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ABSTRACT

Commercial software project managers design project orga-
nizational structure carefully, mindful of available skills, di-
vision of labour, geagraphical boundaries, etc. Th eseorgani-
zational GcathedralsOare to be contrasted wit h the Chazaar-
likeOnature of Open Source Software (OSS) Projects, which
have no pre-designed organizational structure. Any struc-
ture that exists is dynamic, self-organizing, latent, and usu-
ally not explicitly stated. Still, in large, complex, success-
ful, OSS projects, we do exped that subcommunities will

form spontaneously wit hin the developer teams. Studying
these subcommunities, and their behavior can shed light
on how successfu OSS projects self-organize. This phe-
nomenon could well hold important lessms for how com-
mercial software teams might be organized. Building on
known well-established techniques for detecing community
structure in complex networks, we extract and study latent
subcommunities from the email social network of seweral
projects: Apache HTTPD, Python, PostgresQL, Perl, and
Apache ANT. We then validate them with sotware devel-
opment activity history. Our results show that subcommu-
nities do indeed spontaneausly arise wit hin theseprojects as
the projects evolve. These subcommunities manifest most
strongly in tecdhnical discussions, and are signibcantly con-
neded wit h collaboration behaviour.

1. INTRODUCTION

Brooks, in his seminal work The Mythical Man-Month [13],
noted the scaling issuesthat arise in large sdftware teams:
thenumber of potential interactions grows quadratically with
team size, thus quadrupling when the team size is doubled.
Clearly, wit hout organization of some kind, both wit hin the
software and the community that developsit, thereis a limit
to how much projects can be scaled.

In traditional, commercial software projects, the response
to the Brooksian crit ique of large teamsis to divid e and con-
quer, by bat. The system s deliberately divid ed into smaller
componernts, and the developer pool grouped into manage-
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able teams which are then assighed to those componerts.
Wit h well-defned interfaces, the teamsCe! ort s are conbned
to smaler groups, and the coordination needcs are moder-
ated. Software design principles such as separation of con-
cerns [53] play a part in this, as doesGConwayOd.awO[17],
which conneds artifact structure with organizational struc-
ture.

By contrast, Open Source Software (OSS) projects are
not formally organized, and have no pre-assighed command
and control structure. No one is forced to work on a par-
ticular portion of the project. Team members contribute as
they wish in any number of ways: by submitting bug re-
ports, lending tedchnical knowledge, writ ing documentation,
improving the source code in various ares of the code base,
etc. It has beenobserved by Sosa et al. [56] that the bxed
organizational structure found in commercial settings may
lead to misalignment wit h evolvin g complex products. Hen-
dersan and Clark point out that it may may actually hin-
der innovation [31]. Thus the lack of a rigid organizational
structure may in fact be a boon to OSS projects. However,
the abserce of any structure at all may be just as harm-
ful. Henderson and Clark [31] found that Carchitecural
knowledge tends to become embedded in the structure and
information-processirg procedures of egablished organiza-
tionsO Modularizing artifacts and mapping artifact tasks
onto organizational units is a well known sdution to the
problem of complex product development in organizational
managemert lit erature [56]. The question then arises, is the
saocial structure of OSS projects free of such constraints and
actually unorganized and free-for-all? Do they stand in con-
trast to the structured, hierarchical style of traditional com-
mercial software e!orts? Or, do OSS projects have some
latent® structure of their own? Are there dynamic, self-
organizing subgroups that spontaneously form and evolve?

In this paper, we perform an empirical study of the la-
tent social structure of open-source projects, and discussjust
theseissues. In the next section, we discussthe background,
and presert our hypotheses.

2. BACKGROUND

Despit ethe perceived lack of mandated organization, there
are OSS projects with large developer pools that produce
software of complexity and quality that rivals their commer-
cial counterparts [54, 40]. How do theseprojects cope with
the organizational hurdles that hinder all large engineering
elorts?

1By latent, we mean not explicitly stated, but obsenable.



Figure 1: A network with strong comm unit y structur e.
Modularity, the measur e of str ength of comm unit y str uctur e,
whic h ranges from 0 to 1, has a value of 0.493 for the given
div ision of nodes in this graph.

We have empirically studied the social organization of the
community of participants on the developer mailin g lists for
the Apache Webserver (heredter referred to as Apache),
Apache Ant (referred to as Ant), Python, Perl, and Post-
greSQL projects. Each of theseprojects is mature and sta-
ble, has alarge and complex code base comprised of multiple
subsystems, and has a recorded history of many years. They
all also have sizeable teams, ranging in size from 25 devel-
opersto nearly 100°. There are of course much larger num-
bersof participants on the developer mailing lists [23], some-
times numbering in the thousands. The developer mailing
lists are highly task focused by community norms, all sub-
stantive discussims related to the system and development
tasks occur on theselists. All correspondence is archived.
The saurce code authorship history is also available from
versioned source code repositories. The size and extensively
archived history of these projects makes them good can-
didates for the study of emergent social structure and its
relationship to technical activit ies.

We exped that any latent organizational structure will
be mirrored in the communication patterns of participants
in theseOSS projects. The email discussians span a range
of topics. Topics include, certainly the source code (and
spedbc ertities such as functions and methods that occur
in source code), the build system, documentation, and high
level architecture. But, evenin OSS, few, if any developers
work on the ertire system; most spedalize. Conseqtently,
just as development teams are split up and modularized in
a sotware company, we believe that within the ertire co-
hort of developer mailing list participants, there are self-
organizing subcommunities that form as pecople organically
tend to focus towards spedbc topics, subsystems, or tasks.
We can use archives of the developer mailing lists to de-
termine which individ uals were in communication wit h each
other and construct a social network of the participants. But
how can organizational structure be discoveredin this social
network?

In 2002, Newman and Girvan introduced a quantitative
notion of the community structure of a network, as G he di-
vision of network nodesinto groups wit hin which the net-
work connedions are dense, but between which they are
sparserQ[25]. Fig 1 is an example of a network wit h strong
community structure. They quantify the GstrengthOof the

2By developer, we refer to contributors that have writ e ac-
cessto the source code repository.

subcommunities in a network with a formal measure that
they call modularity, a value which rangesfrom 0to 1. Note
that while the terms community structure and modularity
have been used in prior literature to mean many things,
in the context of this paper, their use refers distinctly to
these deknitions. While the precise mathematical debni-
tion of modularity is preserted in sedion 4.3, intuitively it
can be thought of as measuring how well a network can be
divided into clearly delineated OnodulesOof nodes. Com-
munity structure has beenstudied in various settings [3, 39,
27, 4, 58] due to advances in methods of identifyin g these
structures [64, 65, 51, 15, 50]. We hypothesiz that this kind
of structure exists wit hin the development communities of
theselarge OSS projects. Mailing list participants sponta-
neously form subcommunities, and communicate more in-
tensively with peogple wit hin subgroups than outside them.
This leads us to our brst testable hypothesis:

Hy pothe sis 1 (H1 ) B Subcommunities of participants will
form in the email social networks of large open source projects
and the levels of modularity will be statistically signiPant.

By Getatistically signibcant® we mean that the observed
modularity in open-saurce sdftware is an emergent conse-
guence of the deliberate choice of asscciates made by par-
ticipants. In other words, if they had been just as social,
but chosen asscaiates at random, it is unlikely that such
modularity would have emerged.

While we believe that subcommunities of participants do
organically form, such groupings are not meaningful un-
lessthe grouping spedbcally relatessomehow to community
goals. Thediscussions on the development mailin g lists gen-
erally have one of two goals. The common purpose appears
to be discussion of actual development activity (function
interfaces, APIs, bug Pxes, feature implementation, etc.).
Other topics include policy dedsions, high-level architec
tural changes, release plans, licensing issues and admission
of newcomers. Broadly (if not entirely accurately) we call
the former product topics, and the rest process topics. While
the processtopics are clearly vital to the successand con-
tinued life of the projects, they are lessdirectly related to
coding activit ies than product topics; as such, the division
of knowledge issuesthat arise with large, intricate saftware
system is not as critical in processtopic discussions; barri-
ersto entry are lower. In fact, since everyone is a! eded by
processissues, all should participate. Therefore, the social
networks of participantsin processdiscussions should not be
fragmented or modularized. This leads to the assertion that
the social network fragmentation into subcommunities will
be more strongly evident in product-related discussimns.

Hy pothe sis 2 (H2) B Sccial networks constructed from
product-related discussions will be more modular than those
relating to non-product related discussions or all discussions.

We posit that if thereis strong community structure wit hin
the projects, the subcommunities should be related to the
sdftware engineering activit ies in a meaningful way. We ex-
amine this using two methods.

First, we claim that a portion of the communication the
goeson in the mailin g lists is actually coordination between
developers as they work together on the sdoftware directly.
We believe that developers wit hin the same subcommunities
are more likely to collaborate directly, i.e, work in the same
areas of the code. Thus, our third hypothesisis:



Hy pothe sis 3 (H3 ) D Pairs of develgers within the same
subcommunity will have more Plesin common than pairs of
develgers from di! erent subcommunties

Seoond, we ask whether the subcommuntiessare somehow
allied with coherent tasks. If they form in order to tackle
spedbc hurdlesor accomplish common goals, then we exped
their discussian and development to be focusedin some way.
For example, the cumulative engineering e! ort of the people
wit hin a subcommunity may be conbned to one part of the
system. Our bnal hypothesisis:

Hy pothe sis 4 (H4 ) B The average directory distance be-
tween Ples committed to by develgers in the same subcom-
munity will be less than similar sized groups of develgers
drawn di! erent subcommunities

We presert our methods and processedor answering these
questions, give the results of our analysis, and discussthese
resuts in this paper. The rest of the paper is organized
as follows. In sedion 3 we discuss other reseach that has
examined the organization of OSS communities and include
the di! erencesand similaritiesto our work. Our datamining
and analysis methods are preserted in sedion 4 and include
a discusdons of the results in sedion 5. We examine the
strengths and weaknessesof our approach in sedion 6. A
synopsis and furt her areas of study appear in sedion 7.
Relevance to software engineers Thequestionsabovedo
relate to organizational sdence issuesconcerning the nature
of open-saurce social structures. But they are also of deep
concern to software engineers, for seweral reasons. First, all
the projectswe studied are both complex and highly success-
ful. Strong evidence of subcommunity formation in these
projects is arguably presaiptive for any new and growing
project; open source project leaders might do well to en-
courage subcommunity formation. Seocond, strong evidence
of subcommunities forming around product-related activi-
ties (H2) suggests that newcomers aspiring to gain devel-
oper privileg es [22, 9] may be aided by bnding and conned-
ing wit h the right community; likewise,H2 may also suggest
that the broadest possble participation is good for process-
related issues. Finally, H3 and H4 might help inspire rec-
ommender systems|[55] that bnd technically relevant pegple
that one should conned with, in a large team. It should be
noted that all thesealso have implications for the organiza-
tional and social structure of commercial sotware projects.
Consequently, many software engineering reseachers have
studied related socio-technical issues [45, 33, 48, 63]. In
fact, arecent invitedtalk at ICSE desaib esthe importance
of issues facing socio-technical coordination in a global en-
vironment (a key facet of OSS)[32].

3. RELATED WORK

Prior work related to this study can be divid ed into three
categories: brst, on social networks; semnd on the eled
of organizational structure on e! ediveness;and Pnally, on
discovering community structure in networks. We survey
theseareas in this sedion.

Social Network ing among developers has beenwell stud-
ied. Xu et al [62] consider two developers socially related if
they participate in the same project, and argue that the re-
sulting network has small-world properties. They donOtcon-
sider modularity or non-developer participants. Wagstrom,
Herbsleb and Carley [60] gathered empirical social network

data from seweral sources, including blogs, email lists and
networkin g web sites, and built models of their social be-
havior; thesemodels were then used to simulate how users
joinedand left projects. Theyreport that simulations closely
mirror actual observations. Crowston and Howison [18] use
co-occurrence of developers on bug reports as indicators of
a social link. They presert evidence that the social net-
works of smaller projects are more central than those of
larger projects. Presumably larger projects decentralize, to
simplify communication and coordination activities. This
obsenation is one of the key motivators behind this work
as we hypothesiz that subcommunities form naturally in
larger, more complex and longer-lived projects.

Commit behavior in versioned repositories has been used
as an indicator of social linkage. LopezFernandez et al [42]
consider two developersto be linked if they collaborate, viz.,
they commit to the same module. The resulting social net-
works are similar in structure to ours, and are argued to be
small-world networks. Thework of De Souza et al [16] is sim-
ilar, except that they study blesinstead of modules. Devel-
opers become more CeentralQOin the social network over time.
They found that code ownership in some part s of the system
was more stable than in others. Finally, we note that these
papers study collaboration networks, whereas our focus is
more on communication networks. The question naturally
arises, How does commit behavior relate to direct (email)
social interaction? The relationship between the two is a
subject of our current reseach.

In previous work [7, 8] we examined social networks cre-
ated from mailin g list archivesand looked at the di! erences
between developers and non-developers from a social net-
work metrics standpoint. We also examined the correlation
between development activity and social network status of
developers. In this work our goal is to extract the subcom-
munity structure from the same social networks and examine
how it changes over time.

Organizati onal Struc ture and Ele cti veness

Communication and Co-ordination behaviour in distributed
teams has been studied. Ehrlich et al [24] used social net-
work analyss to study how individ uals in global sdtware de-
velopment teams locate and acquire expertise. They found
that members of the teams were more likely to to seekspe-
cibc technical information and help from peaple outside their
own team. Members used others on their team to exploit
preexisting knowledge, but went to peaple they knew uniquely
outside the team for innovative ideas. Layman et al [41]
studied how a globally distributed team overcomes commu-
nication challengesto become agile. They identibed four key
factors for communication in globally- distributed XP teams.
Examples of thesefactors included assigning a manager to
act as a Corid geheadObetween distributed teams and using
short asynchronous communication loops as a surrogate for
synchronous communication.

Hossan et al. [37] used the enron email corpus to cre-
ate social networks and examined degee, closeress,and be-
tweemesscentrality soores on a per actor basis. They also
used text mining tedchniques to code email messaes into
categories such as resaurce allocation, constraints, and pro-
ducer relationships. They found that high centrality values
correlated well wit h the abilit y of an actor to coordinate the
actions of othersin a project or group.

Hinds and McGrath [35] used questionnaires and follow
up interviewsto construct social networks in 33 reseach and



development teams that were both collocated and geograph-
ically distributed. They measured Groordiation easeChased
on answersto questions dedin g wit h coordination challenges
in the developersteams. They found that densenetworks are
no better for distrib uted than they are for colocatedwork. In
collocated teams, high interdependence eased coordination
while the opposite was true for distributed teams. Interest
ingly, dense communication between members actually may
interfere wit h coordination. In some ways, this corroborates
wit h the communication overhead alluded to in BrooksOaw
and motivatesour seach for spedalized teams of developers
in OSS projects.

An important issue is the relationship of social connec
tions or communities and technical connedions or commu-
nities. There is a great ded of current interest in socio-
technical congruence (STC) . Theideaisthat great alignment
betweencommunication patterns and task dependencies (ei-
ther goal-precondition relationships of tasks, or data/ control
dependencies between artifacts) leads to better outcomes.
Cataldo [14] studiesthe connedion betweentask dependen-
cies and coordination e! orts by engineers. Valetto et al [59]
suggest a formal, general, graph-based technique to mea
sure congruence. We wish to study if subcommunities form
wit hin OSS projects, and whether STC appears to be a fac-
tor in their formation.

Ide nti fying Comm uni ty Struc ture

A number of reseachers have used recently developed
methods to bnd community structure in existing networks.
Guimera et al [29] mined email logs from a company to cre-
ate a social network and identibed the community structure
contained in it. They discussedthe results as the informal
networks behind the formal chart of an organization and it Os
beneR as a managemert tool.

Gonzalez-Barahona, Lepezand Robles have examined the

community structure of moduleswit hin the Apache project [28].

In their analysis, they created a network with the vertices
represerting modules. Edges between vertices represerted
work on both modulesby a common author and wereweighted
based on the number of commits the common authors had
contributed. They examined the community structure of
thesenetworks over time and were able to seehow the mod-
ules evolved wit h resped to each other.

Modularity, espedally asit resultsfrom evolution and be-
stows benektsto an organism, is very import ant to the study
of biological networks. In the areas of systems biology and
bioinformatics authors have used Newman and Girvan0$36]
as well as related [64] and other [65] algorit hms to resdve
modulesin biological networks of di! erernt types. Using such
algorit hms, recent studies [36, 39] have shown that despte
having ewolved through random processes,biological net-
works exhibit desigh patterns, most notably high modular-
ity. And alt hough modular designs are not the most e"c ient
when it comesto performin g the day-to-day businessin the
cell [3], modularity apparently endows the networks, and
hence the organisms, with systemic properties like robust-
nessand evolvability [36, 39], which are essenial for their
long-term survival and btnessoptimization [36].

4. METHODS AND ANALYSIS

Our experiment involved seweral steps. We brst identibed
the projects of intereg and mined the developer mailin g list
archivesand source code repositories of each of the projects.
Next, we blt ered the mailin g list messajesand created a so-

cial network of the participants over 3-month intervals. We
then calculated the community structure of each social net-
work. Following that, the relevance of the divisions of par-
ticipants was evaluated quantitatively using mined source
code development data and qualit atively by manual meth-
ods. The following subsedions contain the pertinent details
of each phase.

4.1 Project Selection

Our study includes the Apache webserver, Ant, Python,
Perl, and PostgreSQL. Theseare all well known and stable
projects. Each has undergone a number of major release
cycles and is still under active development. Each has a de-
veloper mailin g list wit h thousands of participants. All have
large and complex codebaseswit h several subsystems, mak-
ing it di"c ult for any one persan to be an expert on all parts
of the system. This leads to a need for Qdivision of labourQ
which we believe instigatesthe formation of subcommunities
wit hin theseprojects. In addition, email and source code re-
vision archives,dating back seweral years, are publicly avail-
able. Table 1 shows the date ranges for the data gathered
from each project as well as the numbers of messages sert,
participants on the mailin g list, Ples in the repository, de-
velopers wit h repository access,and source code repository
commit s.

We have seleded projects that vary in their governance
structure. Some of these projects have been desaibed by
Berkus [6] as archetypesof very di! erent governance styles.
Both Apache projects (the webserver and Ant) are founda-
tions wit h well-organized, hierarchical governance structure
and formalized policies. PostgreSQL is a community, which
is more informal and has a consersual group dedsion mak-
ing process. Python and Perl are both monarchist with a
project leader (Guido Van Rossum in the case of Python
and Larry Wall for Perl) at the helm making informed im-
portant dedsions. Wit h this variety, we hope to ameliorate
some of the threats to external validity.

4.2 Mining the Raw Data

The public email archives were downloaded and parsed
into relational tables. For email, we extracted the date,
the body, the name and email address of the serder, the
message-id header, and the in-reply-to header. The last
two are usedto reconstruct threads of conversaion. If the
message-id of messaje A appears in the in-reply-to header of
messae B, then B was sert in responseto A which indicates
that the serder of B found message A Gnteresting® ThisQn-
terestOmay be a suggestion, rant, praise, disagreemert, etc.;
regardless,it isindicative of communication betweenthe two
parties. We thus create a link betweenthe serder of A and
the serder of B in the social network. Unfortunately, the
accuracy of this network is compromised by the practice of
email aliasing, wherehy one mailin g list participant usessev-
eral email addresses.To resdvethe aliases,and idertify and
group email aliases,we usea range of techniques, including
fuzzy string similarity, domain name matching, clustering,
heuristics, and manual post-processirg [7].

Once emall aliasing is handled we analyze a time-series
of the social networks, at 3 month intervals. For further
processirg, we usean adjacency-matrix represertation of the
social network at each time interval.

In addition, we also extracted code information: the au-
thor, time of commit, the Plename, and the contents of each



Name Apache Ant Pyt hon Perl  PostgreSQL
Begn Date 1995-02-27 2000-01-12 1999-04-21 1999-03-01 1998-01-03
End Date 2005-07-13 2006-08-31 2006-07-27 2007-06-20 2007-03-01
Messaes 101250 73157 66541 112514 132698
List Participants 2017 1960 1329 3621 3607
Files 1092 7682 4290 13308 6083
Developers 57 40 92 25 29
Commit s 28517 58254 48318 92502 111847
Table 1: Inf ormation on the data gather ed for the projects studi ed.

ble from the project source code repositories. The emall
addressesthat corresponded to each repository author were
also heuristically determined and hand veribed in order to
match the development activity and communication behav-
ior of project developers. By using this commit information,
we can seewhich developerswere collaborating and on which
bles. Furt her details of the email and repository mining pro-
cessescan be found in our prior work [7].

4.3 Finding Community Structure

To bnd and quantify the latent community structure that
existsin the OSS networks, we have created a variant of the
Newman algorit hm? [50].

The goal is to partition the network into groups of nodes,
so the connedions wit hin groups are dense and the connec
tions between the groups are sparse. Newman and Girvan
debned a measure of modularity, which quantibes commu-
nity structure strength, using the densenessand sparsity of
the groups@ntra and interconnections [51]. Consider a par-
tition of a network into k communities. Let usdeheak! k
symmetric matrix e whose elemert e; is the fraction of all
edgesin the network that link verticesin group i to yertices

in group j. Let us also dePne the row sums & = ;& .
The modularity measure is then debned by
X
Q= (& " a) (1)

Essertially, this measures the fraction of the edgesin the
network that conned verticeswit hin the same group minus
the expeded value of the same quantity in a network with
the same community divisions, but random connedions be-
tween the vertices (that is, the same division on a random
network with the same degee distribution). Values for Q
range from O (with networks of essemially random struc-
ture) to 1 (networks wit h cliquesthat are disconnecded from
each other). Some naturally ocurrin g networks are known
to be strongly modular; in such modular networks, New-
manOsmodularity measure takeson valuesranging from 0.3
to 0.7 [51]. The algorit hm also has been shown to correctly
Pnd modules known a priori. In our case, partitioning the
social networks, we want to bnd the partition that yields
the highest modularity for the network. Finding the parti-
tion that maximizesthe modularity for a given network is
an NP-complete problem [12]. Newman & GirvanOsnethod
is approximate, but empirically el edive. See [30] and [11]
for examples.

Girvan and NewmanOsriginal algorit hm works well for bi-
nary networks, but doesrOthandle networks with weighted

SWe gratefully acknowledge Mark NewmanOselp in giving
us a saurce code implementation of his algorit hm as a start -
ing point.

edges. Our social networks contain weighted edges, repre-
serting the number of emails exchanged between two par-
ticipants in each time period. A high number of messaes
between a pair of participants should increase their likeli-
hood of being in the same group. Following a method for
adapting binary network algorit hms to work on weighted
networks [49], we modibed our social networks by introduc-
ing one edge between each pair of nodes per email sert be-
tween them (i.e. creating a multi-edge network) and mod-
ibed NewmanOsalgorit hm above to handle multi-edge net-
works.

4.4 Validating Community Structure

We need to determine if the levels of community struc-
ture in the social networks of the studied projects are sig-
nibcantly higher than what we would exped to seein a
bazaar -like scenario. To do this, we borrow methods from
random graph theary [47, 52]. A standard method of deter-
mining the signibcance of measures of observed graphs is by
comparing them wit h measures on random graphs with the
same degree distribution as the observed graph. We want to
seeif people assaiate into subcommunitiesin a statistically
signibcant way. Th erefore we randomize networks by assum-
ing that peaople in the network remain equally active, i.e.,
serd just as many messaes, but serd them to a randomly
chosen group of pecople, rather than deliberatively choosing
correspondents. This models a scenario where peagple talk
to others basedon random encounters, rather than on work-
related needs.

We generated a large number* of random graphs with the
same degree distribution as the observed networks using
a rewirin g approach [21, 44, 26]. This technique works by
starting wit h the observed graph. Pairs of edgesare seled¢ed
randomly and their endpoints are switched or QewiredOso
that a pair of edges(a, b) and (c,d) is replacedwit h (a, d) and
(c,b). It is plain to seethat at each step, the degree of each
nodeis presened. This method has beenusedto study topo-
logical characteristics of various large complex networks to
determine if they are signibcant [43]. For reasons explained
in sedion 4.5.1, as with the observed networks, we removed
the three highest betweemessnodes to make the compar-
isons fair. The modularity of thesegraphs with the same
degee distribution is compared with that of the observed
graph to produce a stastical signibcance level.

4.5 Filtering Messages

Aswe applied the community structure identibcation tec-
niques desaibed above to the OSS projects, we manually
examined the activit ies of the various subcommunity mem-
bersto seeif the identibed partitions were meaningful. Two
key obsenations arose, which led us to rebne our process.

“roughly 30,000 per observed network



4.5.1 Remeingthe Managers

First, although it is very hard to have an intimate knowl-
edge of all parts of a complex system, there do appea to
be a very small number of peagple in each project that actu-
ally do have at least a workin g knowledge of nearly all of its
parts. Thesepeole are usually project leaders, founders,
or ealy members. They are noteworthy for the quantity,
quality, and broad specrum of commit s to the repositories,
and extensive, wide-+anging discussions on the mailin g lists.
Examplesof thesepeple include Tim Petersand Guido Van
Rossum in Python, Bruce Momjian and Tom Lane in Post-
gres, and Willia m Rowe and Je! Trawick in Apache. most
of thesecontributors have been members of the project for
a very long time, have high social status wit hin the project,
are within the Onner circleOof elite developers, and often
comment in nealy every mailing list thread. Such peagple
act as (hounday spannersOand QuatekeepersOfor informa-
tion RBow and expertise within the community: essenially
they bridge di! erent groups and promote information Bow
between otherwise relatively isolated groups. Interestingly,
similar rolesare fulblled by key people in traditional software
development contexts as well. Their importance in various
organizational settings has been previously noted [19, 2].
Thosewho Pl theseroles are important to the successof re-
seach and development teams [57]. Just as managers tend
to serve as a focal point for inter-group coordination and
communication, theseOSS leaders coordinate the activit ies
of the OSS developers. Since thesepeaple fulbll the role of
QinkingOand mediating teams, we therefare remove them in
order to expose the organizational substructures that they
would otherwise brid ge, and thus obsaure.

In previous work, ourselves and others have found that
betweenness centrality [61] is indicative of high levels of social
status, power, and managerial rolesin both open source [7]
and commercial [1, 38] contexts.

We usethis form of link analysis to determining thesepeo-
ple wit h high social status and source code contrib ution and
manually examining their activit ies. From a hand examina-
tion of the activit ies of participants, we found that on aver-
age about two to three people appear to fulbll theseroles.
We never remove more than three of theseparticipants per
project.

4.5.2 ProductandProcessMessaes

We automatically classify each messaye as either product
and process based on a simple static analysis of the source
code for the project. We mine the source code repository for
names of bles, packages, classes,functions using the static
analysis tool, Understand, from Scitools. We then remove
namesthat are dictionary words (such as consde, string, or
conned) and common project terms (such as http or ant)
from this set. Messaesthat includethesesource code names
are classibed as product and the rest are classiFed as process.
This is not a perfed automatic classikcation method; some
messaes could be classiked as falling into both categories,
some neither, and di! erent people may even di! er in their
classikcation of messaes. Manual random sampling of the
classikcation of messayesshowed an accuracy of above 90%.

We examine the modularity of the social networks con-
structed from product messayes, process messaes, and all
messaes to conbrm or refute hypothesis 2. Since we ex-
ped the product based networks to have stronger commu-
nity structure, We use a one-tail paired Wilc oxon test (a

nonparametric test also known as a Mann-Whitney test)
wit h matched pairs of process and product networks for each
month to assessthe di! erence in modularity.

4.6 Communication and Collaboration

Hypothesis3 proposesthat the developers from the same
email subcommunity will be more likely to collaborate than
developers from di! erent subcommunities. We answer this
question by examining the average level of collaboration be-
tweendeveloperswit hin and betweensubcommunitiesin the
following quantit ative manner.

Let D represert the set of developersthat are activein a
given time period for a project. Let s(x) represert the sub-
community of developer x and let f (x) represert the set of
bles modibed by developer x for the same time period. Now
debne two populations Psame and Pgit ¢ in the following way.
For every pair of developers, x,y # D, if s(x) = s(y), add
[f (x) $ f(y)| to Psame , and if s(x) % s(y) add |f (x) $ f (y)|
to Pgit . Psame represerts collaboration betweendevelopers
in the same subcommunity and Py ¢ represerts collabora-
tion betweendi! erent subcommunities. Since the majority
of pairs of developers donOtwork on any bles together, nei-
ther of thesepopulations are normally distributed, making
a t-testinappropriate [10, 20]. We therefore use a two sam-
ple Wilc oxon test to test the di! erence in means between
the populations. If developers in the same subcommunity
are more likely to collaborate on bles together, the mean of
Psame Will be higher than Pgi ¢ to a statistically signibcant
degee, validating hypothesis 3.

4.7 Taskfocusin Subcommunities

Hypothesis 4 proposesthat developers wit hin the same
subcommunity will be more likely to work wit hin spedbc
areas or subsystemswit hin the code base. In order to quan-
tify thisCGscope of activit y§ we examine the average directory
tree distance between all pairs of Ples that are committed
to by developers within each subcommunity (weighted by
the number of commit s). Smaller distancesbetween pairs of
bles for a given group of developers indicates smaler scope
and more focus. This methodology is based on the com-
mon (albeit not universd) practice of basing the directory
structure on the architecure of the system. An examina-
tion of the layout of Plesin each of the projects indicates
that this is true. The null hypothesisis that the weighted
average distance between all pairs of Ples committed to by
developers in the same group will be no di! erent than for
randomly drawn sets of developers that are the same size
as the group. We exped that the directory tree distance
between commit ted bles will be smaller for developers from
the same subcommunity. We compare the observed average
distances between all pairs of bPles committed to by devel-
opers in one subcommunity to a large number of randomly
chosen same-sized sets of developers.

We also manually inspeded the communication and de-
velopment activit ies of subcommunities of participants in
order to assessf there were cohesive or focusedtasks being
addressed

5. RESULTS

We now presert our bndings after performing the above
data gathering and analysis in order to conbrm or refute
our hypothesesregarding the social structure of theseopen
source projects.



5.1 Community Structur e Exists

We found strong levels of community structure in all of the
projects studied. The value of the modularity measure Q, as
debnedin 4.3, rangesfrom 0.4to 0.8. Therange of valuesfor
di! erent projects, over the studied period, is shown in Fig-
ure 2. To concretize this scalar value, we show in Figure 3
an example of a network with a community structure value
of 0.76 that is taken from the Perl project for the months of
April to June of 2007. This example was chosen because of
its relatively small size in relation to the other time periods
and projects studied®. In Figure 3, an edge represerts one
or more messajesbetweenparticipants; edge weights, albeit
used by the algorit hm, are not depicted graphically. Sev-
eral distinct subcommunitiescan be seen typically the edges
wit hin subcommunities represert frequent communications.
Newman has found that in naturally occurring networks,
modularity valuesof 0.3 and above indicate strong commu-
nity structure [51]. As can be seenin Figure 5 we found
valuesin this range both before and aft er blt ering messaes.
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Figure 2: Boxplots of the str ength of comm unit y str uctur e
for the various projects studied.

Signibance of Observed Modularity: The question, arises,
are thesevalues of modularity statistically signipcant? Do
the empirically observed modularity valuesrefRed something
spedal and real about how people associate and communi-
cate on the observed email social networks, or are they just
values that would arise in any random network where the
same people were equally active, but had di! erent assci-
ations? If the latter is true, that would suggest that who
people talk to doesrOtmatter, only how much they talk.
Our claim, however, is that subcommunities form because
people deliberately choose who they communicate wit h.

A comparison of modularity values of the random net-
works with the same degee distributions with those from
the actual networks can rejed the null hypothesis at far
below the .001 level. An example of a modularity distrib u-
tion for Ant from April to June of 2006 is shown in Figure
4. The point on the right indicates the observed network
and the curve shown is the distribution of modularity val-
ues obtained from random networks with the same degee
distribution. Therefore we reject the null hypothesis that
the observed modularity valueswould occur in a bazaar-like
social network where individ uals were just as socially ac-

5Graphs of the networks for each time period of each project
can be viewed at http://janus. cs. ucdavi s. edu/ ~cabi r d/
cs- gr aphs.

Ant, April to June of 2006
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Figure 4: The distr ibution of mo dular ity values for 100,000
random graphs with the same degr ee distr ibution as the ob-
served network. The point repr esents the actual obser ved
value.
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Figure 5: The di! erence in str ength of comm unit y str uc-
tur e in the Postgr eSQL project over time when Plter ing on
messages that include pr oduct-r elated ter ms.

tive asin the observed network. Therefare we conclude that
Hy pothe sis 1 is conbrmed.

5.2 Effect of Product and Processlopics

While we identibed strong community structure in the so-
cial networks prior to the Pltering steps, more clearly delin-
eaed subcommunities emerge when constraining the com-
munication that we usein our analysis to messagesdirectly
mentioning product topics, viz., emails that spedbcally name
actual code artifacts.

As an example, bgure 5 shows the modularity found in
the PostgreSQL project over time when using the process
messages on the developer mailin g list and when using the
product messaes (i.e., thosethat mention source code art i-
facts directly) .

Table 2 shows the average increase in modularity when
we include only the product topic emails. We examined the
di! erences between the Pltered and unbltered values using
one-tailed paired Wilc oxon tests.

To assesthe statistical signibcance of the result s, since we
are testing multiple hypotheses(5 in this case), the individ -
ual p-valuesduring testing were adjusted using Benjamini-
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Figure 3: The comm unit y structur e of Perl from April to June 2007. Diamonds

not depicted.

Name Apache Ant Python Perl Postgres
Product 0.548 0.534 0.473 0.567 0.679
Process 0.337 0.485 0.312 0.423 0.425

All  0.325 0.459 0.293 0.400 0.420
P-val 0.001 0.033 0.001 0.001 0.001
%Product 27.6 64.3 50.0 299 264

Table 2: Means of the mo dular ity when examining only
product emails, only process emails, or all emails. P-val repr e-
sents the statistical signibcance  of a pair ed Wilco xon test of
product and process populations per project. The bottom row
is the proportion of messages (as a %) that relate to pr oduct
topics

Hochberg adjustment for multiple hypotheses[5]. This pro-
cedure maintains an overall false positive rate of below 0.05
(this is known as the False Discovery Rate). The results
were statistically signibcant with p-values below .05 in all
cases.

Note that an increase in modularity when bltering the
edgesin a network is not a foregone conclusion. Rather, we
did not seean increasein modularity when examining only
the process emails relative to all emails. A comparison of
the modularity basedon process and product topic emails in
addition to the ertire network (labelled QAIIQ is shown in
Table 2. Thisindicatesthat the groupingsinto subcommuni-
tiesis much stronger when discussians directly relatedto the
source code arise. Thus Hy pothe sis 2 is conbrmed. This
a'rma tive answer to H2 suggests that successfu projects
tend to focusinto subcommunitiesfor product-related work,
but discuss processrelated issues more broadly. As we do
not have examples of unsuccessfu projects, it is unclear if

this phenomenon is a di! erertiating characteristic of success.

5.3 Collaboration Within Subcommunities
We now turn to an examination of the levels of collabo-

ration between developers wit hin and between subcommu-

nities. SpedpPcally we measure the average number of bles

indicate actual dev elop ers. Edge weights are

that developers have in common (i.e. have both commit ted
to in the examined time period).

We found that in four of the bve projects, (See Table 3)
developers worked together on the same ble with people in
their own subcommunity much more often than people in
others on average. We show the p-values for a Wilc oxon
test which were adjusted for multiple hypothesestesting.
Theresutsare generally statistically quite signibcant (same
subcommunity distrib ution was signibcantly higher than the
di! erent subcommunity distrib ution).

Project Ant Apache Perl Postgres Python
Wilc oxon
P-val 0.000 0.052 0.502 0.000 0.000

Table 3: Probabilit y values for non-par ametr ic tests of dif -
ference in means and di! erence in distr ibutions of co-commits
of dev elop ers between sub comm unities and within  sub com-
munities cor rected for multiple hypothesis testing.

Note that in this case, we use the community structure
obtained from the product-related networks, since theseare
product-related work activit ies.

Unfortunately, in the case of Perl, while we were able to
accessrepository logs, we were unable to obtain the actual
repository Ples and therefore could not run our static anal-
ysis tools on them to get names of functions or classes.The
key terms for Perl were limit ed only to the Plenamesin the
repository. Consequently, the division of participants into
subcommunities based on product messajes may not be as
accurate asin the other projects. Therefore, the experiment
on Perl was incomplete, and our results are inconclusive.

We concludethat for the Ant, Apache, Postgresand Pyt hon
projects, since developers have higher collaboration levels
wit h other developersin their own subcommunity than wit h
developers outside of their subcommunity, the community
structure of the social networks does hold relevance to the
actual development e! ort. Thus Hy pothe sis 3 is conbrmed.




This suggeststhat in successfu projects, co-commit behaviour
is strongly linked wit h social interaction.

5.4 Activity FocusWithin Subcommunities

After performin g the directory distance analysis desaib ed
in sedion 4.7, we were unable to reject the null hypothesis
(no di! erence in directory distance) for any of the projects.
Hy pothe sis 4 is therefore not quantitati vely conbprmed.

Although there were caseswhere the average distance for
bles from a subcommunity of developers was far smaller
than the average for all tests of random sets of develop-
ers, the trend was not consistent throughout. There are two
possible reasons for this inconclusive result; either the hy-
pothesisis incorrect and the groups did not have a spedbc
task focus, or our directory tree distance measure for Qask
focusQlacks construct validity and doesnot adequately cap-
ture what weOreryin g to measure. In order to shed light on
the matter, we mounted a case study to try understand the
topics of discussion and the commit behaviour, of developers
in subcommunities.

Case Studi es We carefully studied the emails on developer
lists and commits to bles in saurce code repositories. This
information represerts the actual work that goeson in the
projects on a daily basis. We therefore examine this data
for the groups of participants identibed by the community
structure algorit hms. Our goal was to determine if there
were common tasks, topics, or particular subsystemsin the
activit ies of participants in subcommunities. We have iden-
tibed time periods and subcommunities where theseindica-
tors have emerged and discuss examples of thesehere. We
found that the subcommunitiescan be categorizedinto three
types,which we characterize wit h examplesin the casestud-
ies below.

We also examined the development and communication
activit ies of people in the groups idertibed to seeif they
were in fact working together on common tasks. Due to
the sheer number of groups identibed over the life of all
bve projects, a comprehensive manual inspedion was not
possible. We therefore studied a few caseswhere the work of
groups seemedstrongly focusedon one part of the directory
structure, and caseswhere it seemedstrongly unfocused
Thesecaseswere quit e instructive.

A subcommunity in Apache The brst category of community
is that in which the discussion and development is focused
on one are of the codebase. In the Apache webserver project,
from May to July of 2003, one subcommunity consisted of
Rowe and Thorpe (developers) as well as Deaves, Adkins,
and Chandran. They discussed some bug bxesto mod_ssl,
the apacheinterface to the Seaure Sockets Layer (SSL). Top-
ics included issues wit h incorrect input/output code, mod-
ule loading, unloading and initialization, and integation of
mod_ssl with the server. Nealy all the discussion is about
the SSL code, and virt ually all of the Ples modibed by peo-
ple in this group during this time period are in the mod-
ules/ssl  directory. Clearly, this is a subcommunity wit hin
the Apache project that is focusedon a particular task. In
other cases,groups of participants were not focused on one
single topic or task. Often this would occur when one or
two developers worked on two or more disparate areas of the
code base, thus drawing two communities together. There
were also a smaler number of caseswhere no clear topics

were distinguishable from the changesto bles or the email
messaes. Many of theseoccurred relatively closeto release
dates.

A subcommunity in Python The semnd type of subcommu-
nity had a clear focus in both discussion and content of
development behaviour, but the locations of the modibed
bles crosscut the directory structure. From April to June
of 2003, the Python developer mailin g lists provides an in-
structive illu stration of this phenomenon. The key partici-
pants in one identibped group of the python community are
Hylt on, Cannon, and Fulton. During this time Hylt on was
diagnosing memory leaks in Zope, an object oriented web
application server writ tenin python®. Using unit tests, Hyl-
ton tracked down problems in the garbage collection code.
There are seweral related messajeson the mailin g list. Ful-
ton, Paul Prescod, and Hylton discuss the use, semantics,
and expeded behavior of the garbage collection APIOson
both the C and Python parts of the code base, with ex-
ample code of their use posted. The discussion results in
seweral changes in the Ples relating to garbage collection.
Ext ensive changes are made to / Mbdul es/ gcnodul e. ¢ and
in other areas of the python interpreter such as function ob-
jectsin / oj ect / f uncobj ect and handlin g of pickled objects
in / Mbdul es/ cPickl e.c. The tracing and inspecion mod-
ules of the python interpreter are also modibed to enhance
future debugging of the GC code. In addition, while testing
this code, a few of the unit tests fail and discussions ensue
between Hylt on and Cannon, resulting in diagnosis and re-
mediation of bugsin the unit test code per se. Changeswere
made to urllib2. py, httplib.py and strptine. py, inter
alia. Figure 6 is a snapshot of this group of contributors
along with the directories that they committed to. Dia-
monds indicate developers, ovals are participants, and rect-
angles are directories. Clearly, this group is operating as a
team to accomplish a common goal: improving the quality
of the garbage collector. However, the issue dedt with has
parts scattered across the code base. The the garbage col-
lection code is a concern that cuts across the module and
directory structure, i.e. it is an asped. This leadsto thein-
teresting observation that even if a feature is cross-cutting,
al eds a broad swath of ples, the discussion surrounding it
may be cohesiwe, and involvesa well-dened subcommunity
of dewvelopers. This suggests in fact, an alternative approach
to asped-mining, basedon bPnding apparently unrelated Ples
that consistently are worked on by groups of developerswit h
strong social ties.

Sub-communitiesin other projects We studied seweral sub-
communities in each of the projects studied, and generally
found good evidence for task focus.

For example, from 11/2002 to 12/ 2002 in postgres, one
subcommunity works sdely on embedded SQL in C, and an-
other focuseson updating the SGM L documentation saurce.
In the following time period, a group emergeswhoseactivit y
and discussion concerns the development and testing of the
postrgesJDB C driver (wit h source code and test code span-
ning the code base wit hin the JDBC subtree) and another
much smaller group works on Unicode support.

There are other subcommunities whose focus is not as
localized wit hin the system. During 10/ 2001 to 12/ 2001,

8For details, seeht t p: / / wan pyt hon. or g/ ~j er eny/ webl og/
0304. ht m
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Figure 6: One sub comm unit y of par ticipan ts in the python
ovals are par ticipan ts, and rectangles are dir ector ies committe

we Pnd two subcommunities whose tasks broadly span the
Ant codebase. One large group, with 29 participants (in-
cluding 5 developers) focuseson tracing and debugging. Al-
though their code modibes Ples in many di! erent places,
their changes broadly add logging calls, debugging output,
and assertions. Another group of 9 participants and 3 devel-
opers is working on ant build tasks, many spedbc to other
non-ANT and commercial sdtware, including EJB, Visu-
alA ge, Perforce, JUnit, and Sitraka products. The a! eced
bles are scattered across di! erert packages. In addition,

many test cases, in an ertirely di! erert part of the systemOs

directory structure are also updated.

In the third type of subcommunity there was more than
one particular topic or task under discussion or development.
Often this would occur when one or two developers worked
on two or more disparate areas of the code base, thus draw-
ing two communities together. We also noted a few cases
where no clear topics were distinguishable from the changes
to bles or the email messajes (a number of these casesoc-
curred relatively closeto release dates).

In conclusion, Hy pothe sis 4, concerning the focus of
subcommunities around cohesive tasks, is a complex matter.
Sub-communit ies sometimes relate to closely conneded bles
in the same module, and sometimesnot. Our casestudy sug-
gests a possible explanationN perhaps, sometimes, the focal
task relatesto crosscutting concerns. We are currently ex-
ploring this issue, espedally as it relatesto the possibilit y
of automatically mining socially and conceptually coherert,
cross-cutting concerns; this might suggest either refactoring,
or introducing the use of Asped-oriented programming.

6. THREATSTO VALIDITY

We deted social links between developers using just the
developer mailin g list. While this is the presaib ed venue for
engineering discussians (due to it Odroadcast nature) [7, 22,
34, 46], we miss other potertial developer interactions, such
as private emails, irc channels, or discussionsin bug reports.

While there appears to be a relationship betweendevelop-
ment activity and community structure, it is important to
note that no causd link has beenestablished. Furt her work
is required to determineif the social links driv e collaboration
or vice versa (or if they are both results of an unobserved
phenomenon).

The biggest threat is to external validity. As with most
studies of open saurce sdtware, the projects for study were
chosen based on certain crit eria as mentioned in sedion

comm unit y from April to June 2003. Diamonds
d to (in lieu of the lar ge num ber of Ples committed to).

are dev elop ers,

4.1. This necessay bias in selecion means that we are not
randomly sampling from the population of OSS projects.
Therefare, while theseresult s may be similar to what occurs
in projects that donOtbt thesecrit eria, we have no evidence
to support that asserton. In addition, as an examination
of just bve projects, theseresults may not generalize even
to other projects that bt the same crit eria. We believe that
they would, but some have argued otherwise [6].

7. CONCLUSION

We have mined the communication and development data
for bve large open saurce projects and tailored an algorit hm
to seach their email social networks for evidence of sub-
groups, whose activit ies are directly related to the sdftware
artifact. We found that in all cases,evidence of strong com-
munity structure existed wit hin the communication patterns
of the participants, and that the structure was more modu-
lar when discussion focuseddirectly on source code art ifacts.
In addition, in all caseswhere our data was complete, the
division of the project into subcommunities was also repre-
sertative of the collaboration behavior of the developers. A
quantitative analysis of the task focus for the various sub-
communities was inconclusive, but some case studies indi-
cated that the task focus of subgroups does exist in many
cases, though it may be subtle and varied in nature. The
casestudy suggests some directions for future work, both in
sacio-technical congruence, and in asped-mining. The dy-
namics of thesesubcommunities such as turnover rate and
migration are topics that we plan to investigate as well.
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