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Abstract
This report comprises the complete D5.2.1 deliverable as specified for workpackage WP5.2 in Subproject SP5 of the DELIS (Dynamically Evolving Large-scale Information Systems) Integrated Project.
The essential goal of the DELIS project is to understand, predict, engineer and control large
evolving information systems. The main aim of this workpackage is to understand how evolved
structures emerge in networks when there is no central design or control.
Complex networks emerge under different conditions including design (i.e., top-down decisions)
through simple rules of growth and evolution. Such rules are typically local when dealing with biological systems and most social webs. An important deviation from such scenario is provided by
groups, collectives of agents engaged in technology development, such as open source (OS) communities. Here we analyze their network structure, showing that it defines a complex weighted network
with scaling laws at different levels, as measured by looking at e-mail exchanges. We also present
a simple model of network growth involving non-local rules based on betweenness centrality. Our
weighted network analysis suggests that a well-defined interplay between the overall goals of the
community and the underlying hierarchical organization play a key role in shaping its dynamics.
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1 Introduction
Networks predate complexity, from biology and society to technology [1]. In many cases, large-scale,
system-level properties emerge in a self-organized manner from local (bottom-up) interactions among
network components. This is consistent with the general lack of global goals that pervade cellular
webs or acquaintance networks. However, when dealing with human collective efforts towards a given
objective, such as in a company or in distributed technology development, the situation can be rather
different. Top-down decisions might dominate the structure and function in a hierarchical way. But
how to distinguish between the two scenarios?
The intrinsic network organization of social interactions allows to explore this questions in depth.
Many of these networks can be reconstructed by using e-mail exchanges among agents . The resulting graph provides a well-defined picture of the global community organization. By looking at its
topology, we could in principle identify the presence (or absence) of self-organized (SO) or designed
(top-down) patterns. Here SO refers to patterns emerging from local rules. Such system would display global features resulting from a bottom-up dynamics. Eventually, a model of network growth
can be proposed in order to explain the origin of such pattern. An example of this is the work by
Caldarelli et al. [2] who studied the emergence of weighted social networks. These authors showed
that the structure of e-mail webs could be explained using a simple local mechanism based on positive
feedback and reciprocity.
In this paper we explore the problem of how SO and hierarchy might actually emerge and coexist
in a distributed community of technological developers. Specifically, we will present the first analysis
of weighted open source (OS) communities [3]. In OS communities, software is developed through
distributed cooperation among many agents. These communities are known to display a large amount
of distributed, bottom-up organization. Specifically, large groups of programmers are involved in
building, assembling and specially maintaining large-scale software structures. The community plays
multiple roles as a design system but also as a distributed intelligence system able to accept or reject
changes introduced by agents. As described, it looks like we are talking about a largely self-organized
entity. Given the quality of the information available on their internal structure, OS organizations
offer a unique opportunity to test if they are fully self-organized social groups [4] in constrast with
more hierarchical, top-down organized social groups (i.e., large companies).
One possible test to these potential modes of community organization involves using the network of interaction between programmers working in a given software system. Software systems
are themselves complex networks [5], which have been shown to display small world and scale-free
architecture. Since the topological organization of software designs is scale-free, we might suspect
that the community organization also displays common traits with the underlying software architecture. Previous work on engineering problem-solving networks involved in product development [6]
revealed that these groups define a complex network with heterogeneous link distributions. However,
these networks are unweighted and largely dominated by top-down constraints. Here, we consider a
different type of engineering community where relations among agents are weighted and change in
time without previously defined hierarchies.
As we will shown here, OS networks (OSN) display scaling laws but also a well-defined core of
main programmers defining a special subset of agents. Such finding suggests that, even in these
distributed groups of individuals, emergence of hierarchy might be inevitable. Our analysis reveals
the interplay between bottom-up, distributed decision making periphery in the OSN involving many
agents and a top-down driven, centralized core of agents. Such rich-club structure seems to place
some limits to the degree of distributedness achievable by multiagent-based technological design.
In the next sections we summarise, in overview, results given in [7]. There we provided an empirical
analysis of OS developer networks and presented a network growth model that agrees with the
empirical data.
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Figure 3: Plot of the weighted rich-club coefficient Φ(S, k) against node degree k for the Python OS
network. There is a significant deviation for k > 102 that signals the rich-club ordering for
this particular community. The subgraphs show the k-scaffolds or the predicted rich-clubs
for different degrees k > 100. Line thickness indicate the weight attached to the link.
We can appreciate how three nodes have a much more stronger internal interaction (i.e.,
exchange a larger number of e-mails) than with the rest of nodes.
P
where ES (k) depicts the number of edges in the k-scaffold of the OS network, hwi = 1/E ij wij
is the average edge weight for the full network, E is the total number of edges, and WS (k) =
P
i,j∈S(k) wij is the sum of edge weights linking nodes in the k-scaffold subgraph [13]. The coefficient
signals any deviation from an homogenous distribution of weights in the k-scaffold. When weights are
distributed at random then both the numerator and denominator will be the same and Φ(S, k) ≈ 1.
However, it is easy to see that inhomogeneities in the weight distribution among edges (i.e., when
large weights are clustered in the edges of some connected subgraph) yield Φ(S, k)  1. This seems
to be the case for OS networks (see fig. 3) where a dramatic growth of Φ(Sk , k) is observed when the
core set of programmers is reached. Such divergence clearly reveals the non-homogeneous nature of
the OSN, where a large fraction of e-mails flow through a few OS hubs.

4 Predictive social network simulation model
We present a top-down model that predicts the evolution and dynamics of the OS network, including
the (undirected) degree distribution P (k) and measurements of local correlations (see fig.4C, fig.4D,
and fig.4E). This model is motivated by three empirical observations: (i) there is a non-lineal relationship between node strength and degree (previouly reported in [18]). In a related paper, this
relationship has been explained with a betweenness centrality model [14]. (ii) Betweenness centrality
strongly correlates with node strength (see fig. 4A). (iii) OS networks have a rich-club core (see
above). The rich-club indicates a characteristic scale in the system that emerges from an external
reinforcement of core members’ activities.
Core members will be more frequently e-mailed because of their importance. Key agents keep
the community as a coherent system. In this context, agents exploit social cues to evaluate one
another’s social status [15]. A natural surrogate of social status is the number of e-mails posted (and
received) by the member, i.e., node strength si (see section II). Members earning high social status
are arguably the most visible and thus, they will be accessed much more frequently [16]. These key
members have a global picture of the whole system, instead of being aware of just some specific parts
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Figure 4: Social network simulation (A) Linear correlation between node strength si and betweeness
centrality (or node load) bi in the Python community. The correlation coefficient is 0.99.
This trend has been observed in all communities studied here. (B) Estimation of α in the
TCL community (see text). (C) Cumulative degree distribution in the simulated network
(open circles) and in the real community (closed squares). All parameters estimated from
real data: N = 215, m0 = 15, hmi = 3 and α = 0.75. (D) Scaling of average neighbors
degree vs degree in the simulated network (open circles) and in the real social network
(closed squares). There is very good overlap between model and data for large k. (E)
Rendering of the simulated OS network Ω to be compared with the OS network GT CL in
fig. 1B.
of it. Members having a deeper knowledge of the overall system’s architecture are likely to process
high amounts of information. If we think in terms of agents in a network, we should expect them to
canalize information flowing from many different parts of the network [17].
Taking into account the above, the algorithm for evolving the (undirected) social network Ω =
(V, L) consists of the following stages: (i) The system starts (as in real OS systems) from a small
fully-connected network of m0 members. (ii) A new member j joins the social network at each time
step. The new member reports a small number of an average hmi new e-mails (iii) For each new
e-mail, we determine the target node by a non-local preferential attachment rule. The probability
that new member j sends an e-mail to an existing member i is proportional to node betweenness bi ,
or alternatively, to the node strength si
The networks generated with the previous model are in very good agreement to real OS networks.
For example, fig. 4 compares our model with the social network of TCL software community.

5 Conclusion
Our analysis shows that open source communities are closer to the Internet and communication
networks than to other social networks (e.g., the network of scientific collaborations). The social
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networks analyzed here are dissasortative from the topological point of view and assortative when
edge weights are taken into account. This is consistent with the absence of topological rich-club
that is nonetheless detected when link weights are taken into account. The rich-club phenomenon in
OS networks seems to be related to a pattern of non-local evolution. Such a non-local component
appears to be related with the presence of a core of programmers that make decisions based on a
global view of the system. Core programmers would both introduce a top-down control and receive
a large amount of e-mail traffic from secondary members. Based on these ideas, we have presented
a model that predicts many global and local social network measurements of the OS network.
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