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Summary. Software is central to the functioning of modern computer-based sodibgy
OSS (Open Source Software) phenomenon is a novel, widely growpigagh to develop
both applications and infrastructure software. In this research, wiedttite community net-
work of the SourceForge.net, especially the structure and evolutioe obthhmunity network,
to understand the Open Source Software movement. We applied thexewfifinalyses on the
network, including structure analysis, centrality analysis and path anaBysapplying these
analyses, we are able to gain insights of the network development andutnicd to individ-
ual developments.

1 Introduction

In recent research, network characteristics have recen@m@& and more attention,
especially in evolving networks like the Internet, societworks and communication
networks [22, 24, 18]. Analyzing these characteristicsrearal interesting informa-
tion. In this study, we used network analysis to investiglaenetwork characteristics
in the evolution of the community network in SourceForge.ne

2 Related Work

Topology analysis is a method that can be used to underdtarel/blving complex
networks [19, 3, 12]. It can also be used to understand the gh®88omenon. This
study also tried to understand the OSS phenomenon by stuttygncommunity as
a collaboration network where every user and project can &iegle node in the
network.

Gao et al. [14] analyzed the empirical data they collectechfSourceForge to
obtain statistics and topological information of the OpeuniSe Software developer
collaboration network. They extracted the parameters ambmted a model that
depicts the evolution of this collaboration network. Thésoaused these parame-
ters to characterize the empirical data they collected feamrceForge, while other
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research tended to look at the network as a single snapslitstémolution, which
means they all based their observations on network, witresgect to time. They
were able to inspect the network with consideration of tingng the empirical data
collected over more than two years.

Xu, Madey and Gao [25] presented the results of docking [9¢paRt [17] sim-
ulation and a Java/Swarm [16] simulation of four social r@kxmodels of the Open
Source Software community. The simulations grew “artifisiacieties” represent-
ing the SourceForge developer/project community. As adgyet of the docking
experiment, they provided observations on the advantaggsliisadvantages of the
two toolkits for modeling such systems.

These previous analyses studied the OSS community basée giobal topol-
ogy of the collaboration network. These methods were naaloiepof revealing be-
haviors of a single object such as a user or a project. Ouy sxttnded the under-
standing of OSS to the study of individual behaviors anduhticed a new measure
set in the study of the OSS community.

3 Our Approach

The analysis we used includes structure analysis, cagteaialysis and path anal-
ysis. We conducted the analyses in the following mannest,Rive conducted the
structural analysis, including the following measureandgter, clustering coefficient
and component distribution. Then we conducted the cetytatialysis, including the
following measures: average degree, degree distribusieerage betweenness and
average closeness. Finally, we conducted the path analysisost of the previous
measures.

3.1 Structure Analysis

The first analysis is the structure analysis [20, 10]. Stmgctanalysis is used to in-
spect the macro-measures of the network structure. Theuresamspected in the
structure analysis describe the network structure in aajlelew. Study of these
measures helps us understanding the influence of netwarktste to individual
nodes in the network.

The diameterof a network is the maximum distance (number of hops or edges)
between any pair of nodes. The diameter can also be definée awérage length
of the shortest paths between any pair of nodes in the netwodur research, we
are more interested in the measures that can describe tbiersffi of information
propagation. So the average value is more suitable for ayoge, and we used the
second definition in our research. Strictly speaking, tlzenditer of a disconnected
graph (i.e., one containing isolated components) is irjitt it is normally defined
as the maximum diameter of its sub-clusters or other appratd values. Random
graphs and other complex networks all tend to have smalleti@rs. This is the phe-
nomenon scientists referred to as the “small world phenamef23]. The smaller
the diameter of a network is, the better the network is cot@ted he diameter is one
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of the important attributes in complex network researchgemlly since the small
world phenomenonwas popularized. We calculated the diameter measures using
approximate method, which can generate fairly accuratdteegspecially when the
network size is hugeX > 10,000). More detailed explanation and discussion can
be found in [13].

The equation we used to calculate the approximate dianietsr

_ log(N/z1)

log(#2/21)
where N is the number of nodes in the netwoek, is the average degree of nodes
in the network, and., is the average number of nodes two steps away from a given
node as defined in [13].

The next measure ustering coefficientThe neighborhood of a node consists
of the set of nodes to which it is connected. The clusteringffaxient of a node
is the ratio of the number of links to the total possible numifdinks among the
nodes in its neighborhood. The clustering coefficient ofapbris the average of the
clustering coefficients of all the nodes. Recent researshdund that real complex
networks typically have a high clustering coefficient, whineans that they exhibit a
large degree of clustering [5]. Clustering coefficientsarhe real networks, such as
the network we studied in SourceForge, can be calculateé easily from related
bipartite graphs [21] by using the generating function radtfor bipartite graphs.
More detailed explanation of this method can be found in.[13]

Using this method, the clustering coefficients of thesekinftbipartite structures
result in a non-vanishing value,
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whereu,, = Y, k" Py(k) andv, = >, k" P,(k). In the developer-project bipartite
network, P,;(k) represents the fraction of developers who joirkegrojects, while
P,(k) means the fraction of projects that haveevelopers.

The last measure in the structure analysis iscthrponent distributionA com-
ponent of a network is defined as the maximal subset of coadetdes. To formal-
ize the definition of a component, first we define a path in a ogkt\as:

e Apathviejvs...e,,_1v, IS @ sequence of nodes such that from each of its nodes
v; there is an edge; to the next node; 1, in the sequence. Normally, the first
nodewv; is called the start node and the last negés called the end node.

Then the componerd of a network can be defined as:

e Component is a subset of (V,E) of a network. For any pair of nodeandwv;,
wherev;, v; € C, there exists a pathye;...e;_1v; between these two nodes. And
for any any pair of nodes;, andv;, wherev, € C andv; ¢ C, there doesn’t
exist a pathvye;...e;_v; between these two nodes.

! “Six degrees of separation” is a famous claim by Ouisa, a popularcieaia John Guare’s
play (1990)
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3.2 Centrality Analysis

The second analysis is the centrality analysis. Centralilysis is used to inspect
the micro-measures of the network structure or the relatiygortance of a node

within a network. Study of these measures helped us understee influence of

individual nodes to the global network structure.

The first measure idegree The degree of a nodé, equals the total number of
other nodes to which it is connected, whifék) is the distribution of the degree
throughout the network. Degree distribution in real netwavas believed to be a
normal distribution (whenV — oo), but recently, Albert and Barabi and others
found it fit a power law distribution in many real networks.[The other measure
related to degree is the average degre® aB(k)/N, which is the average of the
node degrees in the network.

The next measure lsetweennes8etweenness is a centrality measure of a node
within a network. Nodes that occur on many shortest pathgdmi other nodes have
higher betweenness than those that do not. For a gEph E) with n nodes, the
betweennes®(v) for nodev is

By = Y ) 3)

g
s#AvFELEV st

whereo; is the number of shortest geodesic paths fecim¢, ando; (v) the number
of shortest geodesic paths frosrto ¢ that pass through the vertex This may be
normalized by dividing through by the number of pairs of i@$ not includingy,
which is(n — 1)(n — 2).

The last measure idosenessCloseness is also a centrality measure of a node
within a network. Nodes that are “shallow” to the other nofhsat is, those that
tend to have short geodesic distances to other nodes wiithingtwork) have higher
closeness. Closeness is preferred in centrality analysigean shortest-path length,
as it gives higher values to more central nodes, and so islypasaitively associated
with other measures such as degree.

The closenes€’(v) for a vertexw is the reciprocal of the sum of geodesic dis-
tances to all other vertices in the graph:

1

W= e

(4)

3.3 Path Analysis

All the previous analyses (structure analysis and cetytrahalysis) are based on
network snapshot topology. They depict the charactesistfa static network at a
given point of time. But these are not the only important ge&s in a network, es-
pecially an evolving network. With sequence of network shaps instead of just
single snapshot of the networks, we are able to inspect rigttbe measures (di-
ameter, clustering coefficient, component, degree, betmess and closeness) in the
previous analysis, but also the developing trends of thesssores.
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We conducted the path analysis on the diameter, clusteaafficient, average
degree, betweenness and closeness. By inspecting theslepley measures, we
are looking forward to understanding more about the lifdeyt the network and
individual nodes in the network.

4 Results and Discussion

Before discussing these analyses and measures, we negadim élie collaboration
network that we studied. From SourceForge.net, we got datev@ major entities —
developers and projects [2]. In this data, only one relatigmexisted — the participa-
tion between developer and project. There were no direks loetween developers
and between projects. So, we looked at this network as atligpaetwork, where
projects and developers were the two kinds of nodes, andsextged only connect
different kinds of nodes. There are two transformationsfthis network — the de-
veloper network and the project network. In the developéwask, there is only
one type of node representing the developer in the colléiboraetwork, and the
edge in the network represents the relationship of colkimr. For every pair of
nodesi andj, there is an edge connectingndj only if ; and;j are collaborating
on at least one project. We also generated the project nietwiiere a node repre-
sents a project in the collaboration network and the edgeémetwork represents
the relationship of sharing the same developer(s). In tHewing discussion, we
will abbreviate these three networks as P-NET(project agtyy D-NET(developer
network) and C-NET(collaboration network).

4.1 Structure Analysis

The first analysis we applied is the structure analysisutfiog measures such as
diameter, clustering coefficient and component distrdnutAs discussed in the pre-
vious section, the diameter is approximate on the whole oty the equation 1.
The resulting approximate diameters for the D-NET are betwiand 7, while the
number of developers in the D-NET ranged from 97,705 to 168,%hus, the diam-
eter of the network is quite small with regard to the overativork size (the number
of developers in the network). On the other hand, the appraté diameters for the
P-NET are between 6 and 8, while the number of projects in tNEP ranged from
70,089 to 91,713. So the diameter is relatively stable coeth#o the significant
increase of the network size.

The next measure is the clustering coefficient. We also usedpproximate
clustering coefficient by applying the equation 2. The riésglapproximate cluster-
ing coefficients for the D-NET are between 0.85 and 0.95. @nather hand, the
approximate clustering coefficients for the P-NET are betw@.65 and 0.75. High
clustering coefficients reveal the highly clustered propef both the D-NET and
the P-NET, which is similar to the results we got from our jjwer¢ study conducted
in, although the networks have been expanded significantly.
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Fig. 1. Project Network Component Distribution

Both diameter and clustering coefficient are popular andiefft measures to
describe the structure property of a network, especia#ycthster property. Highly
clustered networks are normally favored in real evolvingiptex networks like com-
munication networks or social networks for better inforimatpropagation.

From the previous measures, we understand that both D-NHTPaNET are
highly clustered networks. But these measures do not meanetworks are fully
connected. Actually, most of the real networks are not fatlgnected. There will be
connected parts in the network, which we called as “compBn&he next measure
we inspected is the component distribution. In the Soungg=oommunity, power
law exists in the component distribution of the networkd-igure 1, the component
distribution for the P-NET for June 2006 is shown. There are figures. In the
lower figure, after applyingpg transformation on both coordinates, we found that the
component distribution fits a straight line quite well with@onsidering the biggest
component (which will be called the major component in latscussion). The
R? [11] of linear regression with the major component is 0.4628 theR? of
linear regression without the major component is 0.98860Ain the lower figure,
we illustrated the 95% confident boundary for the linearesgion as the dot line.
In the upper figure, where the coordinates are in normal seademade another
interesting discovery: almost all the components are auitge to each other, except
the two extremes. One extreme is the major component andhkeis the isolated
components, which include only isolated developers.

4.2 Centrality Analysis

The second analysis we conducted is the centrality analyish focus on the
following measures — degree, betweenness and closeness.
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Degree is the simplest measure of the connectivity of a nodes network. We
also used the C-NET, D-NET and P-NET for June 2006 as exariiptbs section.
There are totally four degrees of developer and projectéselthree networks:

e Degree of developer in the C-NE3 the number of projects in which a developer
participated in the community.

e Degree of developer in the D-NES the number of developers who have at least
one collaboration with the given developer in the community

e Degree of project in the C-NEIB the number of developers who participated in
the given project in the community.

e Degree of project in the P-NETB the number of projects share by at least one
common developer with the given project in the community.

In the June 2006 dataset, the average degree of develoger ©-NET is 1.4525;
the average degree of developer in the D-NET is 12.31; thegeaedegree of project
inthe C-NET is 1.7572; the average degree of project in thEF-is 3.8059, while
the sizes of the C-NET, the D-NET and the P-NET are 215,683,968 and 91,713.
The average degree of developer and project in the C-NETasualy low since the
isolated developer (developer with single project) andislodated project (project
with only one developer) are big parts of the community.

Then we investigated the degree distributions of the Séangg.net community.
Degree distribution is proven to have a normal distribufiothe ER model when
N — oo. This was believed to be a good model for the real complex ortivefore
the power law was reported for many real network systems bwgltBai et. al [6].
In the SourceForge community, we found that the degrealulisions (distributions
for all four degrees) also followed power law. Figure 2 anglfé 3 show two of the
degree distributions.
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Fig. 3. Project Size Distribution

These figures are based on the dataset from SourceForge.deng 2006. The
left figures are the degree distributions in normal coordisalo verify the existence
of power law in these distributions, we applied log-log sfammations on the data
to generate the right figures, which are the degree distiisiton log-log coordi-
nates. The 95% confident boundaries for the linear regmresdgm are provided on
the figures for all the log-log transformed degree distidmg. TheR? of linear re-
gression for the developer degree distribution in the C-N&EU.9577. TheR? of
linear regression for the project degree distribution i@ @NET is 0.9173. Thus,
these distributions fit power law distributions very well.

Betweenness and closeness are also the common measuergfality analysis.
Betweenness is a measure to describe the importance of tleeindhe network
according to shortest path, and closeness is a measure dnbgekow close the
node is to other nodes. Betweenness is a hormalized vali@elih The higher the
measure is, the more central the node is to the network. @sses also bounded
by [0, 1], but it is not normalized. So closeness tends to decrease thirenetwork
size is increasing. Normally, these measures yield verylstaae in large networks
(IV > 10, 000), so comparison of these measures only makes sense wheairiognp
networks of similar size. Also, using the dataset from Sekiacge.net for June 2006,
the average betweenness for the P-NET is 0.2669e-003 aaddhage closeness for
the P-NET is 0.4143e-005, which are relatively large for &avoek this size.

4.3 Path Analysis

All the measures in the previous sections (diameter, dimgteoefficient, compo-
nent, degree, betweenness and closeness) are about thegijopbthe networks.
They depict the characteristics of a static network at argpa@nt of time. These are
not the only important attributes in a network, especiatiygaolving network [15, 4].
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Fig. 5. Average Project Degree in the C-NET

Since we had multiple monthly database dumps from SourgeHuwet, we were able
to investigate the development patterns of these meastitee aetworks. By ap-
plying the path analysis, we can study the life cycle and tlodveng patterns of the
network and individuals in the network.

The first path analysis is on the average degrees. Averageeledg: >, which
gives the average number of links per node, is a good qutveitaeasurement for
the connectivity of a graph. Two of the developing patterthefaverage degrees are
shown in Figure 4, Figure 5. Th¥ coordinate in the figure is the number of months
that passed after February 2005.
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For the average degrees, we show the linear regressionlimtkefigures with a
95% error bar for every data point. The slope of the regressindeveloper degree
is -0.0009 and the slope of the regression for project deigrée0036. The average
degrees are actually decreasing, which means the averagetmsize and average
number of projects a single developer participated in acesdsing.

Diameter and clustering coefficient is closely related terage degree. We will
conduct path analysis on these two measures next. In thes,pap discuss only the
D-NET, detailed discussion about other networks can bedauifil3].

The diameter of the D-NET is a good measure of network comeatioin ability.
A shorter diameter results in fewer average steps needeshédeveloper to spread
a message to another developer and less time needed foraatoidpread through
the network. The D-NET has a small diameter, which was catedlin a previous
section. Also, we investigated the evolution of the diameféhe D-NET, as shown
in Figure 6.

The figure indicates thdD decreases with time, which is different from the pre-
vious research [8] on random networks that reports that efi@nmincreases with net-
work size. The lower figure shows the linear regression wi% ®rror bar for the
developing trend of diameter for the D-NET. The slope of #gresion is -0.0072.

Clustering coefficient is another important measures ofdpelogy of real net-
works. So the clustering coefficient, a quantitative measticlusteringC'C), is also
a measure we investigated. The approximate clusteringdicieet for the D-NET as
a function of time is shown in Figure 7.

In the figure, we can observe the increasing trend of the edlingt coefficient.
The lower figure shows the linear regression with 95% errorfdrathe developing
trend of clustering coefficient for the D-NET. The slope df tliegression is 0.0011.
The clustering coefficient for the D-NET tells us how much aeis co-developers
are willing to collaborate with each other, and it represehée probability that two
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Fig. 7. Developer Network Clustering Coefficient

of its developers are collaborating on a project. Thus, Withevolution of the D-
NET, more edges (collaboration relations) are formed. Whillead to an increase
in the connectivity of the developer with the neighboringelepers. Furthermore,
this leads to the increase in the clustering coefficient.

Increases on clustering coefficients in D-NET suggest theor& is evolving
to improve its cluster property. The higher the clusteringfticient is, the more
connected the network is.

Now we will apply the path analysis on average betweennedserage close-
ness. Figure 8 shows the developing trend of average betwsein the P-NET. In
the upper figure, we can observe the almost flat developimgl toé the between-
ness, although the overall size of the network has incresig@ificantly during the
same time period. This can suggest that the network is intdestapology in its
own evolution. In the lower figure, we magnify thé coordinate to have a close
look at the developing trend of the average betweennessavédrage betweenness
has a slightly increasing trend. This observation can béa@gd by the “rich get
richer” phenomenon discovered in other complex networks sis the Internet. Al-
though the network is constantly expanding, the hub (themwath most links) will
keep gaining more connections than the others. Also, atemhubs or regional
hubs will also emerge from the network, and these hubs willdase the average
betweenness of the network.

Average closeness is another measure of centrality. FRyjsh®ws the develop-
ing trend of the average closeness in the P-NET. The uppeefigiuhe developing
trend in normal coordinates and the lower figure is the d@ietptrend in magnified
Y coordinates. We can observe the similar developing behafitbe average close-
ness to the average betweenness. But average closeness iatihan the average
betweenness. This is because closeness for individualisodénormalized like the
betweenness for individual node. Thus, the significaneiase in the overall network
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size will have more influence on the closeness than on thedeemmess. Therefore
the developing trend of the average closeness will be maréh#ia the developing
trend of the average betweenness.

By using path analysis, we are able to look at not only theltapoof the network
at a given time, but also at the evolution of the network togg) and the mutual
inferences between a single entity in the network and thdeumnetwork.

One of the common discoveries in all the path analyses ixlitde like behav-
iors. Most of the measures have sustained a stable leveighowt the inspected pe-
riod of time in this study and also have increased/decrefisgdthe previous study
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carried out in [13]. This phenomenon suggests that we hatreessged the beginning
of the evolution of the SourceForge.net community and pbbsshe mature (sta-
ble) era of the SourceForge.net community. By closely watrthe SourceForge.net
community, we may have deeper insight into the evolutiorhef®SS community.
Also, similar analyses can be applied to other evolving dempetworks, such as
communication networks or social networks to study thedjfele of those networks.
We also have made another discovery about the network mesasife observed
a strong tie between the network measures and the evolutitie community net-
works. This discovery suggests that the network measurebeased not only as a
predictor of the future of an individual entity in the netwar the whole network.

5 Conclusion

In this study, we studied multiple network measures of ther&Forge.net commu-
nity network and their evolution patterns by applying nl&i analyses, including
structure analysis, centrality analysis and path analysihe structure analysis, we
calculated the diameter, clustering coefficient and corepbdistribution. The two

approximate methods used to calculate the approximatestigaum and approximate

clustering coefficien€C'C are

_ log(N/z1)
- log(za/21)
1
cC = .
R eI T
In the centrality analysis, we calculated four differen¢i@age degrees and four
different degree distributions. Also, we calculated ageraetweenness and average
closeness. The equations to calculate the betweerhggsand closenes€'(v) for
individual nodes are

D +1

ost(V)
Bw- Y
s#EVALEV st
1

T T da(v,t)’

In the path analysis, we investigated developments of tHépteumeasures, in-
cluding average degrees, diameter, clustering coefficemerage betweenness and
average closeness.

C(v)

Acknowledgment his work was supported in part by the National Science Faund
tion, CISE/IIS-Digital Society & Technology, under GranbND222829 [1].

References

1. OSS research (http://www.nd.edu/"0ss). 2006.



14

N

[0 >8

10.
11.

12.

13.

14.

15.
16.

17.
18.

19.

20.

21.

22.

23.
24.

25.

Yonggin Gao and Greg Madey

. OSS research portal (http://zerlot.cse.nd.edu). 2006.
. L.A. Adamic and B.A. Huberman. Scaling behavior of the world widsbwScience

287(2115), 2000.

. J. Ahola. Mining sequential patterngTT research report TTE1-2001-18001.
. R. Albert and A.L. Barafisi. Dynamics of complex systems: Scaling laws for the period

of boolean networksPhysics Revien85(5234), 2000.

. R. Albert and A.L. Barafsi. Statistical mechanics of compex networkReviews of

Modern Physics74(47), 2002.

. R. Albert H. Jeong and A.L. Baraldsi. Diameter of world-wide wetiNature 401(130),

1999.

. B. Bollohis. Random graphd.ondon:Academic1985.
. R. Burton.Simulating Organizations: Computational Models of Institutions a nd Groups

chapter Aligning Simulation Models: A Case Study and Results. AAAI/MITsBy€am-
bridge, Massachusetts, 1998.

J. CamachoR. Guimera and L.A.N. Amaral. Preprint cond-mat/0102127. 2001.
Online document. Pearson'sittp : //www.analytics.washington.edu/
rossini/courses/intro — nonpart/text/Pearson_s_l.r_1_html.

M. FaloutsosP. Faloutsos and C. Faloutsos. On power-law relationships of the internet
topology. Computer Communication Revig28(251), 1999.

Y. Gao. Topology and evolution of the open source software carityniMaster Thesis
2003.

Y. Gag V. Freeh and G. Madey. Analysis and modeling of the open source software
community.NAACSOS, Pittsburgt2003.

J. Hamilton. Time series analysRrinceton University Press, Princeton, NLP94.

D. Hiebeler. The swarm simulation system and individual-based IimgdeAdvanced
technology for natural resource managemet#94.

Repast Information. http://repast.sourceforge.net/. 2002.

F. Liljeros C. Edling, A. Lan, S. He and Y. Aberg. Hub caps could squaSfi'Ds.
Nature 411(907), 2001.

A. Border R. Kumar, F. Maghoul, P. Raghavan, S. Rajalopagan, R. Stata,

A. Tomkins and J. Wiener. Graph structure in the web: experiments and mdtieis-
puter Networks33(309), 2000.

J.M. Montoya and R.V. Sél Preprint cond-mat/0011195. 2000.

M.E.J. Newman and D.J. Watts. Random graph models of sodiabries. Physics
Review 64(026118), 2001.

S.L. Pimm.The Balance of NaturedJniversity of Chicago Press, Chicago, 1991.

D.J. WattsSmall world Princenton university press, NJ, 1999.

R.J. Williams N.D. Martinez, E.L. Berlow, J.A. Dunne and A.L. Baralisi. Two de-
grees of separation in complex food welSanta Fe Institute Working Paper Seri€81-
07-036), 2001.

J. Xu, Y. Gao, J. Goett, and G. Madey. A multi-model docking erpamnt of dynamic
social network simulationsAgent conference, Chicago,,|2003.



