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Abstract

The open Source Software [6] (OSS) development movement is a classic example of a collaborative social network [4,

5, 6]; it is also a prototype of a complex evolving network [2, 19, 20]. By collecting developer and project information

monthly from SourceForge for over two years, we have sufficient data to infer the structural and the dynamic mechanisms

that govern the topology and evolution of this complex social network system, using agent based modeling and simulation

techniques [9, 10]. In this paper, we present the process of building empirically derived agent-based models of the SourceForge

OSS developer network and simulation of this collaborative social network. We accomplish our goal by extracting statistics

of the OSS SourceForge network, including snapshots and longitudinal data. Several network models of the evolution of

SourceForge, the simulation library used [8], and the verification and validation process are given in this paper. The hidden

nature of social network processes that could plausibly generate the observed system properties are discovered from an iterative

modeling, simulation, validation and verification process.

We proposed a conceptual framework for agent-based modeling and simulation, as shown in Figure 1. We have three entities

in the framework: empirical data collection, model and simulation. The model is the process description that is implemented in

simulation, and by which we can reproduce the evolution of empirical data. The simulation is a tool to verify and validate the

model. We also have six edges in the framework, each represents one kind of process in the framework. Characterization is a

process to abstract the characteristics of the empirical data and to generate the rules and attributes in the model. Description is

a process to manifest the underlying mechanisms of the empirical data evolution. Generation is a process to build a simulation

based on the given model. Adjustment is a process to modify the model according to the feedback from verification process.

Verification is a process testing the simulation’s behaviors by comparing the simulation output with the empirical data and the

designed model behaviors. Validation is a process of interpolating or extrapolating the simulation output and comparing with

the empirical data and its attributes not used to define the model. Validation may add more rules or attributes into the model for

prospective improvement. The main goal of this kind of study is to get a “fit” model to describe the evolution of a collaborative

network by simulation iterations.

We explain this conceptual framework using a real example – a study of the SourceForge collaboration network [1]. The
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Figure 1: Conceptual framework for agent-based modeling and simulation
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Figure 2: Degree distribution for ER model



empirical data is the collected data we obtained from SourceForge for over two years. We get the simulation parameters

from the collection of empirical data, which will be used to characterize the model. So far we generated all three popular

complex network models for the SourceForge network using 1) Random Network theory implemented as a ER(Erdös and

Rényi) model [12], 2) scale free network implemented as a BA (Barabási and Albert) model [7], and 3) scale free network

with fitness using the same simulation parameters. By comparing the simulation results with the real data, we get not only the

clues on how to adjust the evolution parameters, but also a validation of the models. In our project, we have simulated random

attachment of developers (ER model [12, 19]). We collected all the frequently used statistics [13, 14] from the simulation

results. For the clustering coefficient, we get

CC ∼ N
−0.14 (1)

where CC is clustering coefficient and N is the network size. This value is significantly smaller than we observe in the Source-

Forge network. And the diameter of the simulated network, which is around 3, is smaller than we observed in the SourceForge

network, which is around 6. But the diameter is increasing with the network size. We also get the degree distribution result

as shown in Figure 2. As expected in such ER graphs, no power law was observed in the simulation of the OSS developer

collaborative network. Developer agents join a randomly selected project. However, power laws in the distribution of project

degree suggest that developers may employ preferential attachment, i.e., that developers may identify projects with certain qual-

ities as more attractive. In aggregate, their choices begin to favor, or prefer, projects with the given qualities, skewing project

membership to fit a power law.

Next we simulated preferential attachment [15], giving early arrivals a “first-mover” advantage. Projects that enter the

simulation earlier tend to have larger index values than new projects. This simulation implements the BA model, and as

expected, displayed a power-law distribution of developer indices and project indices. And the clustering coefficient is around

0.7, higher than the ER model and comparable to the empirical data. The diameter is around 7 and decreasing, which also

fits the empirical data. Also, as expected, rarely (and inconsistent with our empirical data) new arrivals ever had index values

greater than older arrivals.

A random fitness parameter was added to the agents system by observing that fitness for developers and fitness for the

projects could be added independently. The model thus described the empirical data more accurately using statistical attributes

of the whole network, but not completely according to the individual development patterns (e.g., life cycle of developer and

project). Finally, we implemented our proposal for dynamic fitness. Dynamic fitness, implemented as an individual developer

and project life cycles with declining fitness over time, kept all the existing statistical attributes of BA model, and modeled the

individual developer and project life-cycle patterns in the empirical data.
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