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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
communities 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 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.

PACS numbers: 87.23.Kg

I. INTRODUCTION

Networks predate complexity, from biology to society
and technology [1]. In many cases, large-scale, system-
level properties emerge from local (bottom-up) interac-
tions among network components. This is consistent with
the general lack of global goals that pervade cellular webs
or acquaintance networks. However, when dealing with
large-scale technological designs, the situation can be
rather different. Top-down decisions would dominate the
structure and function of a hierarchical system. But how
to distinguish between the two scenarios? This is spe-
cially relevant for some communities of designers working
together in a decentralized manner. Open source (OS)
communities [2], in particular, provide the most inter-
esting example, where software is developed through dis-
tributed cooperation among many agents. These commu-
nities are known to display a large amount of distributed,
bottom-up organization. Specifically, large groups of pro-
grammers are involved in building, assembling and spe-
cially maintaining large-scale software structures. The
community plays multiple roles as a design system but
also as a distributed intelligence able to accept or re-
ject 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 op-
portunity to test if they are fully self-organized social
groups [3] in constrast with more hierarchical, top-down
organized companies.

One possible test to these potential modes of commu-
nity organization involves using the network of interac-
tion between programmers working in a given software
system. Software systems are themselves complex net-
works [4], which have been shown to display small world
and scale-free architecture. Since the topological organi-
zation of software designs is scale-free, we might suspect
that the community organization also displays common
traits with the underlying software architecture. Pre-
vious work on engineering problem-solving networks in-
volved in product development [5] revealed that these

groups define a complex network. These product devel-
opment groups define small world communities with het-
erogeneous link distributions. However, these networks
are unweighted and largely dominated by top-down con-
straints. Here, we consider a different type of engineering
community where relations among agents are weighted
and change in time without previously defined hierar-
chies.

As we will shown here, the OS network (OSN) dis-
plays both scaling laws on 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 involv-
ing many agents and a top-down, centralized small core
of agents. This core having strong links and effectively
controlling the OSN dynamics. Such rich-club structure
seems to place some limits in the degree of distributed-
ness achievable by multiagent-based technological design.

II. EMAIL NETWORKS OF OPEN-SOURCE
COMMUNITIES

Following [6], we have analyzed the structure and mod-
eled the evolution of social interaction in OS communities
[7] . Here e-mail is an important vehicle of communica-
tion and we can recover social interactions by analyzing
the full register of e-mails exchanged between community
members [8, 9]. From this dataset, we have focused on
the subset of e-mails describing new software errors (i.e.,
bug tracking) and in the subsequent e-mail discussion on
how to solve the error (i.e., bug fixing).

Nodes vi ∈ V in the OS network Ω = (V,L) represent
community members while directed links (i, j) ∈ L de-
note e-mail communication whether the member i replies
to the member j. At time t, a member vi discovers a
new software error (bug) and sends a notification e-mail.
Afterwards, other members investigate the origin of the
software bug and eventually reply to the message, either
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FIG. 1: Social networks of e-mail exchanges in open source
communities. Line thickness represents the number of e-mails
flowing from the sender to the receiver. Dark colors depict
active members and frequent communication. (A) Social net-
work GAmavis for the Amavis open-source community. (B)
Social network GTCL for the TCL open-source community
with N = 215 members and 〈k〉 ≈ 3. In both networks, a
few strong, well-interconnected hubs (center nodes) route the
bulk of information generated by many peripherical nodes.

explaining the solution or asking for more information.
Here Eij(t) = 1 if developer i replies to developer j at
time t and is zero otherwise. From Eij we define link
weight eij as the total amount of e-mail traffic flowing
from developer i to developer j:

eij =
T∑

t=0

Eij(t) (1)

where T is the timespan of software development. We
have found that e-mail traffic is highly symmetric, i. e.
eij ≈ eji. In order to measure link symmetry, we intro-
duce a weighted measure of link reciprocity [10] namely
the link weight reciprocity ρw, defined as

ρw =

∑
ie=j (eij − ē)(eji − ē)∑

ie=j (eij − ē)2
(2)

where ē =
∑

ie=j eij/N(N − 1) is the average link
weight. This coefficient enables us to differentiate
between weighted reciprocal networks (ρw > 0) and
weighted antireciprocal networks (ρw < 0). The neu-
tral case is given by ρw ≈ 0. All systems analyzed here
display strong symmetry, with ρw ≈ 1. This pattern
can be explained in terms of fair reciprocity [11], where
any member replies to every received e-mail. Thus, we
can make the simplifying assumption that the network is
undirected.

However, we do not restrict our study to purely
topological links. Instead, their weighted structure is
also taken into account. The edge weight (interaction
strength) is defined as wij = eij + eji, which provides a
measure of traffic exchanges between any pair of mem-
bers. From this weighted matrix we can measure node
strength [14] as a local measure defined like
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FIG. 2: (A) Average betweeness centrality scales with de-
gree 〈b(k)〉 ∼ kη with η ≈ 1.59 for the Python OS com-
munity. This exponent is close to the theoretical prediction
ηBA ≈ (γ − 1)/(δ − 1) = 1.70 (see text). (B) Cumula-
tive distribution of undirected degree P>(k) ∼ k−γ+1 with
γ ≈ 1.97. (C) Cumulative distribution of betweeness central-
ity P>(b) ∼ b−δ+1 with δ ≈ 1.57 for b > 102.

Project N L ρw 〈k〉 γ δ η (γ − 1)/(δ − 1)

Python 1090 3207 0.98 2.94 1.97 1.57 1.59 1.70
Gaim 1415 2692 0.98 1.9 1.97 1.8 1.24 1.21
Slashcode 643 1093 0.98 1.69 1.88 1.58 1.42 1.51
PCGEN 579 1654 0.98 2.85 2.04 1.67 1.54 1.55
TCL 215 590 0.98 2.74 1.97 1.33 2.34 2.93

TABLE I: Topological measures performed over large OS
weighted nets. The two last columns at left compare the
observed η exponent with the theoretical prediction η =
(γ − 1)/(δ − 1) (see text).

si =
∑

j
wij (3)

i. e. the total number of messages exchanged between
node i and the rest of the community. This definition
will be used below in our analysis of the weighted OS
network.

III. STRUCTURE OF OS NETWORKS

Figure 1 shows two social networks recovered with the
above method. We can appreciate an heterogeneous pat-
tern of e-mail interaction, where a few members han-
dle the largest fraction of e-mail traffic generated by the
OS community. The undirected degree distribution is
roughly a power-law P (k) ∼ k−γ with γ ≈ 2 (see fig.
2B). However, P (k) displays a hump at some intermme-
diate degree k (see fig. 2B), suggesting that important
hubs are much more densely interconnected than periph-
eral members are. This desviation might be an indication
of a rich-club ordering in the OS network (see below).

In order to understand the role played by hubs in OS
networks, we have measured the betweeness centrality bi

(i.e., node load [13]) or the number of shortest paths pass-
ing through the node i [12]. Betweeness centrality dis-
plays a long tail P (b) ∼ b−δ with an exponent δ between
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1.3 and 1.8 (see table I and also fig. 2C). It was shown
that betweeness centrality scales with degree in the In-
ternet autonomous systems and in the Barabási-Albert
network [15], as b(k) ∼ k−η. From the cumulative degree
distribution, i. e.

P>(k) =
∫ ∞

k

P (k)dk ∼ k1−γ (4)

and the corresponding integrated betweenness, with
P>(b) ∼ b1−δ, it follows that η = (γ − 1)/(δ − 1) [16].
The social networks studied here display a similar scaling
law with an exponent η slightly departing from the the-
oretical prediction (see fig. 2A and table I). The strong
correlation between node load and large degree indicates
that hub nodes tend to dominate e-mail discussions in
the OS community.

IV. CORRELATIONS AND RICH-CLUB
PHENOMENON IN OS NETWORKS

The previous measures provide a global picture of OSN
but also suggest the presence of a two-level underlying
structure. In order to reveal its organization, we need to
consider correlation measures among agents displaying
different numbers of links. We can detect the presence of
node-node correlations by measuring the average nearest-
neighbors degree:

knn(k) =
∑

k′
k′P (k|k′) (5)

where P (k|k′) is the conditional probability of having
a link attached to nodes with degree k and k′. Here, the
average nearest-neighbors degree decays as a power-law,
〈knn〉 ∼ k−θ with θ ≈ 0.75 for k > 10 (see fig. 3A ).
This decreasing behaviour of 〈knn(k)〉 denotes that, on
average, hubs tend to be connected to low degree nodes
(see fig. 1A). That is, OS networks are good instances of
dissasortative networks. Moreover, the hierarchical na-
ture of these graphs is well illustrated from the scaling
exhibited by the clustering C(k) against k, which scales
as C(k) ∼ 1/k (not shown), and consistently with theo-
retical predictions[17].

Following [14], we define the weighted average nearest-
neighbors degree,

kw
nn,i =

1
si

k∑
j=1

wijkj (6)

where neighbor degree kj is weighted by the ratio
(wij/si). According to this definition, kw

nn,i > knn if
strong edges point to neighbors with large degree and
kw

nn,i < knn otherwise. This measure captures more pre-
cisely the level of affinity between community members.
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FIG. 3: Correlations and rich-club phenomenon in the Python
OS community. (A) Average degree of nearest neighbors vs
degree 〈knn〉 ∼ kθ where θ ≈ 0.75 (open circles). Weighted
average nearest-neighbors degree is almost constant (solid
circles). (B) Rich-club coefficient Φ(k) scales with degree,
Φ(k) ∼ k2, for k < kc ≈ 10 while it is constant, Φ(k) ≈ 1,
for k > kc. The crossover kc is consistent with the point
of decreasing behaviour of 〈knn(k)〉. (C) Visualization of the
rich-club in the Python OS community, where yellow balls de-
pict hubs with k > kc. Peripherical nodes with k < kc (blue
balls) are mainly connected to hubs.

Here, weighted average nearest-neighbors degree is al-
most uncorrelated with node degree, that is, knn,i ≈ con-
stant (see fig. 3A). Low connected nodes have weak edges
because kw

nn,i(k) is only slightly larger than knn(k) for
small k. On the other hand, kw

nn,i(k) > knn(k) for large
degrees, indicating that hubs have the strongest edges.

The above observations reveal the presence of rich-club
ordering [26], where an elite of highly connected and mu-
tually communicating programmers control the flow of
information generated by the OS community. For in-
stance, during the development of the web-server soft-
ware Apache, a closely-knit and small group of develop-
ers contributed about 90 percent of key changes, whereas
the majority of developers contributed to marginal soft-
ware features [25]. As we will show below, such core set
of developers leaves a characteristic structural pattern in
the social network.

The rich-club coefficient Φ has been used to assess the
presence of the rich-club phenomenon in the Internet [26].
This coefficient is defined as follows,



4

Φ(k) =
2E>k

N>k(N>k − 1)
(7)

where E>k depicts the number of edges between the
N>k nodes with degree higher than k. Φ(k) indicates the
ratio of observed number of links out of all possible links
between N>k nodes. This coefficient is an alternative
measure of correlations that is non-trivially related to
the average nearest-neighbors degree (see eq. (5)). In
OS networks, Φ(k) increases for k < kc and saturates for
k > kc. The presence of a rich-club is often associated to
monotonic increase in Φ(k) with k (cite). However, we
argue that a better criteria to detect the rich-club is the
existence of a crossover kc in Φ(k) characterizing the rich
nodes. The crossover is consistent with the small hump
in P (k) for large degrees (see section III). For example,
in the Python OS community, kc ≈ 10 (see fig. 3B). Fig.
3C highlights rich members in the OS Python community
or hub nodes having more than k > 10 links.

In conclusion, the OS network displays a rich-club
structure associated to a dissassortative topology. This
peculiar social organization has not been previously ob-
served in traditional social networks. Instead, social net-
works are often assortative and weak links act like bridges
connecting relatively dense sub-communities [27].

V. NONLOCAL EVOLUTION OF OS
NETWORKS

A very simple model predicts the evolution and dynam-
ics of the OS social network, including the shape of its
undirected degree distribution P (k) and their measure-
ments of local correlations (see fig.4C, fig.4D, and fig.4E).
The model is motivated by two observations. First, there
is a non-lineal relation between strength and degree [28].
In a related paper, this non-linear relation has been ex-
plained with a similar model [18]. And second, agents in
a large-scale software community exploit social cues to
evaluate one another’s social status [21]. A natural sur-
rogate of social status is the number of messages posted
by the member or node strength si (see section 2). Mem-
bers earning high social status are arguably the most
visible and thus, they will be accessed much more fre-
quently [22]. Such members are actually those having a
mean global picture of the whole system, instead of being
aware of just some specific parts 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 [23].

Taking into account the above, the algorithm for evolv-
ing 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 num-
ber of an average 〈m〉 new e-mails (describing new soft-
ware bugs). (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 load bi, or
alternatively, to the node strength si (see below)

Π [bi(t)] =
(bi(t) + c)α∑

j

(bj(t) + c)α (8)

where c is a constant (in our experiments, c = 1) and
node load bi is recalculated before attaching the new link,
that is, before evaluating the above equation. The expo-
nent α varies from project to project (see below an em-
pirical method to estimate this exponent from available
data). Once the target node i is selected, we place the
new edge in Ω, {i, j} ∈ L. Repeat steps (ii) to (iii) until
the network reaches the target size of N � m0 nodes.

The networks generated with the previous model are
remarkably close to real OS networks. For example, fig.4
compares our model with the social network of TCL soft-
ware community. The target social network has N = 215
members and m = 〈k〉 ≈ 3. A simple modification to a
known algorithm for measuring preferential attachment
in evolving networks [19] enables us to estimate the ex-
ponent α driving the attachement rate of new links (de-
scribed in eq. (8)). Due to limitations in available net-
work data we have computed the attachment kernel de-
pending on node strength si instead of node load bi. In-
deed, we have observed that strength si and betweeness
centrality bi of software communities are linearly corre-
lated (see fig. 4A).

In order to measure Π [si(t)] we compare two network
snapshots of the same software community at times T0

and T1 where T0 < T1. Nodes in the T0 and T1 net-
work are called ”T0 nodes” and ”T1 nodes”, respectively.
When a new i ∈ T1 node joins the network we compute
the node strength sj of the j ∈ T0 node to which the new
node i links. Then, we estimate the attachment kernel
as follows

Π [s, T0, T1] =

∑
i∈T1,j∈T0

mijθ(s− sj)∑
j∈T0

θ(s− sj)
(9)

where θ(z) = 1 if z = 0 and θ(z) = 0 otherwise, and
mij is the adjacency matrix of the social network. In
order to reduce the impact of noise fluctuations, we have
estimated the α exponent from the cumulative function

A(s) =

s∫
0

Π(s)ds. (10)
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FIG. 4: Social network simulation (A) Linear correlation be-
tween 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 stud-
ied here (B) Estimation of α in the TCL project (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,
〈m〉 = 3 and α = 0.75. (D) Scaling of average neighbors de-
gree 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 network Ω to be compared with the social
network GTCL displayed in fig. 1B.

Under the assumption of eq. 8 the above function
scales with node strength, A(s) ∼ sα+1. Figure 4B dis-
plays the cumulative function A(s) as measured in the
TCL software community with T0 = 2003 and T1 = 2004.
In this dataset, the power-law fitting of A(s) predicts an
exponent α = 0.75. A similar exponent is observed in

other systems (not shown). In addition, we have esti-
mated the αBA exponent with a preferential attachment
kernel, Π(k) ∼ kαBA , as in the original algorithm by
Jeong et al. [19]. The evolution of the social networks
cannot be described by a linear preferential attachment
mechanism because the observed exponent is αBA > 1.4
(not shown).

VI. DISCUSSION

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 networks analyzed here are
dissasortative from the topological point of view and as-
sortative when edge weights are taken into account. A
distinguished feature of OS networks is the presence of
the rich-club phenomenon. We have shown that OS com-
munities are elitarian clubs where strong hubs control the
global flow of information generated by many periph-
erical individuals. Our conclusions are consistent with
qualitative observations done by researchers of the open-
source phenomenon [24]. This is, as far as we know, the
first time that quantitative evidence of elitism in techno-
logical communities has been provided.

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. These programmers would
both introduce a top-down control and receive a large
amount of e-mail trafic. Based on these ideas, we have
presented a model that predicts many global and local
social network measurements of the OS network. Our
model assumes that reinforcement is nonlocal, that is,
future e-mails are not independent of past communica-
tions. Our conclusions must be contrasted with the local
reinforcement mechanism proposed by Caldarelli et. al.
[11] for e-mail communication. In their model, any pair
of members can increase the strength of their link with
independence of the global activity. Several features of
software communities preclude the application of their
model. For example, fixing a software bug is a global
task which requires the coordination of several members
in the community. Any e-mail response requires to con-
sider all the previous communications regarding the spe-
cific subject under discussion. In addition, their model
does not consider a sparse network structure and every
individual is connected with everybody else, which is not
the case of OS communities.

A similar model to ours was presented in [18], where
node load bi is recalculated only after the addition of
the new node and its 〈m〉 links. Here, recalculation of
node loads represents a global process of information dif-
fusion. The total amount of e-mail traffic through any
node correlates with both past experience and social im-
portance, which suggests that the amount of e-mail traf-
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fic handled by any node is a nonlocal quantity [18]. This
motivates our choice of a betweeness-based preferential
attachment rule (eq. (8)). We can conceive other al-
ternatives instead of computing betweeness centralities
in eq.(8). An interesting approach includes the discrete
simulation of e-mails tracing shortest paths in the so-
cial network, as in some models of internet routing [20].
Packet transport-driven simulations can provide good es-
timations of the number of e-mails received by any node.
Nevertheless, the present model enables us to explain re-
markably well the OS network dynamics. Another ex-
tension of the model is the addition of new links between
existing nodes, which can provide better fittings to local
correlation measures (see sect. IV).

On a more general view, our study is the first quan-
titative evidence for the emergence of hierarchy in dis-
tributed networks of interacting agents. Different out-
comes of the OS evolution process would have been ex-
pected, including the formation of a purely hierarchical
tree of relations among developers or a purely SF sys-
tem. The observed community organization indicates
that even distributed systems develop internal hierar-
chies, thus suggesting that some amount of centralized,
global knowledge might be inevitable.

Our results might be of interest towards future explo-
rations on the dynamics of so called computational ecolo-
gies [29, 30] . Computational ecology was defined as
the study of the interactions that determine the behav-
ior and resource utilization of computational agents in
an open system. Early work by Huberman and Hogg
in this area revealed that the collective behavior of such
information-exchanging networks of agents can be very
complex. The type of organization displayed by OSN
seems to fit well with the goals of computational ecology
theory. An important advantage is the explicit consider-
ation of the real network topology reported here, which
could help expanding previous work on agent network
dynamics.
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