2001c; Caldarelli et al., 2002; Watts et al., 2002). However, even when sociologically, cognitively or anthropologically credible, the behavioral hypotheses driving these models, in particular preferential interaction mechanisms, are often mathematical abstractions whose empirical measurement and justification are dubious, if any. After a brief review of modern social network mor-



Modeling the morphogenesis of social networks is a current challenge in structural social science, involving several fields linked to graph theory — mainly mathematical sociology, computer science and statistical physics, with applications in sociology as well as economics, anthropology or epidemiology, to cite a few (Banks and Carley, 1996; Skyrms and Pemantle, 2000; Albert and Barab´asi, 2002; Cohendet et al., 2003; Pastor-Satorras and Vespignani, 2001; White et al., 2006). Most of the recent interest stemmed from the empirical observation that the structure of social networks strongly differs from what uniform random graphs a la Erd˝os and R´enyi (1959) yield. The discrepancy is particularly sensible with respect to the local topological structure, which has been found to be abnormally clustered and dense in real networks (Watts and Strogatz, 1998) and the node connectivity distribution (or degree distribution), which empirically follows a power-law (Barab´asi and Albert, 1999) instead of a Poisson law in Erd˝osR´enyi’s model (ER). These phenomena suggested that link formation does not occur randomly but rather depends on node and network properties — that is, agents do not interact at random but instead according to 1



phogenesis models (Sec. 1), the goal of this paper is twofold. Firstly, we review and clarify methods for measuring empirical preferential attachment phenomena in order to infer and design the interaction behavior of agents (Sec. 2). Secondly, we question the relevance of models based on link addition only, while links between agents are originating in social events which may and usually do gather more than two actors. Then, stressing the fact that models are more realistic when based on events not simple link creations (Sec. 3), we suggest that preferential attachment between pairs of actors should be replaced by preferential gathering in events involving groups of actors; where link addition models are seen as a particular case of events involving two agents only. Homophily between pairs of agents should hence be reconsidered and generalized in the case of n-adic interactions. To illustrate our argument, we eventually examine an empirical case study of a socio-semantic network of scientific collaborations (Sec. 4). In particular, we investigate the influence of (i) connectivity, thereby criticizing the traditional “rich-get-richer” metaphor in the case of event-based models, and (ii) semantic homophily, as a non-structural feature. We also exhibit phenomena related to groups of agents, focusing on the preferential involvement of newer agents in events.
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particular provided an enormous insight on the topological structure of networks: the clustering coefficient (the proportion of neighbors of a node who are also connected to each other), the average distance (the average length of the shortest path between two nodes) and the degree distribution. A new turn In 1998 indeed, Watts and Strogatz (1998) discovered that clustering coefficients for many real-world networks were in flagrant contradiction with those predicted by the ER model. They subsequently introduced a new model, “the small-world network” model, consisting of a ring of nodes each connected to their closest neighbors, with a proportion p of these links being randomly rewired (p is thus a rewiring probability). Empirical values for the clustering coefficient were in close adequation with those of the Watts-Strogatz model (WS), which like the ER model respects a realistic shortest path length. The “small-world” metaphor was striking and compelling, as these two features recalled intuitions about real-world social networks. A high clustering coefficient suggests that many agents are forming dense, local areas of strongly connected nodes, which relates to the sociological concept of transitivity (Davis, 1967). On the other hand, a low shortest length path indicates that a node is generally not “far” from any other node in the network, when considering the number of intermediate agents needed to travel from a given node to another one — a feature observed in real social networks as well (Milgram, 1967; Dodds et al., 2003). At about the same time, Redner (1998) empirically measured the distribution of degrees in a citation network and found it to be scale-free — that is, it follows a power law with P (degree = k) ∝ k α . This fact contradicted the expectations of both ER and WS models: with ER, the degree distribution can be approximated by a Poisson law (P (k) ∝ exp(αk)/k!) (Bollob´as, 1985), with an exponentially low probability of finding highdegree nodes — nearly the same goes for WS. Shortly thereafter Barab´asi and Albert (1999) discovered that the topology of collaboration networks was nothing but scale-free.



A brief history of recent social network models



Along with the empirical investigation of real social networks, scientists need models for both descriptive and explanatory purposes — either to study processes immerged in a network structure, or to exhibit network creation processes deemed key for the explanation or reproduction of several stylized facts observed in the real world. For long however, network appraisal had been restricted to theoretical approaches in graph theory and small scale empirical studies on a case-by-case basis (for a comprehensive review see for instance Banks and Carley (1996)). In this respect, the seminal work of Erd˝ os and R´enyi (1959), describing a model based on a random wiring process where each pair of nodes has a constant probability p to be bound by a link, enjoyed a certain authority. The assumption that the ER model could typically be used as an accurate description of reality had even remained rather unchallenged until lately. Yet, as the empirical study of networks is a sibling task of model design, new measurement tools reveal caveats of former models, thus pushing towards the introduction of new, more accurate models. In this respect, the availability of increasingly larger computational capabilities has enabled the use of quantitative methods on large networks, yielding surprising results and fueling skepticism towards the ER model. Three statistical parameters in



Growth and preferential attachment At this point, the ER model had been seriously discredited, while dynamical processes were highlighted as an efficient, significant and realistic feature for designing accurate morphogenesis models. More specifically, Barabasi & Albert (BA) insisted on two precise phenomena that models were so far unable to take into account: network growth, and preferential attachment, which is formally the likeliness for a node to be involved in an interaction with another node with respect to node properties. They thus pioneered the combined use of these two features in order to successfully rebuild a scale-free degree
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distribution. In their network formation model, new nodes arrive at a constant rate and attach to alreadyexisting nodes with a likeliness linearly proportional to their degree. This model has been widely spread and reused and as a consequence, the very term “preferential attachment” (PA) has been often understood as degree-related preferential attachment only, in reference to BA’s work. More broadly, this precipited an unprecedented interest in network morphogenesis models (Newman, 2003). Following BA’s initial model, most of these studies aimed first and before all at reproducing degree distributions, which had obviously to be scale-free.1 Various other statistical parameters can be selected, used and compared with real-world results, including notably clustering coefficient, mean distance (shortest path length), largest connex component size (giant component), assortative mixing,2 existence of feedback circuits (or cycles), number of second neighbors, and one-mode community structure (Pattison et al., 2000; Newman, 2001c; Caldarelli et al., 2002; Watts et al., 2002; Girvan and Newman, 2002; Boguna et al., 2004; Guimera et al., 2005). To explain and achieve the reconstruction of these parameters, several authors suggested diverse modes of preferential link creation depending on various node properties: attractiveness (Dorogovtsev et al., 2000; Krapivsky et al., 2000), age (Dorogovtsev and Mendes, 2000), common neighbors (Jin et al., 2001), fitness (Caldarelli et al., 2002), centrality, euclidian distance (Manna and Sen, 2002; Fabrikant et al., 2002), hidden variables and “types” (Boguna and Pastor-Satorras, 2003; S¨oderberg, 2003), bipartite structure (Peltomaki and Alava, 2005), etc. Various linking mechanisms were also proposed: stochastic copying of links (Kumar et al., 2000), competitive trade-off and optimization heuristics (Fabrikant et al., 2002; Berger et al., 2004; Colizza et al., 2004), payoff-biased network reconfiguration (Carayol and Roux, 2004), two-steps node choice (Stefancic and Zlatic, 2005), group formation (Ramasco et al., 2004; Guimera et al., 2005), Yule processes (Morris, 2005), to cite a few. On the other hand, growth processes were often reduced to the regular addition of nodes which attach to older nodes — sometimes growth is absent and studies are focused on the evolution of links only.



Methodology Put briefly, the general approach consists in exhibiting high-level statistical parameters and suggesting low-level network processes, such that the former could be deduced, or recreated, from the latter. After having selected a set of relevant stylized facts to be explained and reconstructed, the design of morphogenesis models includes obviously two subtasks: first, defining how agents are bound to interact with each other and, second, specifying how the network grows. However and even in recent papers, hypotheses on such mechanisms are often arbitrary and at best supported by qualitative intuitions. This is particularly true for the definition of preferential attachment mechanisms, which rarely enjoys empirical verification in spite of the rich diversity of propositions. On the other hand, adding links representing dyadic interactions might also be a too simple proxy to account for network growth, when most interactions can feature more than two agents at the same time — they basically occur during events gathering several agents. While the attitude of introducing artificial low-level dynamics is still possible for normative models, this is clearly unsufficient for descriptive models.3 In the remainder of the paper, we thus examine and suggest methods for designing realistic interactional behaviors.
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Preferential attachment



In this section, we recall the notion of PA and detail methods to measure it.



2.1



Measuring



On the whole, existing quantitative estimations of PA and subsequent validations of modeling assumptions are quite rare in the literature on social network models, and are either (i) related to the classical degree-related PA (Barab´asi et al., 2002; Jeong et al., 2003; Redner, 2005), sometimes extended to a selected network property, like common acquaintances (Newman, 2001a; Kossinets and Watts, 2006); or (ii) reducing PA to a scalar quantity: for instance using direct mean calculation or econometric estimation approaches (Morris, 1991; Powell et al., 2005) or Markovian models (Lazega and van Duijn, 1997; Snijders, 2001).4 In addition, the way distinct properties correlatively influence PA is often ignored. Thus, these valuable studies may still not be able to provide a sufficient empirical basis for designing trustworthy PA mechanisms. Yet in this view we argue that the following points are key:



1 There is a long history of models generating all sorts of powerlaw distributions (size of cities, incomes, etc.), dating back to the early twentieth century (from Pareto, Lotka, Zipf and Yule, to Simon and Mandelbrot) (Mitzenmacher, 2003; Newman, 2005). The significant difference in this “network-based paradigm” is that present network models are node-based (agent-based), instead of relying on global differential equations (Bonabeau, 2002). 2 This term denotes the fact that neighbors of a node have a similar degree or not: high-degree nodes connected to high-degree ones (like in social networks) or to low-degree ones (like in other kinds of networks) (Newman, 2002).



3 Even normative models should actually rely on credible hypotheses, such that reaching the norm of the model can be done through realistic means. 4 Let us also mention link prediction from similarity features based on various strictly structural properties (Liben-Nowell and Kleinberg, 2003), obviously somewhat related to PA.
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Monadic PA To measure PA for a given monadic property m ∈ M = {m1 , ..., mn }, we assume that the preference for agents of kind m can be described by a function f of m, independent of the distribution of such agents. Denoting by “L” the event “attachment of a new link”, f (m) is simply the conditional probability P (L|m) that an agent of kind m is involved in an interaction — it is thus f (m) times more probable that an agent of kind m receives a link. We call f the interaction propensity with respect to m. For instance, the classical degree-based PA used in Barabasi-Albert and subsequent models — links attach proportionally to node degrees (Barab´asi and Albert, 1999; Catanzaro et al., 2004) — is an assumption on f equivalent to f (k) ∝ k. P (m) typically denotes the distribution of nodes of type m. The probability P (m|L) for a new link extremity to be attached to an agent of kind m is therefore proportional to f (m)P (m), or P (L|m)P (m). Applying f (m)P (m) , the Bayes formula yields indeed P (m|L) = P (L) X with P (L) = f (m0 )P (m0 ). Empirically, during a



1. Node degree does not make it all — and even the popular degree-related PA (a linear “rich-getricher” heuristics) seems to be inaccurate for some types of real networks (Barab´ asi et al., 2002), and possibly based on flawed behavioral fundations, as we will suggest later (Sec. 4.2). 2. Strict social network topology and derived properties may not be sufficient to account for complex social phenomena — as several above-cited works suggest, “external” properties (such as e.g. node types) may influence interaction; explaining for instance homophily-related PA (McPherson and Smith-Lovin, 2001) requires at least to qualify nodes using non-structural data. 3. Single scalar quantities cannot express the rich heterogeneity of interaction behavior — for instance, when assigning a unique constant parameter to preferential interaction with closer nodes, one misses the fact that such interaction could be significantly more frequent for very close nodes than for loosely close nodes, or discover that for instance it might be quadratic instead of linear with respect to the distance, etc.



m0 ∈M



given period of time ν new interactions occur and 2ν new link extremities appear. The expectancy of new link extremities attached to nodes of property m along 2ν a period is thus ν(m) = P (m|L) · 2ν. As is a P (L) constant of m we may estimate f through fˆ such that:   fˆ(m) = ν(m) if P (m) > 0 (1) P (m)  ˆ f (m) = 0 if P (m) = 0



4. Often, models assume PA-related properties to be uncorrelated which, when it is not the case, would amount to count twice a similar effect;5 knowing correlations between distinct properties is necessary to correctly determine their proper influence on PA. To summarize, it is crucial to conceive PA in such a way that (i) it is a flexible and general mechanism, depending on relevant parameters based on both topological and non-topological properties; (ii) it is an empirically valid function describing the whole scope of possible interactions; and (iii) it takes into account overlapping influences of different properties. In addition, one should distinguish single node properties, or monadic properties (such as degree, age, etc.) from node dyad properties, or dyadic properties (social distance, dissimilarity, etc.). When dealing with monadic properties indeed, we seek to know the propensity of some kinds of nodes for being involved in an interaction. On the contrary when dealing with dyads, we seek to know the propensity of an interaction for occuring preferentially with some kinds of couples. Note that a couple of monadic properties can be considered dyadic; for instance, a couple of nodes of degrees k1 and k2 considered as a dyad (k1 , k2 ). This makes the former case a refinement, not always possible, of the latter case.



Here, fˆ(m) ∝ f (m)1P (m), where 1P (m) = 1 when P (m) > 0, 0 otherwise. Dyadic PA Adopting a dyadic viewpoint is required whenever a property has no meaning for a single node, which is mostly the case for properties such as proximity, similarity — or distances in general. To measure interaction propensity for a dyad of agents which fulfills a given property d ∈ D = {d1 , d2 , ..., dn }, we similarly assume the existence of an essential dyadic interaction behavior embedded into g, a strictly positive function of d; correspondingly the conditional probability P (L|d). Again, interaction of a dyad satisfying property d is g(d) times more probable. In this respect, the probability for a link to appear between two such agents X g(d)P (d) , with P (L) = g(d0 )P (d0 ). is P (d|L) = P (L) d0 ∈D Here, the expectancy of new links between dyads of ν kind d is ν(d) = P (d|L)ν. Since is a constant of P (L)



5 Like for instance in (Jin et al., 2001) where effects related to degree and common acquaintances are combined in an independent way.
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d we may estimate g with gˆ:  ν(d)  gˆ(d) = if P (d) > 0 P (d)  gˆ(d) = 0 if P (d) = 0



However, fˆ could still depend on global network properties, e.g. its size, or its average shortest path length. Validating the assumption that fˆ is independent of any global property of the network — i.e., that it is an essential property of nodes of kind p — would require to compare different values of fˆ for various periods and network configurations. Put differently, this entails checking whether the shape of fˆ itself is a function of global network parameters.



(2)



Likewise, we have gˆ(d) ∝ g(d)1P (d).



2.2



Interpreting



Shaping hypotheses The PA behavior embedded in fˆ (or gˆ) for a given monadic (or dyadic) property can be reintroduced as such in modeling assumptions, either by reusing the exact empirically calculated function, or by stylizing the trend of fˆ (or gˆ) and approximating f (or g) by more regular functions, which enables analytic solutions. Still, an acute precision is often critical, for a slight modification in the hypotheses (e.g. non-linearity instead of linearity) makes some models unsolvable or strongly shakes up their conclusions. For this reason, when considering a property for which there is an underlying natural order, it may also be useful to examine mi X the cumulative propensity Fˆ (mi ) = fˆ(m0 ) as an
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Towards event-based modeling



In most cases, models of social network morphogenesis feature the addition of links between pairs of agents. Links represent interactions occuring on the basis of heterogeneous preferences, and PA is thus a well-suited notion. In reality however, social encounters may involve more than two agents: for instance, in the case of coauthorship networks, scientist groups of various sizes are found to collaborate. Empirically, each event traditionally entails the addition of edges between all participants. Therefore, social networks as graphs are actually a projection of the underlying hypergraph of n-adic interactions. In other words, the real-world structure, which is initially appraised as a hypergraph where nodes are agents and hyperedges are events, is often considered by classical empirical protocols as a simple graph where links are necessarily dyadic — see Fig. 1. Most social network analyses focus on such graphs and still successfully yield very fruitful results. That is, using graphs instead of hypergraphs in an observational study is certainly reductive, yet it unquestionably allows to capture many meaningful statistical parameters. By contrast, one might doubt that a realistic morphogenesis can be reached through a model based on dyadic links. For instance, high clustering coefficients are likely to be due to the fact that in a graph projection, events are equivalent to the addition of cliques — obviously cliques create a lot of triangles, artificially inflating the clustering coefficient (Guillaume and Latapy, 2004). Efforts to rebuild such features with the help of dyadic interaction models seem rather heroic, when not flawed: even when the model is successful, it remains unclear whether the alleged low-level mechanisms are really causing the observed structure. On the other hand, the most basic event-based models, which do not even specify any kind of PA and have become quite popular recently among some authors (Ramasco et al., 2004; Guimera et al., 2005; Peltomaki and Alava, 2005), can lead to scale-free distributions and high clustering coefficients. These results suggest that PA is not required to rebuild such simple statistical parameters, as opposed to dyadic-interactionbased models. On the whole and said shortly, in the quest for credible low-level morphogenesis mechanisms, adopting an event-based viewpoint could be an essen-



m0 =m1



estimation of the integral of f , especially when the data ˆ and gˆ). are noisy (the same goes with G Correlations between properties Besides, if modelers want to consider PA with respect to a collection of properties, they have to make sure that the properties are uncorrelated or that they take into account the correlation between properties — for instance, evidence suggests that node degree depends on age. If two distinct properties p and p0 are independent, the distribution of nodes of kind p in the subset of nodes of P (p|p0 ) kind p0 does not depend on p0 , i.e. the quantity P (p) must theoretically be equal to 1, ∀p, ∀p0 . Empirically, it is possible to estimate this correlation through:6  P (p|p0 )  0 cc if P (p) > 0 p (p) = (3) P (p)  0 cc if P (p) = 0 p (p) = 0 Essential behavior As such, calculated propensities do not depend on the distribution of nodes of a given type at a given time. In other words, if for example physicists prefer to interact twice more with physicists than with sociologists but there are three times more sociologists around, physicists may well be apparently interacting more with sociologists. Nevertheless, fˆ remains free of such biases and yields the “baseline” preferential interaction behavior of physicists. 6 To compute the correlation between a monadic and a dyadic property, it is easy to interpret P (p|d) as the distribution of pnodes being part of a dyad d.
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decomposable into ¯ι and a:7



tial step, as it appears rather dubious to base network growth on simple dyadic interactions when the realworld deals with n-adic interactions.



3.1



f (m) ∝ a(m)¯ι(m)



(4)



Consequently, event-based modeling requires here at least the knowledge of both a and ι, for f alone would not be in general a sufficient characterization of agent interaction behavior.



PA and event-based models



Activity or attractivity? The case of monadic PA. An immediate consequence of this viewpoint change relates to the appraisal of monadic PA. Indeed, if interactions occur preferentially with some kinds of agents, it could as well mean that these agents are more attractive or that they are more active, i.e. involved in more events: here, fˆ represents equivalently an attractivity or an activity. If more attractive, the agent will be interacting more, thus being apparently more active. If one only focuses on modeling links, this does not matter much. But if one focuses on events, the distinction is far from neutral: some categories of agents might in fact be more active and accordingly involved in more events, not enjoying more attractivity. For instance, very active kinds of agents involved in events with few participants could appear to have the same interaction propensity f as moderately active agents with a moderate number of co-participants. Adopting an event-based viewpoint would eventually lead the modeler to refine agent interaction behavior by including both the participation in events and the number of interactions per event, rather than just preferential interactions. In particular, for a node of property m the preferential creation of links depends on both the number of events and the number of interactions per event; in other words, on:



Respecting PA in n-adic interactions Yet, it is also unclear whether knowing dyadic PA is sufficient to make a realistic event-based model. In classical dyadicinteraction-based models, where events involve only two agents, it is very easy to choose pairs of agents with respect to PA based on a set of uncorrelated properties, monadic or dyadic. This class of models also covers models where agents make links to a certain number of other agents on a peer-to-peer basis — for instance in the BA model, where new nodes arrive and attach to a given number n of old nodes; this can actually be considered as n dyadic interactions, not a n-adic interaction. On the contrary event-based models feature n-adic interactions involving n agents altogether. This means the addition of n-cliques inducing links between all pairs of agents, and to this end composing a set of n agents while at the same time respecting interaction propensities for all [n(n − 1)/2] links could be an extremely tricky puzzle. It is no wonder that such process has not been implemented so far. More broadly, how to take PA into account when dealing with events and n-adic interactions? As regards PA based on a monadic property m, the picture is still easy if ¯ι is independent of m, since choosing agents with respect to f (m) or a(m) is equivalent: agents can be chosen proportionally to a(m), which is nothing else than P (E|m) and PA is obviously respected for all links between pairs of agents. In particular, this is necessarily true when events are by definition of size two (e.g. peerto-peer networks, Internet transmissions, phone calls): then ¯ι(m) always equals 1, and f (m) ∝ a(m). By strong contrast, if ¯ι depends on m it is extremely hard to randomly form events respecting both activities and interactivities for all kinds of nodes. As regards PA based on a dyadic property d, the picture is quite different: agents must be chosen so that all links between all pairs of agents respect the alleged dyadic PA. One could introduce an initial node i (an “initiator”) which in turn chooses all other nodes with



(i) activity a(m): the conditional probability of taking part in an event, a(m) = P (E|m), where “E” denotes “involvement in an event”; and (ii) interactivity ι(m, ·): the conditional distribution of the number of links during an event, such that ι(m, l) = P (LE = l|m), where “LE ” denotes the random variable “number of link extremities received in an event”. The interactivity is thus directly linked to the distribution of the size of events in which agents of kind m participate. We denote by ¯ι(m) the mean of ι(m, ·): X ¯ι(m) = (ι(m, l) · l) l∈N



Interaction propensity hence relates in a very simple way to activities and interactivities, with f being



7 Proof. Theoretically, ν(m) is the product of (i) the mean number of link extremities received by a node of kind m per event, and (ii) the expectancy of the number of nodes of kind m involved in events: ν(m) = ¯ ι(m) · P (m|E)ν E , where ν E is the number of events for a period. Recall from Sec. 2.1 that f (m)P (L) ν(m) = 2ν P (m) , then the previous equation yields: f (m) = ν E P (L) ¯ ι(m)a(m). 2νP (E)



As ν, ν E , P (L) and P (E) are constants of m, we have f (m) ∝ a(m)¯ ι(m).
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respect to a dyadic PA. The choice of the initiator must obey criteria consistent with interaction behavior; for instance, it needs to be chosen proportionally to agent activity — then, other nodes are chosen according to (i) activity and (ii) dyadic PA with respect to the initiator. Still, without any further assumption there is no guarantee that dyadic propensions are respected for links between these other nodes, i.e. between nodes that do not involve the initiator — between agents around the initiator.



3.2



ble agent sets, and it is often highly unrealistic to expect an exact empirical measure of P (x). It is nonetheless possible to approximate it, for instance by restricting the computation to groups of size ≤ K with K fixed9 or by partially estimating P (x) over a series of random combinations of agent groups of random sizes. Social network models as hypergraph models Morphogenesis models based on events basically consist in the creation of a hypergraph driven by the regular addition of hyperedges, symbolizing events. PG should first be measured for a set of relevant uncorrelated nadic properties. Then, the choice of partners of each event could be designed as follows. First, values for the n-adic properties qualifying the event are randomly chosen with respect to empirically measured PG — the size of events too is actually a n-adic property. Then partners are randomly picked, possibly weighted by their respective activity, until a set of agents respecting the chosen n-adic properties is built. In this respect, traditional dyadic-interaction-based graph models are a particular case in this framework, with events and hyperedges being by definition of size two (monadic PA then simply relates to activity, and dyadic PA is a trivial n-adic property for n always equaling 2). The same general framework presented here still applies.



Event-based morphogenesis and hypergraph models



Preferential gathering Another method consists in quantifying the propensities of n-adic interaction between n members of a given event, generalizing further the framework presented hitherto. This can be achieved by defining n-adic properties, i.e. properties on a group of n agents. Since events have usually a random size, a n-adic property should not depend on a given “n”.8 A n-adic property x is thus a function defined on sets of agents including any number of agents. It takes values in X = {x1 , x2 , ...}. Typical examples include averages on sets of agents: average degree, average distance between members, proportion of members who already interacted, proportion of new nodes, etc. Therefore, sets of agents of distinct sizes could have the same n-adic property: if x is the proportion of previously-acquainted agents, x is the same (i) for a group of three agents where two agents have already interacted or (ii) for a group of six agents where four agents already know each other. Then, we can suppose the existence of a phenomenon of preferential participation in some kinds of events depending on the value of such a n-adic property. We call this behavior “preferential gathering” (PG), assuming that it can be embedded into a function h, with h(x) representing the propensity for forming events with group of agents respecting property x. Here, we must consider the social network as a hypergraph. We can denote by ν(x) the number of new hyperedges of property x during a period, and P (x) the distribution of agent sets of property x (i.e., of possible hyperedges for which propˆ erty x holds). Again, we should estimate h through h such that:  ν(x)  h(x) ˆ if P (x) > 0 = (5) P (x)  ˆ h(x) = 0 if P (x) = 0



4



Case study: a socio-semantic network



Proposing a morphogenesis model for a case study is obviously beyond the scope of this paper: we simply show how to apply the above tools in an empirical case, consisting of a socio-semantic network — i.e. a social network where agents are also linked to semantic items. We examine two particular kinds of PA: PA related to a monadic property, the node degree; and PA linked to a dyadic property, homophily, i.e. the propensity of individuals for interacting more with similar agents. We also measure PG related to a n-adic property: the proportion of new nodes in an event. We focus on a scientific community of embryologists working on the zebrafish and use data telling us when an agent s uses a concept c with whom. To this end, assuming that articles give a faithful account of what their authors deal with, we use data from the bibliographical database Medline. Translated in the above framework, articles are events, their authors are the agents, and semantic items are made of abstract words chosen among an expert-selected dictionary: each article is a n-adic interaction gathering some authors who manipulate some concepts.



ˆ with h(x) = h(x)1P (x). Note that some practical measuring issues could be raised: N agents entail 2N possi8 Indeed, a measurement which depends on n requires to have measures for each different possible value of n — this would really not be convenient. On top of that for most networks, even large ones, it can be rare to get statistically significant estimations for a decent number of n-adic configurations.



9 There



are



is equivalent to



7



`n´ k=1 k possible agent sets, which `n´ K ∼ nK! — still a huge quantity. K



PK



when n  1



nected.10 When considering the activity of agents with respect to k, that is, the number of events in which Formally, the social network A is the network of agents they participate a(k) (here, the number of articles they where hyperlinks correspond to interactions: A = (A, HA ), co-author), “rich” agents are proportionally more acwhere A denotes the agent set and HA the set of hypertive than “poor” agents (Fig. 4), and thus obviously edges between agents. A can be projected as a graph encounter more interactions. It might thus well simply onto A¯ = (A, EA ): each hyperedge is transformed in a be that richer agents work harder, not are more atclique of dyadic links, and EA is the set of such links. tractive; the underlying behavior linked to preferential Obviously A¯ is useful for measuring PA, while A will interaction being simply “proportional activity.”11 be used to measure PG. Each event is associated with While formally equivalent from the viewpoint of PA concepts taken in a concept set C: agents are linked measurement, the “rich-get-richer” and “rich-work-harto concepts used in events they are involved in, formder” metaphors are not behaviorally equivalent, espeing a semantic network, C = (A ∪ C, EAC ). Thus we cially for event-based models: considering higher-degree deal with two kinds of connections: (i) hyperlinks (or nodes as more active implies that agents do neither links) between groups (or pairs) of agents, and (ii) links prefer, nor decide to interact with famous, highly conbetween concepts and agents — see Fig. 2. nected nodes. This assumption is supported by the Since we measure agent behavior through network present empirical results, which also show that the averdynamics, we also consider the temporal series of netage number of co-authors does not depend on degree — works A(t) and C(t), with t ∈ N, which altogether make ¯ι(k) is a constant. This explains why the degree-based a dynamic socio-semantic network. In order to have a propensity f (k) has the same shape as the activity a(k). non-empty and statistically significant network for computing propensities, we first build the network on an 4.3 Homophilic PA initialization period of 7 years (from 1997 to end-2003), then carry the calculation on events occuring during the Homophily conveys the idea that agents prefer to interlast year. The dataset contains around 10, 000 authors, act with other resembling agents. Here, we assess the 5, 000 articles and 70 concepts. extent to which agents are “homophilic” by introduc-



4.1



Empirical protocol



4.2



Degree-related PA



ing a semantic distance, which is a function of a dyad of nodes enjoying the following properties: (i) decreasing with the number of shared concepts between the two nodes, (ii) increasing with the number of distinct concepts, (iii) equaling 1 when agents have no concept in common, and 0 when they are linked to identical concepts. The point is not to focus on a particular similarity measure: rather, we wish to show that simple properties non-related to the strict social network structure can also strongly influence interaction behavior. Given (a, a0 ) ∈ A2 and denoting by a∧ the set of concepts a is linked to, we consider the following semantic distance δ(a, a0 ) ∈ [0; 1] satistying the previous properties:12



We use Eq. 1 and consider the node degree k as property m (thus M = N): we intend to compute the real slope fˆ(k) of the degree-related PA and compare it with the assumption “f (k) ∝ k”. This hypothesis classically relates to the preferential linking of new nodes to old nodes. To ease the comparison, we considered the subset of interactions between a new and an old node. Empirical results are shown on Fig. 3. Seemingly, the best linear fit corroborates the data and tends to confirm that f (k) ∝ k. The best non-linear fit however deviates from this hypothesis, suggesting that f (k) ∝ k 0.97 . However, the confidence interval on this exponent is [0.6 − 1.34] thus dramatically too wide to determine the precise exponent, which may be critical. When the data is noisy like here, since there is a natural order on k it is instructive to plot the cumulated propensity ˆ = Pk0 fˆ(k). In this case, the best non-linear F (k) k =1 fit for Fˆ is Fˆ (k) ∝ k 1.83 ±0.05, confirming the slight deviation from a strictly linear preference which would yield k 2 .



δ(a, a0 ) =



|(a∧ \ a0∧ ) ∪ (a0∧ \ a∧ )| |a∧ ∪ a0∧ |



10 “(...) the probability that a new actor will be cast with an established one is much higher than that the new actor will be cast with other less-known actors” (Barab´ asi and Albert, 1999). 11 Moreover, if we assume that k is an accurate proxy for agent productivity (i.e. a behavioral feature), then observing a quasilinear activity should not be surprising. 12 This kind of distance, based on the Jaccard coefficient (Batagelj and Bren, 1995), has been extensively used in Information Retrieval, as well as recently for link formation prediction in (Liben-Nowell and Kleinberg, 2003). It is moreover easy though cumbersome to show that δ(., .) is also a metric distance. This warrants that the semantic distance between any pair of nodes (x, y) in a group remains similar to their respective distance to any fixed node i: δ(x, y) ≤ δ(i, x) + δ(i, y) — a useful property if one adopts the strategy of the “initiator” suggested in Sec. 3.1.



Rich-get richer or rich-work-harder? This precise result is not new and tallies with existing studies on degree-related PA (Newman, 2001a; Jeong et al., 2003). Nevertheless, we question the “rich-get-richer” metaphor describing rich, or well-connected agents as more attractive than poorly connected agents, thus receiving more connections and becoming even more con8



4.4



As δ takes real values in [0, 1] we discretize δ by using a uniform partition of [0; 1[ in I intervals, to which we add the singleton {1}. We thus define a new discrete dyadic property d taking values in  D = {d0 , d1 , ..., dI } consisting of I+1 intervals: D = [0; I1 [; [ I1 ; I2 [; ...[ I−1 I ; 1[; {1} . Finally, we obtain an empirical estimation of homophily with respect to this distance by applying Eq. 2 on d, with I = 15.13 The results are gathered on Fig. 5 and show that while agents favor interactions with slightly different agents (as the initial increase suggests), they still very strongly prefer similar agents, as the clearly decreasing trend indicates (sharp decrease from d4 to d13 , with gˆ(d4 ) being one order of magnitude larger than gˆ(d13 ) — note also that gˆ(d0 ) = gˆ(d1 ) = 0 because no new link appears for these distance values). In other words, the exponential trend of gˆ suggests that scientists seem to choose collaborators most importantly because they are sharing interests, and less because they are attracted to well-connected colleagues, which besides actually seems to reflect agent activity.



PG relative to the proportion of new nodes



Are new agents remarkably more involved in new events? We apply Eq. 5 to examine the influence of the proportion of new nodes, χ, in the formation of event. A given event of size n features n0 new nodes which were not present during the previous period: we thus measure the associated PG propensity h(χ), with χ = n0 /n. Since χ takes real values in [0, 1], we must transform it into a discrete n-adic property x taking values in X = {x1 , x2 , ..., x10 } = {[0, 0.1[; [0.1, 0.2[; ...; [0.9, 1]}. The number of new events (or new hyperedges) of kind x, ν(x), is a straightforward count for all events in the period. The distribution P (x) on the other hand is computed for each period by forming samples of random events involving old nodes and new nodes of the network at the given period — the size of these events follows the size distribution of real events. We gather the results on Fig. 6, which show that in general there is a very strong preferential involvement of newer nodes in events, with more and more newcomers — possibly young researchers supervised by fewer seniors. Note ˆ also the two particular values of h(x) for x1 and x10 which include respectively special values χ = 0 and χ = 1, corresponding to either an all-new-nodes event or an all-old-nodes event.



Correlation between degree and semantic distance As underlined in Sec. 2.2, if one wants to base a model of such network on degree-related and homophilic PA, one must check whether the two properties are independent, i.e. whether or not a node of low degree is more or less likely to be at a larger semantic distance of other nodes. It appears here that there is no correlation between degree and semantic distance: for a given semantic distance d, the probability of finding a couple of nodes including a node of degree k is the same as it is for any value of d — see Fig. 5. Specifying the list of properties is nevertheless a process driven by the real-world situation and by the stylized facts the modeler aims at rebuilding and considers relevant for morphogenesis. While we examined a reduced example of two significant properties (node degree and semantic distance), measuring PA relatively to other parameters could actually be very relevant as well — such as PA based on social distance, common acquaintances, etc. However, the goal is also to exhibit behaviorally credible as well as non-overlapping, noncorrelated properties, if possible. In this respect, neither common acquaintances nor social distance seem to be good candidates. The number of common acquaintances obviously depends on degree, and social distance as well has been shown to be correlated at least to degree (Newman, 2001b). By contrast, a modeler would know, here, that degree and semantic distance are independent.



Conclusion Quantifying interaction processes plays a crucial role in social network models, with heterogeneous interaction behaviors at the cornerstone of many recent models. Introducing preferential attachment is obviously a robust method to avoid the classical random graph model, and as such was established by the success of the pioneer model of Barab´asi and Albert (1999). However, in general few authors attempt to check or quantify the rather arbitrary assumptions on PA. Here, we reviewed and clarified measurement tools for PA in order to provide a comprehensive description of interaction behaviors with respect to any kind of property, structural or not. Going further, we suggested that event-based modeling is a more general and adequate framework for social networks, seen as hypergraphs, for which dyadic interactions and dyadic links are a particular case. Dyadic interaction modeling is problematic, for one has to be truly ingenious to design a dyadic morphogenesis mechanism which accurately reproduces stylized facts that are empirically due to underlying nadic interactions. We thus introduced the notion of “preferential gathering” to denote the propensity for participating in events with respect to n-adic properties, defined precisely on groups of agents, instead of single agents or couples of agents. To illustrate our argument, an empirical case study has been carried on a



13 Here, a repeated interaction between two already-linked nodes is not considered a new link, for it incurs acquaintance bias.
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socio-semantic network of scientific collaborationships, showing that (i) agents could be proportionally more active, not attractive, (ii) agents display a strong semantic homophily, and (iii) new agents are abnormally more involved in events than agents who are already present. More broadly, we have argued for an empirical stance in designing model hypotheses, although this attitude can often prohibit analytical solutions and compel to the use of simulation-based proofs. In fine, introducing credible empirically-based hypotheses would help attract significantly more social scientists into this promising field. More specifically, in the search for hypotheses eager to explain a given “high-level” phenomenon, scientists have to make inductions on low-level features which reconstruct the phenomenon. We suggest that it is eventually essential to know whether the alleged lowlevel dynamics is empirically grounded too — even if the model reproduces the desired stylized facts, and even if the hypotheses do not look ad-hoc (like for instance introducing scale-free preferences to rebuild scale-free networks). Normative models are certainly nice, but not necessarily useful towards a descriptive task; social scientists are usually not seeking normative models. Finally, this framework could also be easily applied to many other kinds of (social) networks, especially nongrowing networks.



Theory, edited by J.-P. Gabriel, C. Lefevre, and P. Picard, Lecture Notes in Biomaths, 86, pp. 86–89. Springer. Batagelj, V. and M. Bren. 1995. “Comparing Resemblance Measures.” Journal of Classification 12:73–90. Berger, N., C. Borgs, J.T. Chayes, R.M. D’Souza, and R.D. Kleinberg. 2004. “Competition-Induced Preferential Attachment.” In Proceedings of the 31st International Colloquium on Automata, Languages and Programming, pp. 208–221. Boguna, Marian and Romualdo Pastor-Satorras. 2003. “Class of correlated random networks with hidden variables.” Physical Review E 68:036112. Boguna, Marian, Romualdo Pastor-Satorras, Albert DiazGuilera, and Alex Arenas. 2004. “Models of social networks based on social distance attachment.” Physical Review E 70:056122. Bollob´ as, Bela. 1985. Random Graphs. London: Academic Press. Bonabeau, Eric. 2002. “Agent-based modeling: Methods and techniques for simulating human systems.” PNAS 99:7280–7287. Caldarelli, Guido, A. Capocci, P. De Los Rios, and M. A. Munoz. 2002. “Scale-Free Networks from Varying Vertex Intrinsic Fitness.” Physical Review Letters 89:258702. Carayol, Nicolas and Pascale Roux. 2004. “Microgrounded models of complex network formation.” Cahiers d’Interactions Localis´ees 1:49–69.
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Figure 1: Projection of the hypergraph of real events (left) onto the graph of dyadic interaction links (right).
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Figure 2: Sample socio-semantic network made of 5 agents a1 , a2 , a3 , a4 , a5 and 3 concepts c, c0 , c00 . We have HA = {a1 a2 , a2 a3 a4 , a4 a5 }, EA = {a1 a2 , a2 a3 , a2 a4 , a3 a4 , a4 a5 } and EAC = {a1 c0 , a2 c0 , a2 c, a3 c, a4 c, a4 c00 , a5 c00 }.
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Figure 3: Left: Degree-related interaction propensity fˆ, computed on a one-year period, for k < 25 (confidence intervals are given for p < .05); the solid line represents the best linear fit. Right: Cumulated propensity Fˆ . Dots represent empirical values, the solid color line is the best non-linear fit for Fˆ ∼ k 1.83 , and the gray area is the confidence interval.
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Figure 4: Left: Activity a(k) during the same period, in terms of articles per period (events per period) with respect Pk to agent degree; solid line: best linear fit. Right: Cumulated activity A(k) = k0 =1 a(k), best non-linear fit is k 1.88 ±0.09.
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Figure 5: Left: Homophilic interaction propensity gˆ with respect to d ∈ D = {d0 , ..., d15 } (thick solid line) and confidence interval for p < .05 (thin lines). The y-axis is in log-scale. A logarithmic fit yields log(g(d)) = −0.29d — obviously, many other fitting functions are conceivable. Right: Degree and semantic distance correlation estimated through cbd (k) = P (k|d)/P (k), plotted here for three different values of d: d ∈ {d5 , d8 , d11 }, along with y = 1.
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ˆ with respect to the discrete proportion of new nodes x ∈ Figure 6: Preferential gathering propensity h {x1 , x2 , ..., x10 } = {[0, 0.1[; [0.1, 0.2[; ...; [0.9, 1]}.
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