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ABSTRACT
Commercial software project managers design project orga-
nizat ional structure carefully, mindful of available skills, di-
vision of labour, geographical boundaries, etc. Th eseorgani-
zat ional ÒcathedralsÓare to be cont rasted wit h theÒbazaar-
lik eÓnature of Open Source Software (OSS) Pro jects, which
have no pre-designed organizat ional structure. Any struc-
ture that exists is dynamic, self-organizing, latent , and usu-
ally not explicit ly stated. St ill, in large, complex, success-
ful, OSS projects, we do expect that subcommunit ies will
form spontaneously wit hin the developer teams. Studying
these subcommunit ies, and their behavior can shed light
on how successful OSS projects self-organize. Th is phe-
nomenon could well hold import ant lessons for how com-
mercial software teams might be organized. Build ing on
known well-established techniques for detect ing communi ty
str ucture in complex networks, we extract and study latent
subcommunit ies from the email social network of several
projects: Apache HTTPD, Pyt hon, PostgresSQL, Perl, and
Apache ANT. We then valid ate them wit h software devel-
opment act ivit y history. Our result s show that subcommu-
nit ies do indeedspontaneously arise wit hin theseprojects as
the projects evolve. Th esesubcommunit ies manifest most
strongly in technical discussions, and are signiÞcant ly con-
nected wit h collaborat ion behaviour.

1. INTRODUCTION
Brooks, in his seminal work The Myth ical Man-Month [13],

noted the scalin g issues that arise in large software teams:
thenumber of potent ial interact ionsgrows quadrat ically wit h
team size, thus quadruplin g when the team size is doubled.
Clearly, wit hout organizat ion of some kind, both wit hin the
software and the communit y that develops it , there is a limit
to how much projects can be scaled.

In t radit ional, commercial software projects, the response
to the Brooksian crit ique of large teams is to divid e and con-
quer, by Þat. Th e system is deliberately divid ed into smaller
components, and the developer pool grouped into manage-
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able teams which are then assigned to those components.
Wit h well-deÞned interfaces, the teamsÕe! ort s are conÞned
to smaller groups, and the coordinat ion needs are moder-
ated. Software design prin ciples such as separat ion of con-
cerns [53] play a part in this, as doesÒConwayÕsLawÓ[17],
which connects art ifact structure wit h organizat ional struc-
ture.

By cont rast, Open Source Software (OSS) projects are
not formally organized, and have no pre-assigned command
and cont rol structure. No one is forced to work on a par-
t icular port ion of the project . Team members cont rib ute as
they wish in any number of ways: by submit t ing bug re-
port s, lending technical knowledge, writ ing documentat ion,
improving the source code in various ares of the code base,
etc. I t has been observed by Sosa et al. [56] that the Þxed
organizat ional structure found in commercial sett ings may
lead to misalignment wit h evolvin g complex products. Hen-
derson and Clark point out that it may may actually hin-
der innovat ion [31]. Thus the lack of a rigid organizat ional
structure may in fact be a boon to OSS projects. However,
the absence of any structure at all may be just as harm-
ful. Henderson and Clark [31] found that Òarchit ectural
knowledge tends to become embedded in the structure and
informat ion-processing procedures of established organiza-
t ionsÓ. Modularizing art ifacts and mapping art ifact tasks
onto organizat ional unit s is a well known solut ion to the
problem of complex product development in organizat ional
management lit erature [56]. Th e question then arises, is the
social structure of OSS projects free of such constraints and
actually unorganized and free-for-all? Do they stand in con-
t rast to the structured, hierarchical style of t radit ional com-
mercial software e! ort s? Or, do OSS projects have some
latent 1 structure of their own? Are there dynamic, self-
organizing subgroups that spontaneously form and evolve?

In this paper, we perform an empiric al study of the la-
tent social structure of open-source projects, and discussjust
theseissues. In the next sect ion, we discussthe background,
and present our hypotheses.

2. BACKGROUND
Despit e theperceived lack of mandated organizat ion, there

are OSS projects wit h large developer pools that produce
software of complexit y and qualit y that rivals their commer-
cial counterpart s [54, 40]. How do theseprojects cope wit h
the organizat ional hurdles that hinder all large engineering
e! ort s?

1By latent , we mean not explicit ly stated, but observable.
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I. INTRODUCTION

Empirical studiesand theoreticalmodeling of networks
havebeenthe subjectof a large body of recentresearchin
statisticalphysicsand appliedmathematics#1Ð4$. Network
ideashavebeenappliedwith successto topicsasdiverseas
the Internet and the world wide web #5Ð7$, epidemiology
#8Ð11$, scientiÞccitationandcollaboration#12,13$, metabo-
lism #14,15$, andecosystems#16,17$, to namebut a few. A
propertythatseemsto becommonto manynetworksis com-
munity structure, the division of networknodesinto groups
within which the network connectionsare dense,but be-
tweenwhich theyaresparserÑseeFig. 1. Theability to Þnd
andanalyzesuchgroupscanprovide invaluablehelp in un-
derstandingandvisualizingthestructureof networks.In this
paper, we showhow this canbe achieved.

The studyof communitystructurein networkshasa long
history. It is closelyrelatedto the ideasof graphpartitioning
in graphtheoryandcomputerscience,andhierarchicalclus-
tering in sociology#18,19$. Beforepresentingour own Þnd-
ings, it is worth reviewing someof this precedingwork to
understandits achievementsandshortcomings.

Graph partitioning is a problem that arises in, for ex-
ample,parallelcomputing.Supposewe havea numbern of
intercommunicatingcomputerprocesses,which we wish to
distributeovera numberg of computerprocessors.Processes
do not necessarilyneedto communicatewith all others,and
thepatternof requiredcommunicationscanberepresentedas
a graphor networkin which theverticesrepresentprocesses
andedgesjoin processpairs that needto communicate.The
problemis to allocatethe processesto processorsin sucha
way asroughly to balancethe load on eachprocessor, while
at the sametime minimizing the numberof edgesthat run
betweenprocessors,so that the amount of interprocessor
communication!which is normally slow" is minimized. In
general,Þndinganexactsolutionto a partitioningtaskof this
kind is believedto be an NP-hardproblem,making it pro-
hibitively difÞcult to solve exactly for large graphs,but a
wide variety of heuristic algorithms have been developed

that give acceptablygood solutionsin many cases,the best
known being perhapsthe Kernighan-Lin algorithm #20$,
which runs in time O(n3) on sparsegraphs.

A solutionto the graphpartitioningproblemis, however,
not particularlyhelpful for analyzingandunderstandingnet-
works in general.If we merely want to Þnd if and how a
given network breaksdown into communities,we probably
do not know how manysuchcommunitiestherearegoing to
be, and there is no reasonwhy they shouldbe roughly the
same size. Furthermore, the number of intercommunity
edgesneednot bestrictly minimizedeither, sincemoresuch
edgesare admissiblebetweenlarge communitiesthan be-
tweensmall ones.

As far as our goals in this paperare concerned,a more
usefulapproachis that takenby socialnetworkanalysiswith
thesetof techniquesknownashierarchicalclustering.These
techniquesareaimedat discoveringnaturaldivisionsof !so-
cial" networksinto groups,basedon variousmetricsof simi-
larity or strengthof connectionbetweenvertices.They fall
into two broadclasses,agglomerativeanddivisive #19$, de-
pendingon whethertheyfocuson theadditionor removalof
edgesto or from the network. In an agglomerativemethod,
similaritiesarecalculatedby onemethodor anotherbetween
vertexpairs,andedgesare thenaddedto an initially empty

FIG. 1. A small networkwith communitystructureof the type
consideredin this paper. In this casethereare threecommunities,
denotedby the dashedcircles,which havedenseinternal links but
betweenwhich thereis only a lower densityof externallinks.
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F igure 1: A net w or k with str ong comm unit y str uctur e.

Modularity, the measur e of str ength of comm unit y str uctur e,

whic h r anges f r om 0 to 1, has a value of 0.493 for the giv en

div ision of no des in this gr aph.

We have empiric ally studied the social organizat ion of the
communit y of part icipants on the developer mailin g lists for
the Apache Webserver (hereaft er referred to as Apache),
Apache Ant (referred to as Ant ), Pyt hon, Perl, and Post-
greSQL projects. Each of theseprojects is mature and sta-
ble, has a large and complex code base comprised of mult iple
subsystems,and has a recorded history of many years. Th ey
all also have sizeable teams, ranging in size from 25 devel-
opers to nearly 1002. Th ere are of course much larger num-
bersof part icipants on the developer mailin g list s [23], some-
t imes numbering in the thousands. Th e developer mailin g
list s are highly task focused; by communit y norms, all sub-
stant ive discussions related to the system and development
tasks occur on these list s. All correspondence is archived.
Th e source code authorship history is also available from
versioned source code repositories. Th e size and extensively
archived history of these projects makes them good can-
didates for the study of emergent social structure and it s
relat ionship to technical act ivit ies.

We expect that any latent organizat ional structure will
be mirro red in the communicat ion pat terns of part icipants
in theseOSS projects. Th e email discussions span a range
of topics. Topics include, certainly the source code (and
speciÞc ent it ies such as funct ions and methods that occur
in source code), the build system, documentat ion, and high
level archit ecture. But , even in OSS, few, if any developers
work on the ent ire system; most specialize. Consequent ly,
just as development teams are split up and modularized in
a software company, we believe that wit hin the ent ire co-
hort of developer mailin g list part icipants, there are self-
organizing subcommunit ies that form as people organically
tend to focus towards speciÞc topics, subsystems, or tasks.
We can use archives of the developer mailin g list s to de-
termine which individ uals were in communicat ion wit h each
other and construct a social network of the part icipants. But
how can organizat ional structure be discovered in this social
network?

In 2002, Newman and Girvan int roduced a quant it at ive
not ion of the communi ty str ucture of a network, asÒthe di-
vision of network nodes into groups wit hin which the net-
work connect ions are dense, but between which they are
sparserÓ[25]. Fig 1 is an example of a network wit h strong
communit y structure. Th ey quant ify the ÒstrengthÓof the

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

subcommunit ies in a network wit h a formal measure that
they call modular i ty, a value which rangesfrom 0 to 1. Note
that while the terms communi ty str ucture and modular i ty
have been used in prior lit erature to mean many things,
in the context of this paper, their use refers dist inct ly to
these deÞnit ions. Wh ile the precise mathemat ical deÞni-
t ion of modularit y is presented in sect ion 4.3, intuit ively it
can be thought of as measurin g how well a network can be
divid ed into clearly delineated ÒmodulesÓof nodes. Com-
munit y structure has beenstudied in various sett ings [3, 39,
27, 4, 58] due to advances in methods of ident ifyin g these
structures [64, 65, 51, 15, 50]. We hypothesize that this kind
of structure exists wit hin the development communit ies of
theselarge OSS projects. Mailin g list part icipants sponta-
neously form subcommunit ies, and communicate more in-
tensively wit h people wit hin subgroups than outside them.
Th is leads us to our Þrst testable hypothesis:
Hy pothe sis 1 (H1 ) ÐSubcommuni ti es of parti cipants wil l
form in the email social networks of largeopen source projects
and the levels of modular i ty wil l be stati sti cal ly signiÞcant.

By Òstat ist ically signiÞcantÓ, we mean that the observed
modularit y in open-source software is an emergent conse-
quence of the deliberate choice of associates made by par-
t icipants. In other words, if they had been just as social,
but chosen associates at random, it is unlik ely that such
modularit y would have emerged.

Wh ile we believe that subcommunit ies of part icipants do
organically form, such groupings are not meaningful un-
lessthe grouping speciÞcally relatessomehow to communit y
goals. Th e discussions on the development mailin g list s gen-
erally have one of two goals. Th e common purpose appears
to be discussion of actual development act ivit y (funct ion
interfaces, APIs, bug Þxes, feature implementat ion, etc.).
Ot her topics include policy decisions, high-level archit ec-
tural changes, release plans, licensing issues, and admission
of newcomers. Broadly (if not ent irely accurately) we call
the former product topics, and the rest process topics. Wh ile
the processtopics are clearly vit al to the successand con-
t inued life of the projects, they are less direct ly related to
coding act ivit ies than product topics; as such, the division
of knowledge issues that arise wit h large, int ricate software
system is not as crit ical in processtopic discussions; barri-
ers to ent ry are lower. In fact , since everyone is a! ected by
process issues, all should part icipate. Th erefore, the social
networks of part icipants in processdiscussions should not be
fragmented or modularized. Th is leads to the assertion that
the social network fragmentat ion into subcommunit ies will
be more strongly evident in product -related discussions.

Hy pothe sis 2 (H2 ) Ð Social networks constr ucted from
product-related discussions wil l be more modular than those
relati ng to non-product related discussions or al l discussions.

Weposit that if thereis strong communit y structure wit hin
the projects, the subcommunit ies should be related to the
software engineering act ivit ies in a meaningful way. We ex-
amine this using two methods.

First , we claim that a port ion of the communicat ion the
goeson in the mailin g list s is actually coordinat ion between
developers as they work together on the software direct ly.
We believe that developers wit hin the same subcommunit ies
are more lik ely to collaborate direct ly, i.e, work in the same
areas of the code. Thus, our third hypothesis is:



Hy pothe sis 3 (H3 ) ÐPairs of developers within the same
subcommuni ty wil l have more Þles in common than pairs of
developers from di! erent subcommunti es.

Second, we ask whether the subcommunt iessare somehow
allied wit h coherent tasks. I f they form in order to tackle
speciÞc hurdlesor accomplish common goals, then we expect
their discussion and development to be focusedin some way.
For example, the cumulat ive engineering e! ort of the people
wit hin a subcommunit y may be conÞned to one part of the
system. Our Þnal hypothesis is:

Hy pothe sis 4 (H4 ) Ð The average directory distance be-
tween Þles committed to by developers in the same subcom-
muni ty wil l be less than similar sized groups of developers
drawn di! erent subcommuni ti es.

We present our methods and processesfor answering these
questions, give the result s of our analysis, and discuss these
result s in this paper. Th e rest of the paper is organized
as follows. In sect ion 3 we discuss other research that has
examined the organizat ion of OSS communit ies and include
the di! erencesand simila rit ies to our work. Our datamining
and analysis methods are presented in sect ion 4 and include
a discussions of the result s in sect ion 5. We examine the
strengths and weaknessesof our approach in sect ion 6. A
synopsis and furt her areas of study appear in sect ion 7.
R elevanc e to soft ware eng ineers Th equestionsabovedo
relate to organizat ional science issuesconcerning the nature
of open-source social structures. But they are also of deep
concern to software engineers, for several reasons. First , all
the projects we studied are both complex and highly success-
ful. St rong evidence of subcommunit y format ion in these
projects is arguably prescrip t ive for any new and growing
project ; open source project leaders might do well to en-
courage subcommunit y format ion. Second, strong evidence
of subcommunit ies formin g around product -related act ivi-
t ies (H2) suggests that newcomers aspirin g to gain devel-
oper privileg es [22, 9] may be aided by Þnding and connect -
ing wit h the right communit y; lik ewise,H2 may also suggest
that the broadest possible part icipat ion is good for process-
related issues. Finally, H3 and H4 might help inspire rec-
ommender systems [55] that Þnd technically relevant people
that one should connect wit h, in a large team. It should be
noted that all thesealso have implicat ions for the organiza-
t ional and social structure of commercial software projects.
Consequent ly, many software engineering researchers have
studied related socio-technical issues [45, 33, 48, 63]. In
fact , a recent invit ed talk at ICSE describ es the import ance
of issues facing socio-technical coordinat ion 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: Þrst, on social networks; second on the e! ect
of organizat ional structure on e! ect iveness; and Þnally, on
discovering communit y structure in networks. We survey
theseareas in this sect ion.

Social Ne t work ing among developers has been well stud-
ied. Xu et al [62] consider two developers socially related if
they part icipate in the same project , and argue that the re-
sult ing network has small-world propert ies. Th ey donÕtcon-
sider modularit y or non-developer part icipants. Wagstrom,
Herbsleb and Carley [60] gathered empiric al social network

data from several sources, including blogs, email list s and
networkin g web sites, and built models of their social be-
havior; thesemodels were then used to simulate how users
joined and left projects. Th ey report that simulat ionsclosely
mirro r actual observat ions. Crowston and Howison [18] use
co-occurrence of developers on bug report s as indicators of
a social lin k. Th ey present evidence that the social net-
works of smaller projects are more cent ral than those of
larger projects. Presumably larger projects decent ralize, to
simplify communicat ion and coordinat ion act ivit ies. Th is
observat ion is one of the key mot ivators behind this work
as we hypothesize that subcommunit ies form naturally in
larger, more complex and longer-liv ed projects.

Commit behavior in versioned repositories has been used
as an indicator of social lin kage. Lopez-Fernandez et al [42]
consider two developers to be lin ked if they collaborate, viz.,
they commit to the same module. Th e result ing social net-
works are similar in structure to ours, and are argued to be
small-world networks. Th ework of De Souza et al [16] is sim-
ilar, except that they study Þles instead of modules. Devel-
opers become moreÒcent ralÓin the social network over t ime.
Th ey found that code ownership in some part s of the system
was more stable than in others. Finally, we note that these
papers study collaborat ion networks, whereas our focus is
more on communicat ion networks. Th e question naturally
arises, How does commit behavior relate to direct (email)
social interaction? Th e relat ionship between the two is a
subject of our current research.

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 correlat ion
between development act ivit y and social network status of
developers. In this work our goal is to extract the subcom-
munit y structure from thesame social networks and examine
how it changes over t ime.
Org ani zati onal Struc ture and E!e cti veness

Communicat ion and Co-ordinat ion behaviour in distributed
teams has been studied. Ehrlich et al [24] used social net-
work analyss to study how individ uals in global software de-
velopment teams locate and acquire expert ise. Th ey found
that members of the teams were more lik ely to to seekspe-
ciÞc technical informat ion and help from people outside their
own team. Members used others on their team to exploit
preexisting knowledge, but went to people they knew uniquely
outside the team for innovat ive ideas. Layman et al [41]
studied how a globally distri buted team overcomes commu-
nicat ion challengesto become agile. Th ey ident iÞed four key
factors for communicat ion in globally- distrib uted XP teams.
Examples of thesefactors included assigning a manager to
act as a Òbrid geheadÓbetween distrib uted teams and using
short asynchronous communicat ion loops as a surrogate for
synchronous communicat ion.

Hossain et al. [37] used the enron email corpus to cre-
ate social networks and examined degree, closeness,and be-
tweennesscent ralit y scores on a per actor basis. Th ey also
used text mining techniques to code email messages into
categories such as resource allocat ion, constraints, and pro-
ducer relat ionships. Th ey found that high cent ralit y values
correlated well wit h the abilit y of an actor to coordinate the
act ions of others in a project or group.

Hinds and McGrath [35] used questionnaires and follow
up interviews to construct social networks in 33 research and



development teams that were both collocated and geograph-
ically distrib uted. Th ey measured Òcoordiat ion easeÓbased
on answers to questions dealin g wit h coordinat ion challenges
in thedevelopersteams. Th ey found that densenetworks are
no better for distrib uted than they are for colocated work. In
collocated teams, high interdependence eased coordinat ion
while the opposite was t rue for distrib uted teams. Interest-
ingly, densecommunicat ion betweenmembers actually may
interfere wit h coordinat ion. In some ways, this corroborates
wit h the communicat ion overhead allu ded to in BrooksÕlaw
and mot ivatesour search for specialized teams of developers
in OSS projects.

An import ant issue is the relat ionship of social connec-
t ions or communit ies and technical connect ions or commu-
nit ies. Th ere is a great deal of current interest in socio-
technical congruence (STC) . Th e ideais that great alignment
betweencommunicat ion pat terns and task dependencies (ei-
ther goal-precondit ion relat ionships of tasks,or data/ cont rol
dependencies between art ifacts) leads to better outcomes.
Cataldo [14] studies the connect ion betweentask dependen-
cies and coordinat ion e! ort s by engineers. Valetto et al [59]
suggest a formal, general, graph-based technique to mea-
sure congruence. We wish to study if subcommunit ies form
wit hin OSS projects, and whether STC appears to be a fac-
tor in their format ion.
Ide nti fy ing Comm uni t y Struc ture

A number of researchers have used recent ly developed
methods to Þnd communit y structure in existing networks.
Guimera et al [29] mined email logs from a company to cre-
ate a social network and ident iÞed the communit y structure
contained in it . Th ey discussedthe result s as the informal
networks behind the formal chart of an organizat ion and it Õs
beneÞt as a management tool.

Gonz«alez-Barahona, L«opezand Robles have examined the
communit y structure of moduleswit hin theApacheproject [28].
In their analysis, they created a network wit h the vert ices
represent ing modules. Edges between vert ices represented
work on both modulesby a common author and wereweighted
based on the number of commit s the common authors had
cont rib uted. Th ey examined the communit y structure of
thesenetworks over t ime and were able to seehow the mod-
ules evolved wit h respect to each other.

Modularit y, especially as it result s from evolut ion and be-
stows beneÞts to an organism, is very import ant to the study
of biological networks. In the areas of systems biology and
bioinformat ics authors have usedNewman and Girv anÕs[36]
as well as related [64] and other [65] algorit hms to resolve
modules in biological networks of di! erent types. Using such
algorit hms, recent studies [36, 39] have shown that despit e
having evolved through random processes,biological net-
works exhibit design pat terns, most notably high modular-
it y. And alt hough modular designs are not the most e"c ient
when it comes to performin g the day-to-day businessin the
cell [3], modularit y apparent ly endows the networks, and
hence the organisms, wit h systemic propert ies lik e robust-
nessand evolvabilit y [36, 39], which are essent ial for their
long-term surviv al and Þtnessopt imizat ion [36].

4. METHODS AND ANALYSIS
Our experiment involved several steps. We Þrst ident iÞed

the projects of interest and mined the developer mailin g list
archivesand source code repositories of each of the projects.
Next, we Þlt ered the mailin g list messagesand created a so-

cial network of the part icipants over 3-month intervals. We
then calculated the communit y structure of each social net-
work. Following that , the relevance of the divisions of par-
t icipants was evaluated quant it at ively using mined source
code development data and qualit at ively by manual meth-
ods. Th e following subsect ions contain the pert inent details
of each phase.

4.1 Project Selection
Our study includes the Apache webserver, Ant , Pyt hon,

Perl, and PostgreSQL. Th eseare all well known and stable
projects. Each has undergone a number of major release
cycles and is still under act ive development . Each has a de-
veloper mailin g list wit h thousands of part icipants. All have
large and complex codebaseswit h several subsystems, mak-
ing it di"c ult for any one person to be an expert on all part s
of the system. Th is leads to a need for Òdivision of labourÓ,
which we believe instigatesthe format ion of subcommunit ies
wit hin theseprojects. In addit ion, email and source code re-
vision archives,dat ing back several 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 sent ,
part icipants on the mailin g list , Þles in the repository, de-
velopers wit h repository access,and source code repository
commit s.

We have selected projects that vary in their governance
str ucture. Some of these projects have been describ ed by
Berkus [6] as archetypes of very di! erent governance styles.
Both Apache projects (the webserver and Ant ) are founda-
ti ons wit h well-organized, hierarchical governance structure
and formalized policies. PostgreSQL is a communi ty, which
is more informal and has a consensual group decision mak-
ing process. Pyt hon and Perl are both monarchist wit h a
project leader (Guido Van Rossum in the case of Pyt hon
and Larry Wall for Perl) at the helm making informed im-
port ant decisions. Wit h this variety, we hope to ameliorate
some of the threats to external valid it y.

4.2 Mining the Raw Data
Th e public email archives were downloaded and parsed

into relat ional tables. For email, we extracted the date,
the body, the name and email address of the sender, the
message-id header, and the in-reply-to header. Th e last
two are used to reconstruct threads of conversat ion. I f the
message-id of message A appears in the in-reply-to header of
message B , then B was sent in response to A which indicates
that thesender of B found message A ÒinterestingÓ. Th isÒin-
terestÓmay be a suggestion, rant , praise, disagreement , etc.;
regardless,it is indicat ive of communicat ion between the two
part ies. We thus create a lin k between the sender of A and
the sender of B in the social network. Unfort unately, the
accuracy of this network is compromised by the pract ice of
email ali asing, whereby one mailin g list part icipant usessev-
eral email addresses.To resolve the aliases,and ident ify and
group email aliases,we use a range of techniques, including
fuzzy strin g similarit y, domain name matching, clustering,
heurist ics, and manual post-processing [7].

Once email aliasing is handled we analyze a t ime-series
of the social networks, at 3 month intervals. For furt her
processing, we usean adjacency-mat rix representat ion of the
social network at each t ime interval.

In addit ion, we also extracted code informat ion: the au-
thor, t ime of commit , the Þlename, and the contents of each



Name Apache Ant Pyt hon Perl PostgreSQL
Begin 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
Messages 101250 73157 66541 112514 132698
List Part icipants 2017 1960 1329 3621 3607
Files 1092 7682 4290 13308 6083
Developers 57 40 92 25 29
Commit s 28517 58254 48318 92502 111847

Tabl e 1: Inf or mation on the data gather ed for the pr o j ects studi ed.

Þle from the project source code repositories. Th e email
addressesthat corresponded to each repository author were
also heurist ically determined and hand veriÞed in order to
match the development act ivit y and communicat ion behav-
ior of project developers. By using this commit informat ion,
we can seewhich developerswerecollaborat ing and on which
Þles. Furt her details of the email and repository mining pro-
cessescan be found in our prior work [7].

4.3 Finding Community Structur e
To Þnd and quant ify the latent communit y structure that

exists in the OSS networks, we have created a variant of the
Newman algorit hm3 [50].

Th e goal is to part it ion the network into groups of nodes,
so the connect ions wit hin groups are dense and the connec-
t ions between the groups are sparse. Newman and Girv an
deÞned a measure of modular i ty, which quant iÞes commu-
nit y structure strength, using the densenessand sparsit y of
the groupsÕint ra and interconnect ions [51]. Consider a par-
t it ion of a network into k communit ies. Let us deÞne a k ! k
symmetric mat rix e whose element eij is the fract ion of all
edges in the network that lin k vert ices in group i to vert ices
in group j . Let us also deÞne the row sums ai =

P
j eij .

Th e modularit y measure is then deÞned by

Q =
X

i

(eii " a2
i ) (1)

Essent ially, this measures the fract ion of the edges in the
network that connect vert ices wit hin the same group minus
the expected value of the same quant it y in a network wit h
the same communit y divisions, but random connect ions be-
tween the vert ices (that is, the same division on a random
network wit h the same degree distrib ut ion). Values for Q
range from 0 (wit h networks of essent ially random struc-
ture) to 1 (networks wit h cliquesthat are disconnected from
each other). Some naturally ocurrin g networks are known
to be strongly modular; in such modular networks, New-
manÕsmodularit y measure takeson values ranging from 0.3
to 0.7 [51]. Th e algorit hm also has been shown to correct ly
Þnd modules known a prior i . In our case, part it ioning the
social networks, we want to Þnd the part it ion that yields
the highest modularit y for the network. Finding the part i-
t ion that maximiz es the modularit y for a given network is
an NP-complete problem [12]. Newman & Girv anÕsmethod
is approximate, but empiric ally e! ect ive. See [30] and [11]
for examples.

Girv an and NewmanÕsoriginal algorit hm works well for bi-
nary networks, but doesnÕthandle networks wit h weighted

3We gratefully acknowledge Mark NewmanÕshelp in givin g
us a source code implementat ion of his algorit hm as a start -
ing point .

edges. Our social networks contain weighted edges, repre-
sent ing the number of emails exchanged between two par-
t icipants in each t ime period. A high number of messages
between a pair of part icipants should increase their lik eli-
hood of being in the same group. Following a method for
adapt ing binary network algorit hms to work on weighted
networks [49], we modiÞed our social networks by int roduc-
ing one edge between each pair of nodes per email sent be-
tween them (i.e. creat ing a mult i-edge network) and mod-
iÞed NewmanÕsalgorit hm above to handle mult i-edge net-
works.

4.4 Validating Community Structur e
We need to determine if the levels of communit y struc-

ture in the social networks of the studied projects are sig-
niÞcant ly higher than what we would expect to see in a
bazaar -lik e scenario. To do this, we borrow methods from
random graph theory [47, 52]. A standard method of deter-
mining the signiÞcance of measures of observed graphs is by
comparin g them wit h measures on random graphs wit h the
same degree distr ibuti on as the observed graph. We want to
seeif people associate into subcommunit ies in a stat ist ically
signiÞcant way. Th erefore we randomize networks by assum-
ing that people in the network remain equally act ive, i .e.,
send just as many messages, but send them to a randomly
chosen group of people, rather than deliberat ively choosing
correspondents. Th is models a scenario where people talk
to others basedon random encounters, rather than on work-
related needs.

We generated a large number4 of random graphs wit h the
same degree distr ibuti on as the observed networks using
a rewirin g approach [21, 44, 26]. Th is technique works by
start ing wit h the observed graph. Pairs of edgesare selected
randomly and their endpoints are switched or ÒrewiredÓso
that a pair of edges(a, b) and (c,d) is replaced wit h (a, d) and
(c,b). I t is plain to seethat at each step, the degree of each
node is preserved. Th is method has beenusedto study topo-
logical characteristics of various large complex networks to
determine if they are signiÞcant [43]. For reasons explained
in sect ion 4.5.1, as wit h the observed networks, we removed
the three highest betweennessnodes to make the compar-
isons fair. Th e modularit y of these graphs wit h the same
degree distrib ut ion is compared wit h that of the observed
graph to produce a stastical signiÞcance level.

4.5 Filtering Messages
Asweapplied thecommunit y structure ident iÞcat ion tech-

niques describ ed above to the OSS projects, we manually
examined the act ivit ies of the various subcommunit y mem-
bers to seeif the ident iÞed part it ions were meaningful. Two
key observat ions arose, which led us to reÞne our process.
4roughly 30,000 per observed network



4.5.1 Removing theManagers
First , alt hough it is very hard to have an int imate knowl-

edge of all part s of a complex system, there do appear to
be a very small number of people in each project that actu-
ally do have at least a workin g knowledge of nearly all of it s
part s. Th ese people are usually project leaders, founders,
or early members. Th ey are notewort hy for the quant it y,
qualit y, and broad spect rum of commit s to the repositories,
and extensive, wide-ranging discussions on the mailin g list s.
Examplesof thesepeople include Tim Petersand Guido Van
Rossum in Pyt hon, Bruce Momjian and Tom Lane in Post-
gres, and Willia m Rowe and Je! Trawick in Apache. most
of thesecont rib utors have been members of the project for
a very long t ime, have high social status wit hin the project ,
are wit hin the Òinner circleÓof elit e developers, and oft en
comment in nearly every mailin g list thread. Such people
act as Òbounday spannersÓand ÒgatekeepersÓfor informa-
t ion ßow and expert ise wit hin the communit y: essent ially
they brid ge di! erent groups and promote informat ion ßow
between otherwise relat ively isolated groups. Interestingly,
similar rolesare fulÞlled by key people in t radit ional software
development contexts as well. Th eir import ance in various
organizat ional sett ings has been previously noted [19, 2].
Th osewho Þll theseroles are import ant to the successof re-
search and development teams [57]. Just as managers tend
to serve as a focal point for inter-group coordinat ion and
communicat ion, theseOSS leaders coordinate the act ivit ies
of the OSS developers. Since thesepeople fulÞll the role of
Òlin kingÓand mediat ing teams, we therefore remove them in
order to expose the organizat ional substructures that they
would otherwise brid ge, and thus obscure.

In previous work, ourselves and others have found that
betweenness centrali ty [61] is indicat iveof high levelsof social
status, power, and managerial roles in both open source [7]
and commercial [1, 38] contexts.

We usethis form of lin k analysis to determining thesepeo-
ple wit h high social status and source code cont rib ut ion and
manually examining their act ivit ies. From a hand examina-
t ion of the act ivit ies of part icipants, we found that on aver-
age about two to three people appear to fulÞll theseroles.
We never remove more than three of thesepart icipants per
project .

4.5.2 ProductandProcessMessages
We automat ically classify each message as either product

and process based on a simple stat ic analysis of the source
code for the project . We mine the source code repository for
names of Þles, packages, classes,funct ions using the stat ic
analysis tool, Understand , from Scit ools. We then remove
names that are dict ionary words (such as console, strin g, or
connect ) and common project terms (such as ht tp or ant )
from this set. Messagesthat include thesesourcecodenames
are classiÞed as product and the rest are classiÞed as process.
Th is is not a perfect automat ic classiÞcat ion method; some
messages could be classiÞed as fallin g into both categories,
some neither, and di! erent people may even di! er in their
classiÞcat ion of messages. Manual random samplin g of the
classiÞcat ion of messagesshowed an accuracy of above 90%.

We examine the modularit y of the social networks con-
structed from product messages, process messages, and all
messages to conÞrm or refute hypothesis 2. Since we ex-
pect the product based networks to have stronger commu-
nit y structure, We use a one-tail paired Wilc oxon test (a

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

4.6 Communication and Collaboration
Hypothesis3 proposesthat the developers from the same

email subcommunit y will be more lik ely to collaborate than
developers from di! erent subcommunit ies. We answer this
question by examining the average level of collaborat ion be-
tweendeveloperswit hin and betweensubcommunit ies in the
following quant it at ive manner.

Let D represent the set of developers that are act ive in a
given t ime period for a project . Let s(x) represent the sub-
communit y of developer x and let f (x) represent the set of
Þles modiÞed by developer x for the same t ime period. Now
deÞne two populat ions Psame and Pdif f 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 Pdif f . Psame represents collaborat ion betweendevelopers
in the same subcommunit y and Pdif f represents collabora-
t ion between di! erent subcommunit ies. Since the majorit y
of pairs of developers donÕtwork on any Þles together, nei-
ther of thesepopulat ions are normally distrib uted, making
a t -test inappropriate [10, 20]. We therefore use a two sam-
ple Wilc oxon test to test the di! erence in means between
the populat ions. I f developers in the same subcommunit y
are more lik ely to collaborate on Þles together, the mean of
Psame will be higher than Pdif f t o a stat istically signiÞcant
degree, valid at ing hypothesis3.

4.7 Task focusin Subcommunities
Hypothesis 4 proposes that developers wit hin the same

subcommunit y will be more lik ely to work wit hin speciÞc
areas or subsystemswit hin the code base. In order to quan-
t ify thisÒscopeof act ivit yÓ, weexamine theaveragedirectory
t ree distance between all pairs of Þles that are commit ted
to by developers wit hin each subcommunit y (weighted by
the number of commit s). Smaller distancesbetweenpairs of
Þles for a given group of developers indicates smaller scope
and more focus. Th is methodology is based on the com-
mon (albeit not universal) pract ice of basing the directory
structure on the archit ecture of the system. An examina-
t ion of the layout of Þles in each of the projects indicates
that this is t rue. Th e null hypothesis is that the weighted
average distance between all pairs of Þles commit ted 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 expect that the directory t ree distance
between commit ted Þles will be smaller for developers from
the same subcommunit y. We compare the observed average
distances between all pairs of Þles commit ted to by devel-
opers in one subcommunit y to a large number of randomly
chosen same-sized sets of developers.

We also manually inspected the communicat ion and de-
velopment act ivit ies of subcommunit ies of part icipants in
order to assessif there were cohesive or focused tasks being
addressed.

5. RESULTS
We now present our Þndings aft er performin g the above

data gathering and analysis in order to conÞrm or refute
our hypothesesregarding the social structure of theseopen
source projects.



5.1 Community Structur eExists
We found strong levelsof communit y structure in all of the

projects studied. Th e value of the modular i ty measure Q, as
deÞned in 4.3, rangesfrom 0.4 to 0.8. Th e range 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 wit h a communit y st ructure value
of 0.76 that is taken from the Perl project for the months of
April to June of 2007. Th is example was chosen because of
it s relat ively small size in relat ion to the other t ime periods
and projects studied5. In Figure 3, an edge represents one
or more messagesbetweenpart icipants; edge weights, albeit
used by the algorit hm, are not depicted graphically. Sev-
eral dist inct subcommunit iescan be seen; typically the edges
wit hin subcommunit ies represent frequent communicat ions.
Newman has found that in naturally occurrin g networks,
modularit y values of 0.3 and above indicate strong commu-
nit y structure [51]. As can be seen in Figure 5 we found
valuesin this range both before and aft er Þlt ering messages.

●
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F igure 2: Bo x plots of the str ength of comm unit y str uctur e

for the var ious pr o j ects studied.

SigniÞcance of Observed Modular i ty: Th e question, arises,
are thesevalues of modularit y stat ist ically signiÞcant? Do
the empiric ally observed modularit y valuesreßect something
special 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 act ive, but had di! erent associ-
at ions? If the lat ter is t rue, that would suggest that who
people talk to doesnÕtmat ter, only how much they talk.
Our claim, however, is that subcommunit ies form because
people deliberately choose who they communicate wit h.

A comparison of modularit y values of the random net-
works wit h the same degree distrib ut ions wit h those from
the actual networks can reject the null hypothesis at far
below the .001 level. An example of a modularit y distrib u-
t ion for Ant from April to June of 2006 is shown in Figure
4. Th e point on the right indicates the observed network
and the curve shown is the distrib ut ion of modularit y val-
ues obtained from random networks wit h the same degree
distrib ut ion. Th erefore we reject the null hypothesis that
the observed modularit y valueswould occur in a bazaar-lik e
social network where individ uals were just as socially ac-

5Graphs of the networks for each t ime period of each project
can be viewed at ht t p: / / j anus. cs. ucdavi s. edu/ ~cabi r d/
cs- gr aphs.
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F igure 5: The di! er ence in str ength of comm unit y str uc-

tur e in the P ostgr eSQL pr o j ect ov er time when Þlter ing on

messages that include pr oduct-r elated ter ms.

t ive as in the observed network. Th erefore we conclude that
Hy pothe sis 1 is conÞrmed.

5.2 Effect of Product and ProcessTopics
While we ident iÞed strong communit y structure in the so-

cial networks prior to the Þlt ering steps, more clearly delin-
eated subcommunit ies emerge when constraining the com-
municat ion that we use in our analysis to messages direct ly
ment ioning product topics, viz., emails that speciÞcally name
actual code art ifacts.

As an example, Þgure 5 shows the modularit y found in
the PostgreSQL project over t ime when using the process
messages on the developer mailin g list and when using the
product messages (i.e., those that ment ion source code art i-
facts direct ly) .

Table 2 shows the average increase in modularit y when
we include only the product topic emails. We examined the
di! erences between the Þlt ered and unÞlt ered values using
one-tailed paired Wilc oxon tests.

To assesthe stat ist ical signiÞcance of the result s, since we
are testing mult iple hypotheses(5 in this case), the individ -
ual p-values durin g testing were adjusted using Benjamini-

http://janus.cs.ucdavis.edu/~cabird/cs-graphs
http://janus.cs.ucdavis.edu/~cabird/cs-graphs
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Name Apache Ant Pyt hon 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 29.9 26.4

Tabl e 2: Means of the mo dular it y when ex amining only

product emails, only process emails, or all emails. P -v al r epr e-

sen ts the statistical signiÞcance of a pair ed Wilco x on test of

product and process p opulations p er pr o j ect. The b ottom r ow

is the pr op or tion of messages (as a %) that r elate to pr oduct

topics

Hochberg adjustment for mult iple hypotheses[5]. Th is pro-
cedure maintains an overall false posit ive rate of below 0.05
(this is known as the False Discovery Rate). Th e result s
were stat ist ically signiÞcant wit h p-values below .05 in all
cases.

Note that an increase in modularit y when Þlt ering the
edges in a network is not a foregone conclusion. Rather, we
did not seean increase in modularit y when examining only
the process emails relat ive to all emails. A comparison of
the modularit y basedon process and product topic emails in
addit ion to the ent ire network (labelled ÒAllÓ) is shown in
Table 2. Th is indicatesthat thegroupings into subcommuni-
t ies is much stronger when discussions direct ly related to the
source code arise. Thus Hy pothe sis 2 is conÞrmed. Th is
a"rma t ive answer to H2 suggests that successful projects
tend to focus into subcommunit ies for product -related work,
but discuss process-related issues more broadly. As we do
not have examples of unsuccessful projects, it is unclear if
this phenomenon is a di! erent iat ing characteristic of success.

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

rat ion between developers wit hin and between subcommu-
nit ies. SpeciÞcally we measure the average number of Þles

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

We found that in four of the Þve projects, (See Table 3)
developers worked together on the same Þle wit h people in
their own subcommunit y much more oft en than people in
others on average. We show the p-values for a Wilc oxon
test which were adjusted for mult iple hypothesestesting.
Th e result s are generally stat ist ically quit e signiÞcant (same
subcommunit y distrib ut ion was signiÞcant ly higher than the
di! erent subcommunit y distrib ut ion).

Pro ject Ant Apache Perl Postgres Pyt hon
Wilc oxon

P-val 0.000 0.052 0.502 0.000 0.000

Tabl e 3: P r obabilit y values for non-par ametr ic tests of dif -

fer ence in means and di! er ence in distr ibutions of co-commits

of dev elop er s b et w een sub comm unities and within sub com-

m unities cor r ected for m ultiple hy p othesis testing.

Note that in this case, we use the communit y structure
obtained from the product-related networks, since theseare
product -related work act ivit ies.

Unfort unately, in the case of Perl, while we were able to
accessrepository logs, we were unable to obtain the actual
repository Þles and therefore could not run our stat ic anal-
ysis tools on them to get names of funct ions or classes.Th e
key terms for Perl were limit ed only to the Þlenames in the
repository. Consequent ly, the division of part icipants into
subcommunit ies based on product messages may not be as
accurate as in the other projects. Th erefore, the experiment
on Perl was incomplete, and our result s are inconclusive.

Weconclude that for theAnt , Apache, Postgresand Pyt hon
projects, since developers have higher collaborat ion levels
wit h other developers in their own subcommunit y than wit h
developers outside of their subcommunit y, the communit y
structure of the social networks does hold relevance to the
actual development e! ort . Thus Hy pothe sis 3 is conÞrmed.



Th is suggests that in successful projects, co-commit behaviour
is strongly lin ked wit h social interact ion.

5.4 Activity FocusWithin Subcommunities
Aft er performin g the directory distance analysis describ ed

in sect ion 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 quanti tati vely conÞrmed.

Alt hough there were caseswhere the average distance for
Þles from a subcommunit y of developers was far smaller
than the average for all tests of random sets of develop-
ers, the t rend was not consistent throughout . Th ere are two
possible reasons for this inconclusive result ; either the hy-
pothesis is incorrect and the groups did not have a speciÞc
task focus, or our directory t ree distance measure for Òtask
focusÓlacks construct valid it y and doesnot adequately cap-
ture what weÕret ryin g to measure. In order to shed light on
the mat ter, we mounted a casestudy to t ry understand the
topics of discussion and the commit behaviour, of developers
in subcommunit ies.

Case Studi es We carefully studied the email s on developer
list s and commit s to Þles in source code repositories. Th is
informat ion represents the actual work that goes on in the
projects on a daily basis. We therefore examine this data
for the groups of part icipants ident iÞed by the communit y
structure algorit hms. Our goal was to determine if there
were common tasks, topics, or part icular subsystems in the
act ivit ies of part icipants in subcommunit ies. We have iden-
t iÞed t ime periods and subcommunit ies where theseindica-
tors have emerged and discuss examples of thesehere. We
found that the subcommunit iescan be categorized into three
types,which we characterize wit h examples in the casestud-
ies below.

We also examined the development and communicat ion
act ivit ies of people in the groups ident iÞed to see if they
were in fact workin g together on common tasks. Due to
the sheer number of groups ident iÞed over the life of all
Þve projects, a comprehensive manual inspect ion was not
possible. We therefore studied a few caseswhere the work of
groups seemedstrongly focusedon one part of the directory
structure, and cases where it seemedstrongly unfocused.
Th esecaseswere quit e instruct ive.

A subcommuni ty in Apache Th e Þrst category of communit y
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 subcommunit y consisted of
Rowe and Th orpe (developers) as well as Deaves, Adkins,
and Chandran. Th ey discussedsome bug Þxes to mod_ssl,
the apache interface to the Secure Sockets Layer (SSL) . Top-
ics included issues wit h incorrect input / output code, mod-
ule loading, unloading and init ializat ion, and integrat ion of
mod_ssl wit h the server. Nearly all the discussion is about
the SSL code, and virt ually all of the Þles modiÞed by peo-
ple in this group durin g this t ime period are in the mod-
ules/ssl directory. Clearly, this is a subcommunit y wit hin
the Apache project that is focused on a part icular task. In
other cases,groups of part icipants were not focused on one
single topic or task. Oft en this would occur when one or
two developers worked on two or more disparate areas of the
code base, thus drawing two communit ies together. Th ere
were also a smaller number of cases where no clear topics

were dist inguishable from the changes to Þles or the email
messages. Many of theseoccurred relat ively close to release
dates.

A subcommuni ty in Python Th e second type of subcommu-
nit y had a clear focus in both discussion and content of
development behaviour, but the locat ions of the modiÞed
Þles cross-cut the directory structure. From April to June
of 2003, the Pyt hon developer mailin g list s provides an in-
struct ive illu strat ion of this phenomenon. Th e key part ici-
pants in one ident iÞed group of the pyt hon communit y are
Hylt on, Cannon, and Fult on. Durin g this t ime Hylt on was
diagnosing memory leaks in Zope, an object oriented web
applicat ion server writ ten in pyt hon6. Using unit tests, Hyl-
ton t racked down problems in the garbage collect ion code.
Th ere are several related messages on the mailin g list . Ful-
ton, Paul Prescod, and Hylt on discuss the use, semant ics,
and expected behavior of the garbage collect ion APIÕson
both the C and Pyt hon part s of the code base, wit h ex-
ample code of their use posted. Th e discussion result s in
several changes in the Þles relat ing to garbage collect ion.
Ext ensive changes are made to / Modul es/ gcmodul e. c and
in other areas of the pyt hon interpreter such as funct ion ob-
jects in / Obj ect / f uncobj ect and handlin g of pickled objects
in / Modul es/ cPi ckl e. c. Th e t racing and inspect ion mod-
ules of the pyt hon interpreter are also modiÞed to enhance
future debugging of the GC code. In addit ion, while testing
this code, a few of the unit tests fail and discussions ensue
between Hylt on and Cannon, result ing in diagnosis and re-
mediat ion of bugs in the unit test code per se. Changeswere
made to ur l l i b2. py, ht t pl i b. py and st r pt i me. py, inter
ali a. Figure 6 is a snapshot of this group of cont rib utors
along wit h the directories that they commit ted to. Dia-
monds indicate developers, ovals are part icipants, and rect -
angles are directories. Clearly, this group is operat ing as a
team to accomplish a common goal: improving the qualit y
of the garbage collector. However, the issue dealt wit h has
part s scat tered across the code base. Th e the garbage col-
lect ion code is a concern that cuts across the module and
directory structure, i .e. it is an aspect . Th is leads to the in-
teresting observat ion that even if a feature is cross-cut t ing,
a! ects a broad swath of Þles, the discussion surrounding it
may be cohesive, and involvesa well-deÞned subcommunit y
of developers. Th is suggests in fact , an alt ernat ive approach
to aspect -mining, basedon Þnding apparent ly unrelated Þles
that consistent ly are worked on by groups of developerswit h
strong social t ies.

Sub-communi ti es in other projects We studied several sub-
communit ies 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
subcommunit y works solely on embedded SQL in C, and an-
other focuseson updat ing the SGML documentat ion source.
In the following t ime period, a group emergeswhoseact ivit y
and discussion concerns the development and testing of the
postrgesJDB C dri ver (wit h source code and test code span-
ning the code base wit hin the JDB C subt ree) and another
much smaller group works on Unicode support .

Th ere are other subcommunit ies whose focus is not as
localized wit hin the system. Durin g 10/ 2001 to 12/ 2001,

6For details, seeht t p: / / www. pyt hon. or g/ ~j er emy/ webl og/
0304. ht ml
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F igure 6: One sub comm unit y of par ticipan ts in the py thon comm unit y f r om A pr il to June 2003. Diamonds ar e dev elop er s,

ovals ar e par ticipan ts, and r ectangles ar e dir ector ies committe d to (in lieu of the lar ge num b er of Þles committed to).

we Þnd two subcommunit ies whose tasks broadly span the
Ant codebase. One large group, wit h 29 part icipants (in-
cluding 5 developers) focuseson t racing and debugging. Al-
though their code modiÞes Þles in many di! erent places,
their changes broadly add logging calls, debugging output ,
and assertions. Another group of 9 part icipants and 3 devel-
opers is workin g on ant build tasks, many speciÞc to other
non-ANT and commercial software, including EJB, Visu-
alA ge, Perforce, JUnit , and Sit raka products. Th e a! ected
Þles are scat tered across di! erent packages. In addit ion,
many test cases, in an ent irely di! erent part of the systemÕs
directory structure are also updated.

In the third type of subcommunit y there was more than
onepart icular topic or task under discussion or development .
Oft en this would occur when one or two developers worked
on two or more disparate areas of the code base, thus draw-
ing two communit ies together. We also noted a few cases
where no clear topics were dist inguishable from the changes
to Þles or the email messages (a number of these casesoc-
curred relat ively close to release dates).

In conclusion, Hy pothe sis 4, concerning the focus of
subcommunit ies around cohesive tasks, is a complex mat ter.
Sub-communit ies sometimes relate to closely connected Þles
in the same module, and sometimesnot . Our casestudy sug-
gests a possible explanat ionÑ perhaps, sometimes, the focal
task relates to cross-cut t ing concerns. We are current ly ex-
plorin g this issue, especially as it relates to the possibilit y
of automat ically mining socially and conceptually coherent ,
cross-cut t ing concerns; this might suggest either refactorin g,
or int roducing the use of Aspect -oriented programming.

6. THREATS TO VALIDITY
We detect social lin ks between developers using just the

developer mailin g list . Wh ile this is the prescrib ed venue for
engineering discussions (due to it Õsbroadcast nature) [7, 22,
34, 46], we miss other potent ial developer interact ions, such
asprivateemails, irc channels,or discussions in bug report s.

Wh ile there appears to be a relat ionship betweendevelop-
ment act ivit y and communit y structure, it is import ant to
note that no causal lin k has beenestablished. Furt her work
is required to determine if the social lin ks driv e collaborat ion
or vice versa, (or if they are both result s of an unobserved
phenomenon).

Th e biggest threat is to external valid it y. As wit h most
studies of open source software, the projects for study were
chosen based on certain crit eria as ment ioned in sect ion

4.1. Th is necessary bias in select ion means that we are not
randomly samplin g from the populat ion of OSS projects.
Th erefore, while theseresult s may be similar to what occurs
in projects that donÕtÞt thesecrit eria, we have no evidence
to support that assertion. In addit ion, as an examinat ion
of just Þve projects, theseresult s may not generalize even
to other projects that Þt the same crit eria. We believe that
they would, but some have argued otherwise [6].

7. CONCLUSION
We have mined the communicat ion and development data

for Þve large open source projects and tailored an algorit hm
to search their email social networks for evidence of sub-
groups, whose act ivit ies are direct ly related to the software
art ifact . We found that in all cases,evidence of strong com-
munit y structure existed wit hin the communicat ion pat terns
of the part icipants, and that the structure was more modu-
lar when discussion focuseddirect ly on source code art ifacts.
In addit ion, in all caseswhere our data was complete, the
division of the project into subcommunit ies was also repre-
sentat ive of the collaborat ion behavior of the developers. A
quant it at ive analysis of the task focus for the various sub-
communit ies was inconclusive, but some case studies indi-
cated that the task focus of subgroups does exist in many
cases, though it may be subt le and varied in nature. Th e
casestudy suggests some direct ions for future work, both in
socio-technical congruence, and in aspect -mining. Th e dy-
namics of thesesubcommunit ies such as turnover rate and
migrat ion are topics that we plan to investigate as well.
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