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Abstract
This report comprises the complete D5.4.2 deliverable as specified for workpackage WP5.4 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. In this workpackage we consider a broad, though often overlooked,
range of network evolution phenomena that evidence multi-scale and multi-level phenomena. We
believe that understanding such phenomena is key to relating form to function in complex evolving
networks that display emergent properties and rich self-organised structure.
In the first section we report on-going work on the analysis of Open Source software development
networks at different scales. This allows for the separation of endogenous and exogenous factors that
cause change over time. This method has application in determining, automatically, the software
modules that comprise the system. This could be of particular use when refactoring of large systems
is required.
In the second section we report on-going work on novel models of multi-level selection applicable
to peer-to-peer (P2P) networks. We are interested in “group selection” models which emerge higherlevel selection units from selection operating at the individual level. We have begun to compare
models within a general framework. We identify a recent novel model (the group-splitting model)
that appears to offer potentially powerful properties if it can be implemented within a distributed
system. Group selection approaches offer the potential for a general design framework in which
individual agents or peers, in distributed systems, self-organize producing higher-level functions. In
addition it may also be the key to understanding the emergence of complex multi-cellular life and
social complexity.1
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1 Open Source Software Evolution
In this deliverable, we present a new multi-scale analysis for the time series of open-source (OS)
software development activity [30]. Previous studies have modeled the dynamics of software development by measuring the time-evolution of project size [17] and workforce size [1]. The final goal
of these studies is to enable realistic predictions for the resources needed to complete any software
project.
There is a consistent increase trend in the demand for software these years. Unfortunately, we pay
a significant cost for the growth of the software industry. Development of software is typically marked
by cost overruns, late deliveries and poor user satisfaction. Unfortunately, very little is known about
the laws governing software development dynamics. Indices of global development activity have
been devised to assess the stability of the software system. A popular measure, software volatility,
measures the frequency or number of enhancements per unit of application over a specified time
frame [3]. High volatility is often associated to high maintenance costs. When software volatility
exceeds some threshold, it may be more economical to rewrite the entire system from scratch instead
of maintaining an aged (and unstable) software system [5, 15].
There are different factors affecting software volatility. Here, we propose a classification of endogenous and exogenous software changes. Traditional studies of software volatility have focused in
(so-called) exogenous forces, which are represented by the requests made by software users. Very
often, programs have evolved as their application domains change continuously. Eventually, software becomes very complex due to extensive modifications. However, there is an important source
of endogenous changes because every new change can trigger a cascade of additional (or secondary)
changes [7]. Indeed, software developers devote huge efforts to repair these secondary changes without
introducing any software enhancement or new functionalities. Then, it is important to understand
the origin of such cascades and to compute the probability of triggering a cascade with every new
software modification (see fig. 1A).
Is there is any balance between endogenous and exogenous software changes? An early explanation
can be found in the analysis of software volatility at short (a few minutes or hours) and long (a few
months) time scales. In order to make a proper interpretation of the process, we have compared the
data with a reasonable neutral model, i. e., a Langevin process on a scale-free software architecture
[30]. At large time scales, our analysis of empirical data reveals the exogenous forces driving software
development (i.e., user requests for modifications and enhancements). At the short time scale, the
Langevin model coincides with the empirical data. This indicates an endogenous source of software
volatility generated by the propagation of changes [7].The above suggests that software development
combines endogenous and exogenous mechanisms depending on the time scale addressed.

1.1 Multi-Scale Analysis of Fluctuations
We have analysed the aggregated activity of software developers at different timescales, as recorded
in the CVS database [30]. CVS (concurrent versioning system) is a popular electronic database that
keeps a register of every software change and its author. This feature makes the CVS an invaluable
source of information about software evolution and development activity. In the CVS we have not
only the information about development history but also the source code files required to build the
software system (i.e., our object of study). At any given time t, the system consists of N (t) different
source code files written in a given programmming language (i.e., C, C++, Fortran). This set of
files describe a software network G = (V, E) [32] , where nodes are the source code files |V | = N
and links denote compile-time dependencies between files (see fig. 1A). As we will see below, links
indicate how change propagation takes place in the system, that is, what files are susceptible to be
altered as a consequence of an exogenous change.
For each file fi we measure the time series of file change dynamics:
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Figure 1: (A) Schematic representation of an OSS community. (B) Scaling of fluctuations with average change activity for the software project XFree86 at ∆t = 6 hours (top) and ∆t = 9600
hours (bottom). (D) Dependence of the observed α exponent with the measuremt window
∆t.

fi∆t (t) =

X

ci (τ )

(1)

τ ∈[t,t+∆t]

where ∆t is the measurement window and ci (t) = 1 when file vi has been changed at time t or
ci (t) = 0 otherwise. By variying ∆t we can study the dynamics of file changes at different temporal
scales. Recent measurements on the fluctuations of network nodes [19][20]
indicate a power-law
rD
E
2
scaling between the average flow hfi i and the standard deviation σi =
(fi − hfi i) , that is,
σi ∼ hfi iα

(2)

where α is an exponent which can take values betwen 1/2 and 1 [19]. It seems that real systems can
be classified in two different classes depending on the observed α exponent. Systems dominated by
endogenous (internal) dynamics display the α = 1/2 exponent (for example, the physical Internet or
the switching activity of electronic circuits). On the other hand, systems involving human interactions
or strongly influenced by exogenous forces have an α = 1 exponent. Here, we have observed a
transition in file change fluctuations from α = 1/2 to α = 1 as the measurement window zooms out
from short time scales (hours and days) to large time scales (months and years) (see fig. 1B and
1C). Then, the multi-scale measurement window is a useful tool to detect endogenous or exogenous
software development activities.

1.2 Evolution-based Software Clustering
In addition, the above separation of endogenous and exogenous changes enables us to determine subsets of files that change together (so-called ”modules”) [30]. Software engineering practices explicitly
encourage programmers to subdivide their systems into different modules. Modularization eases software comprehension and allows software extensibility. Unfortunately, software systems loose their
initial modular structure as the program evolves. Every software development reaches some critical
moment when the program is so desorganized that specific re-structuring actions (i.e., refactoring)
must be taken. Such refactorings allow for future changes but they are costly and require experienced
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software engineers. We propose a new technique that may help software engineers to identify modules
easily and without previous knowledge of the system. By using the methods described here, we can
analyze the software change history stored in the CVS database. Then, we can determine what files
are more likely to change together and thus, what subsets of files must be grouped within the same
module. Such a tool might significantly reduce the required refactoring effort.

2 Emergent Multi-Level Selection
We have previously proposed network re-wire models based on “tag” evolution to support cooperation
within P2P networks [12]. More recently, we applied the same approach to structure networks into
clusters of specialist nodes holding different “skills” [11]. This process could be seen as a form
of higher-level selection (or group selection) which operates via emergent structures produced by
individual selection. That is, the individual nodes have no notion of group utility or social benefit
yet through pursuing their individual selfish behavior, imitating other nodes that get higher utility,
group beneficial behavior emerges. Recently novel variants of this approach have been proposed.

2.1 Towards a general framework
We have come to view these models as particular implementations within a more general framework of
group selection which can operate in networks, randomly interacting populations or other structures.
We have identified four key aspects for relating these models:
• Group boundary - a mechanism which restricts interactions between agents such that the
population is partitioned into groups.
• Group formation - a process which forms groups dynamically in the population.
• Migration - a process by which agents may move between different groups.
• Conditions - cost / benefit ratio of individual interactions and other conditions which are
sufficient for producing group-level selection.
In on-going work we are refining and developing the framework. Ultimately this could be used as
a basis or template for a set of “design patterns” for distributed systems which describe the context
and conditions of application for such models [4]. In the next sections we overview a number of
models of group selection within this framework.

2.2 Comparing recent models
In almost all proposed models, in order to test if group selection is stronger than individual selection,
populations are composed of individuals that can take one of two kinds of social behaviour (or
strategy). They can either act pro-socially, for the good of their group or they can act selfishly for
their own individual benefit at the expense of the group. This captures a form of commons tragedy.
Often this is formalised as a Prisoners Dilemma (PD) or a donation game in which individuals
receive fitness payoffs based on the composition of their group. In either case there is fitness cost c
that a pro-social individual incurs and an associated fitness benefit b that individuals within a group
gain. A group containing only pro-social individuals will lead each to gain a fitness of b − c. However,
a group containing only selfish individuals will lead each to obtain a fitness of zero. But a selfish
individual within a group of pro-socials will gain highest fitness. In this case the selfish individual
will gain b but the rest will gain less than b − c. Given that c and b are positive then it is always
in the an individuals interests (to maximise fitness) to behave selfishly. In an evolutionary scenario
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Outline algorithm for tag model:
for each generation loop
interaction within groups (obtain fitness)
reproduce individuals based on fitness
with Prob(mt) individuals form new group
with Prob(ms) individuals flip strategy
end generation loop

(a)

(b)

Group boundary: tag stored by each
individual defines group membership
Group formation and migration:
probabilistic mutation of tag

(c)

Figure 2: Schematic of the evolution of groups in the tag model. Three generations (a-c) are shown.
White individuals are pro-social, black are selfish. Individuals sharing the same tag are
shown clustered and bounded by large circles. Arrows indicate group linage. Migration
between groups is not shown. This can occur but with very low probability.
in which the entire population interacts within a single group, which can be thought of as a mean
field mixing model, then selfish behaviour will tend to be selected because this increases fitness. This
ultimately leads to an entire population of selfish individuals and a suboptimal average population
level fitness of zero. This is the Nash Equilibrium and an Evolutionary Stable Strategy for such a
system [34].
There have been various models of cooperation and pro-social behaviour based on reciprocity
using iterated strategies within the PD [2], however, we are interested in models which do not require
reciprocity since these are more generally applicable. In many situations, such as large-scale human
systems or distributed computer systems, such as P2P systems, repeated interactions may be rare
or hard to implement due to large population sizes (of the order of millions) or cheating behaviour
that allow individuals (or computer nodes) to fake new identities.
2.2.1 Tag model
In [14] a tag model of cooperation was proposed which selected for pro-social groups. It models
populations of evolving agents that form groups with other agents who share an initially arbitrary
tag or social marker. The tag approach was originally proposed by Holland [16] and developed by
Riolo [24, 23]. The tag is often interpreted as an observable social label (e.g. style of dress, accent
etc.) and can be seen as a group membership marker. It can take any mutable form in a model (e.g.
integer or bitstring). The strategies of the agents evolve, as do the tags themselves. Interestingly this
very simple scheme structures the population into a dynamic set of tag-groups and selects for prosocial behaviour over a wide range of conditions. Figure 2 shows a schematic diagram of tag-group
evolution and an outline algorithm that generates it.
In general it was found that pro-social behaviour was selected when b > c and mt >> ms, where
mt is the mutation rate applied to the tag and ms is the mutation rate applied to the strategy. In
this model groups emerge from the evolution of the tags. Group splitting is a side effect of mutation
applied to a tag during reproduction. A subsequent tag model [23] produced similar results although
it cannot be applied to pro-sociality in general because it does not allow for fully selfish behaviour
of individuals [25, 9].
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Outline algorithm for split model:
for each generation loop
interaction within groups (obtain fitness)
reproduce individuals based on fitness
with Prob(q) split any group > m in size
eliminate random group
end generation loop

(a)

(b)

Group boundary: individuals exogenously
given group membership
Group formation and migration: splitting of
group when size > m.

(c)

Figure 3: Schematic of the evolution of groups in the group-splitting model. Three generations (a-c)
are shown. White individuals are pro-social, black are selfish. Individuals sharing the same
group are shown clustered and bounded by large circles. Arrows indicate group linage.
Migration between groups is not shown.
2.2.2 Group-splitting model
In [29] a group selection model is given that sustains pro-social behaviour if the population is partitioned into m groups of maximum size n so long as b/c > 1 + n/m. In this model group structure and
group splitting is set a priori as exogenous parameter. Splitting is accomplished by explicitly limiting
group size to n, when a group grows through reproduction beyond n it is split with (high) probability q into two groups by probabilistically reallocating each individual to one of the new groups.
By endogenously controlling n and m a detailed analysis of the model was derived such that the
cost / benefit condition is shown to be necessary rather than just sufficient. The model also allows
for some migration of individuals between groups outside of the splitting process. Significantly, the
group splitting model can potentially be applied recursively to give multilevel selection – groups of
groups etc. However, this requires explicit splitting and reallocation mechanisms at each higher level.
Figure 3 shows a schematic of group-splitting evolution and an outline algorithm that implements it.
2.2.3 Network-rewiring model
Network rewiring models for group selection have been proposed with direct application to P2P
protocol design [12, 13]. In these models, which were adapted from the tag model described above,
individuals are represented as nodes on a graph. Group membership is defined by the topology of
the graph. Nodes directly connected are considered to be within the same group. Each node stores
the links that define its neighbours. Nodes evolve by copying both the strategies and links (with
probability t) of other nodes in the population with higher utility than themselves. Using this simple
learning rule the topology and strategies evolve promoting pro-social behaviour and structuring
the population into dynamic arrangements of disconnected clusters (where t = 1) or small-world
topologies (where 0.5 < t < 1). Group splitting involved nodes disconnecting from all their current
neighbours and reconnecting to a single randomly chosen neighbour with low probability mt. As
with the tag model we found that pro-social behaviour was selected when b > c and mt >> ms,
where ms is the probability of nodes spontaneously changing strategies. Figure 4 shows a schematic
of network evolution (groups emerge as cliques within the network) and an outline algorithm that
implements it.
In this model we have translated dynamics and properties similar to the tag model into a graph.
This is important because P2P networks can be viewed as graphs. Hence with relatively modest
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Outline algorithm for network model:
for each generation loop
interaction within groups (obtain fitness)
reproduce individuals based on fitness
with Prob(t) copy new links
with Prob(ms) individuals flip strategy
end generation loop

(a)

(b)

Group boundary: individuals directly linked
in the network
Group formation and migration:copying of
links probabilistically

(c)

Figure 4: Schematic of the evolution of groups (cliques) in the network-rewiring model. Three generations (a-c) are shown. White individuals are pro-social, black are selfish. Arrows indicate
group linage. Notice the similarity to the tag model in figure 2.
translation effort we were able to formulate a general P2P protocol that would promote pro-social
behaviour over a wide rage of potential application domains. In [13] we applied the protocol to a
simulated file-sharing scenario. In [12] we proposed a protocol that could be applied to collective
spam filtering. In [11] the same fundamental rewiring protocol was applied to a scenario requiring
nodes to adopt specialised roles or skills within their groups, not just pro-social behaviour alone, to
maximise social benefit.
Interestingly it has also been shown recently [22] in a similar graph model tested over fixed topologies (e.g. small-world, random, lattice, scale-free) that under a simple evolutionary learning rule
pro-social behaviour can be sustained in some limited situations if b/c > k, where k is the average
number neighbours over all nodes (the average degree of the graph). This implies that if certain
topologies can be imposed then pro-social behaviour can be sustained without rewiring of the topology dynamically. Although analysis of this model is at an early stage it would appear that groups
form via clusters of pro-social strategies forming and migrating over the graph via nodes learning
from neighbours.
Also a recent network model shows similar properties [26].
2.2.4 SkillWorld and ResourceWorld
We adapted the network rewiring model to P2P-like scenarios in the SkillWorld (SW) model [11] and
variant ResourceWorld (RW) [18]. In these models we did not only consider pro-social and selfish
behavioral variants but allocated “skills” to nodes such that the clusters or groups that gave best
performance required both pro-social behavior and a range of skills - i.e. the clusters of nodes needed
to be internally specialized. Nodes received jobs requiring a certain skill to be completed. If they did
not posses the required skill they needed to rely on neighbor nodes to complete the job for them. In
SW jobs completed by neighbors produced a cost for them but benefitted the node that originally
received the job. In RW this was reversed, the node that completed the job always received the
benefit with the receiving node paying the cost. For RW we found specialized and pro-social groups
formed when b ≥ c. Yet in SW we found b/c ≥ 2/3. In both cases we only considered conditions
where t = 1 and mt >> ms. The SW result is an interesting departure from the previous cost /
benefit ratios. Essentially, in SW, pro-social behavior (altruism) can be selected even if the actual
benefit to the recipient is less than the cost - up to a third less. We derived these results empirically
via simulation and it is currently still unclear to us why this latter condition holds. More analysis is
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required, but this appears an intriguing result because it implies a kind of “super altruism” which
does not maximize collective utility, but rather, may increase collective equality. Equality, even at a
collective cost, could be selected if this improves group stability over time. However, as stated, this
needs to be investigated further.

2.3 Summary
By relating group selection models within a general framework we can compare their relative conditions and mechanisms of application. We are beginning to formulate such a framework, currently at
a modest stage. For the purposes of evolving P2P we have developed a number of network rewiring
models which were derived from, and hence can be closely compared with, previous tag models. We
have shown how the novel group-splitting model, relates within this framework. It would be of interest
to explore the possibility of developing a distributed network implementation of the group-splitting
model and test it in P2P like scenarios. One of the benefits of this model is a proven necessary
condition for pro-social behavior selection. However, a possible disadvantage is the requirement for
exogenously defined group boundaries and the requirement for whole group extinction. Implementing
these in a distributed network would require novel approaches.

3 Conclusion
The analysis and engineering of multi-scale phenomena in networks appears fundamental to relating
forms and functions in all but the simplest of networks. Much previous work on networks has focused
on either individual node properties and behaviors (micro structure) or global properties of the entire
network (macro structure). Yet, to understand the relationship between form and function in complex
evolving networks, with emergent function, requires theories that relate micro and macro levels. In
this sense we need to understand meso-scale processes - those that lay between, and produce, levels
of organization. The on-going work presented in this deliverable follows this approach.
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[28] Solé, R. and Valverde, S, (2004) Information Theory of Complex Networks, in Networks: Structure, Dynamics and Function, Lecture Notes in Physics, Springer-Verlag (2004)
[29] Traulsen, A.; Nowak, M. A. (2006). Evolution of cooperation by multilevel selection. Proceedings
of the National Academy of Sciences 130(29):10952-10955.
[30] Valverde, S. (2006) Crossover from Endogenous to Exogenous Activity in Open-Source Software
Development, accepted for publication in Europhysics Letters. [DELIS-TR-0432]
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