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ABSTRACT

Networks are a general language for representing reldtinfoa-
mation among objects. An effective way to model, reason gbou
and summarize networks, is to discover sets of nodes with- com
mon connectivity patterns. Such sets are commonly refaored
network communitiesResearch on network community detection
has predominantly focused on identifying communities afsgdy
connected nodes in undirected networks.

In this paper we develop a novel overlapping community de-
tection method that scales to networks of millions of noded a

edges and advances research along two dimensions: theceonne

tivity structure of communities, and the use of edge dirdoéss
for community detection. First, we extend traditional digfams of
network communities by building on the observation thatesochn
be densely interlinked in two different ways: tohesivecommu-
nities nodes link to each other, whileZamodecommunities nodes
link in a bipartite fashion, where links predomin&ietweerihe two
partitions rather than inside them. Our method succeydfefiects
both 2-mode as well as cohesive communities, that may akse ov
lap or be hierarchically nested. Second, while most exjstiom-
munity detection methods treat directed edges as thoughitbre
undirected, our method accounts for edge directions andlées a
to identify novel and meaningful community structures inhodi-
rected and undirected networks, using data from sociddical,
and ecological domains.

Categories and Subject DescriptorsH.2.8 [Database Manage-
ment]: Database Applications Bata mining

General Terms: Algorithms, theory, experimentation.

Keywords: Network communities, Overlapping community detec-
tion, 2-mode communities.

1. INTRODUCTION

Networks are a powerful way to model relational information
among objects from social, natural, and technological dosaélet-
works can be studied at various levels of resolution ranfiom
whole networks to individual nodes. Arguably the most ubleftel
of resolution is at the level of groups of nodes. Studyingugsoof
nodes allows us to identify and analyze modules or compsnent
of networks. For example, understanding the organizatfamet
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Figure 1: Two types of networks (directed and undirected) ad
two types of communities (cohesive and 2-mode). While re-
search has predominantly focused on undirected-cohesivem-
munities (top left), we develop a method that can detect cokhe
sive as well as 2-mode communities in both directed and undi-
rected networks.

works at the level of groups helps us to discover functiookds of
proteins in protein-protein interaction networks|[36]lifical fac-
tions in a network of blogger$][1], social circles in onlinecil
networks[[31], or even topics in word association netwdgjs [

One way to understand networks at the level of groups is to-ide
tify sets of nodes with similar connectivity patterns. Titehal
methods aim to find networkommunitieswhich are defined as
groups of nodes with many connections among the group’s mem-
bers, but few to the rest of the netwofK [2,] I1] 14, 34]. Howeve
dense communities are but one kind of group structure inon&sy
and there may be other structures that help us to understtnd n
works better. For example, consider a Twitter follower retnand
the “community” of candidates in the 2012 U.S. presiderglat-
tion. This community is not densely interlinked, in the setisat
the candidates do not follow each other; thus we would noble a
to find this community if we were to use traditional methodatth
search for densely connected sets of nodes. However, such co
munities can be identified because they form around nodesavho
edges have similar endpoints. Continuing our examplejgeatal
candidates form a community in Twitter not because theyyoll
each other but because a common set of “fans” follows them.

Thus communities can be characterized by the connectivitg-s
ture between the membeaied alsoby the connectivity structure of
the members to the rest of the network. We refer to these cemmu
nities as2-mode communitiegor example, in case of “fans” link-
ing to “celebrities” members of a community may be linkedtte t
same set of endpoints, even if they do not link to each other: S
ilar examples also exist beyond social networks; for examiol
protein-protein interaction networks, some protein cares act
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as bridges or regulatorise., they do not interact among themselves
but regulate/interact with the same set of proteins [36].

both sendsnd receives links from other members); 2-mode com-
munities are modeled with unidirectional memberships wiseme

Another common assumption made by many present community members mostly send/create linke( fans) while others mostly

detection methods is that networks anedirected[34, [43]. This
implies that relationships between connected nodes arensyim
ric or reciprocal. However, in directed networks relatiops are
asymmetric, as with our previous example about “fans” whiofo
“celebrities”. Even though methods can often be adaptecmalle
directed networks, this is often done in an ad-hoc fashéog, by
treating directed edges as though they were undirected)cand
lead to unexpected or undesirable restlts [14) 26, 39]. Mae
by ignoring edge directedness important information majobg
especially if relationships are predominantly non-reagjal as in
predator-prey network§ [26] or in social networks like Tt

Present work: Detecting cohesive and 2-mode communities in
directed and undirected networks.Here we consider new notions
of community linking structure that go beyond thinking ofmmu-
nities as internally well-connected sets of nodes. Our vebekns
from social network literature on structural equivaleri@g \vhere
it has been noted that social homogeneity.(social communities)
arises not only between nodes that link to each other ihternal
group connectivity, but also between nodes that link to the rest of
the network in a coordinated way.€., external group connectiv-
ity). In particular, we consider different notions of “commiigs”
that are depicted in Figufd 1. We differentiate betweehesive
communities (Figl1l, Cohesive) admodecommunities (FiglI1,
2-mode) where nodes link in a bipartite fashion with linkegwm-
inantly appearing between partitions rather than insidenth

While existing community detection methods typically fean
Undirected-Cohesive or Directed-Cohesive communifids 4,
[26,[3443], the focus of our paper is on developing methods th
can detect communities of all four different types depidte&ig-
ure[d. By modeling each of these definitions in concert, wahle
to capture the complex structure present in networks.

Present work: Communities through Directed Affiliations. We
presentCoDA (Communities through Directed Affiliationa)meth-
od for overlapping community detection that scales to netwo
with millions of nodes and tens of millions of edges. CoDA ex-
hibits the following three properties: (1) It naturally dets both
cohesively connected as well as 2-mode communities. (2)ACoD
allows cohesive and 2-mode communities to overlap or bahier
chically nested. (3) CoDA naturally allows for communityteie
tion in directed as well as undirected networks.

We develop our community detection method by first present-
ing a generative model of networks where edges arise frofit affi

ations of nodes to cohesive and 2-mode communities. Thentwe fi

the model to a given network and thus discover communities.

Our model starts with a bipartite affiliation gragh [25] 43}, 4
[47], where nodes of the underlying network represent oryetlaf
the bipartite graph and communities represent the othgreg&de-
tween network-nodes and community-nodes in the affiliagiaph
represent memberships of nodes to communities. Howeveapmu
proach has a simple but critical innovation: while membipsiof
nodes to communities have previously been modeled as ehetite
we model the memberships disected

Though simple on the surface, this modification leads totambs
tial changes in the modeling capability of affiliation netlvonod-
els. In particular, a directed affiliation between a node amdm-
munity models whether the nodendsor receives(or both) links
to other members of the community. Directed affiliationewlus
to simultaneously model cohesive as well as 2-mode comieanit
In cohesive communities node affiliations are bidirectigaanode

receive themi(e., celebrities).

Having defined the node-community affiliation model we then
develop a method to fit the model to a given network. Our model
fitting procedure builds on that of the BigCLAM community eet
tion method[[45]. Although we solve a more complex probleemth
BigCLAM (i.e., we find both 2-mode as well as cohesive communi-
ties), we employ similar approximation techniques. Uraiently,
methods for overlapping community detection could onlycpss
networks with up to around 10,000 nodgs][16]. In contrasD&o
can easily handle networks that are two orders of magnidet:
millions of nodes, tens of millions of edges. Moreover, CoBs
be easily parallelized which further increases the schithabi

Present work: Experimental results. We evaluate CoDA on a
number of networks from various domains. We consider solial
ological, communication, and ecological networks. We @&sbA

on networks with explicitly labeled ground-truth commust [31,

[44] as well as on networks where communities can be manually
examined.

Experiments demonstrate that CoDA’s ability to detect Zeno
as well as cohesive communities leads to improved performan
over the existing state-of-the-art. For example, whendiigig so-
cial circles in the Google+ online social network, CoDA give
relative improvement in accuracy of 36% over Link clustgr{g]
(28% over MMSB [[3], 25% over clique percolatidn [34] and 21%
over DEMON [11]).

More importantly, CoDA facilitates novel discoveries abthe
community structure of networks. For example, we find that 2-
mode communities in foodwebs of predatory relations betvare
ganisms correspond to groups of predators who rely on simila
groups of prey. Interestingly we find that in scientific papia-
tion networks, protein-protein interaction networks, alas web
graphs, the majority of detected communities are 2-modev-Ho
ever, in social networks where edges signify reciprocahiiiships,
cohesive communities are more frequent. In Twitter or Geegl|
where relationships are asymmetric, 2-mode communitipeere
sent a significant portion of the network (20% in Twitter afi¥3
in Google+).

Further related work. While there exist a number of different def-
initions of network communitied [14], traditionally, conumities
have been thought of as densely connected sets of riddes [B4,12
[37]. In contrast, the notion of structural equivalence ssgg that
nodes with similar connectivity patterns may be consideredm-
munity even if they do not link to each othér [9.] L7] 23]. Ourkvo
here builds on both notions of network communities and gitesm
to resolve them by using a single, unified model.

Detecting communities of densely connected sets of nodas is
extensively researched ar¢al[l4} 30,[35, 42] with a pletbbdif-
ferent algorithms and heuristics. For example, separatiods
have been proposed for detecting communities in undirewed
works that are disjoint |4, 13, 2L, B8.140], overlappihg[[31&,
[34,[43], or hierarchically nested][2,144]. On the other hatedec-
tion of 2-mode communities has been much less researched. An
exception here iJrawling [23], which is a method for extracting
2-mode communities in large directed networks. The ciitder-
ence with our work here is that Trawling only identifieemplete
bipartite subgraphs of a given directed network. In comtrasr
method is able to identify cohesive as well as bipartite comim
ties in directed as well as undirected networks.



Conceptually CoDA is related to existing work d&ock mod-
els which are in principle capable of detecting cohesive a$ agl
2-mode communities [3, 16, 18]. Our work differs from such ap
proaches in terms of how communities overlap and are higirarc
cally nested. We also emphasize the scalability of CoDA cmexb
to these approaches.

CoDA is an example of an affiliation network modgl[25] 43,
[45,[47]. While existing affiliation network models can onlpdel
undirected cohesive communities, the crucial differerare s our
ability to modeldirectednetworks an®-modecommunities.

The rest of the paper is organized as follows. Sedflon 2 define
the affiliation network model and Sectibh 3 discusses theairfitel
ting procedure. We present experimental results in Sestf@and’b,
and conclude in Sectidd 6.

2. DIRECTED COMMUNITY

AFFILIATIONS

We start by presenting a stochastic generative model ofarksy
in which the probability of an edge appearing between a pair o
nodes depends on the community affiliations of thise nodes. W
then develop an efficient model fitting procedure which atider
detecting community affiliations of nodes in a given network

We describe our model in the context of directed networks and
then show how it can straightforwardly be adapted to untiiec
networks. Our model builds upon BigCLAM, an affiliation mode
for overlapping network communities [45]. However, wher8ig-
CLAM focuses on finding onlgohesiveeommunities inundirected
networks, our work here aims to find 2-mode communiéigsvell
ascohesive communities in both directed and undirected misvo

Directed Affiliation Network Model. We begin with the intuition
that a desirable model of communities in directed netwohkaikl
exhibit two properties. First, communities should be medetot
only in terms of their internal connectivity, but also inres how

(@) Node community affiliations

(b) NetworkG

Figure 2: (a) Directed node community affiliation graph.
Squares: communities, Circles: nodes of networkG. Affilia-

tions from nodes to communities indicate that nodesreate
edges to other members in those communities, while affiliains
from communities to nodes indicate that nodegeceive edges
from others. Community A is cohesive, whileB is a 2-mode
community. (b) Network G corresponding to model in (a).

members of the community, or both. Therefore, we assume that
nodes in directed networks can have two “types” of commuaility
filiation: “Outgoing” affiliations from nodes to communiienean
that in the network the nodeendsedges to other members of the
community. And, “incoming” affiliations from communities hodes
mean that nodegceiveedges from other community members. We
model this usinglirectedmemberships between nodes and commu-
nities: outgoing memberships and incoming memberships.
Formally, we denote a bipartite affiliation graphaéV, C, M),
whereV is the set of nodes of the underlying netwarkC' the set
of communities, and/ a set of directed edges connecting notles
and communitie€”. An outgoing membership edge of nodec
V to communityc € C is denoted agu,c) € M and, and an
incoming membership is denoted @su) € M.
Now, given the affiliation grapti(V, C, M), we need to specify
a process that generates the edfjexf the underlying directed net-
work G(V, E). To this end we consider a simple parameterization

members connect to non-members. Second, the model should acwhere we assign a single parameigto every community: € C'.

count for asymmetries,e., directedness, of edges between nodes.
We later demonstrate that accounting for these two prag=eis
important. Perhaps surprisingly, our method gives impaqwerfor-
mance even when modeling communitiesuimdirectednetworks.
This is due to the fact that when edge directions are not @xpli
relationships in the network may still be (implicitly) asymatric,
and identifying such asymmetries leads to improved perémce.

We proceed by formulating a simple conceptual model of net-
works that we refer to as@irected Affiliation Network ModeOur
work builds on a family of affiliation network models|[8], hewer,
existing affiliation models are typically designed to handbhe-
sive communities in undirected networks[25] 43,[45, 47iehee
extend such models in order to capture cohesive as well asd2m
communities in directed as well as undirected networks.

To represent node community memberships, we consider a bi-

partite affiliation graph where the nodes of the network t(irat

layer) connect to communities (top layer) to which they hglo
(Figure[2(@)). Edges of the underlying network (Figure JR(bgn

arise due to shared community affiliations of nodes.

Consider for a moment an undirected network; when a node be-

longs to a community in such a network it typically means that
node has (undirected) edges to other members of the comymunit
This type of community affiliation can be modeled using a bipa
tite graph of nodes and communities where undirected aififia
are formed between nodes and communifies[[25, 43, 45, 47].

In directed networks, however, we need a richer notion of-com
munity affiliation (Figurd 2(3)): a node mayeateedgesto other
members of a community, and it alseceive edgesfrom other

The parametey. models the probability of a directed edge forming
from a member node with anoutgoingmembership to community

¢ to another member of ¢ with anincomingmembership. In other
words, we generate a directed edge between a pair of nodes wit
probabilityp. if they are connected iB with a 2-step directed path
via communityc. Each community: creates edges independently.
However, if two nodes are connected by more than one comgunit
duplicate edges are not included in the graplv, E).

DEFINITION1 (DIRECTEDAFFILIATION NETWORK MODEL).
Let B(V,C, M) be a directed bipartite graph whefe€ is a set of
nodes,C' is a set of communities, and’ is a set of directed edges
betweenV’ and C. Also, let{p.} be a set of probabilities for all
¢ € C.GivenB(V,C, M) and {p.}, the model generates a di-
rected graph(V, E) by creating a directed edge:, v) from node
u € V to nodev € V with probability p(u, v):

plu,v)=1— ] @ —=ps),

keCuyv

@)

whereC,,, C C'is a set of communities through whighthas a 2-
step directed path to (Cuv = {¢|(u, ¢), (¢,v) € M}). If Cup =
@ then we sep(u,v) = 1/|V|.

Our Directed Affiliation Network Model and the underlyingrge
erated network are illustrated in Figlrke 3. Directed affiias are
able to explain the overlapping nature of cohesive as w&lasde
communities. For example, imagine a Twitter network among a
community of music fansA4), a community of movie fansg),



Figure 3: Affiliation graph (top) of the Directed Affilation N et-
work Model that corresponds to the network adjacency matrix
(bottom). It contains two overlapping cohesive {, B) and two
overlapping 2-mode (C, D) communities. Black edges in the
affiliation graph denote bidirectional community membershps
and red edges denote unidirectional memberships.

a group of famous singer€’, and a group of famous actor®y.
Members in communitiest and B build bi-directional social re-
lationships inside their respective communities. Somessaday
belong to both communitied and B as they are interested in both
movies and music. As for one-directional relationshipscam eas-
ily see that music fans would follow singer€’ and movie fans
would follow actors D). Together, these relations would form the
adjacency matrix at the bottom of Figlide 3. Our model cattiris
complex community structure very naturally, as shown ince-
munity affiliation graph above the adjacency matrix, whemreeg
nodes represent music fan$)( blue nodes are movie fan8j, red
nodes are fans of both movies and music, ivory nodes arersinge
(C), and purple nodes are actor®)( Affiliations between nodes
and cohesive communitiesand B flow in both directions because
members of those communities have reciprocal relatiosshith
each other, whereas fans and celebrities belonging to 2 rmooah-
munitiesC' and D have edges flowing in only one direction (fans
follow celebrities, celebrities are followed by fans).

More generally, our model has two important advantages over
existing approaches [25,143.145] 47]: First, CoDA can moeiral
overlaps between communities. It has been shown that coitynun
affiliation models for undirected networks [43] can modeinoou-
nity overlaps accurately, which traditional models of dapping
communities fail to capture_[2.] 8. B4]. The model also caggur
realistic community overlaps because its modeling pogesrer-
alizesthat of other community affiliation models for undirected
networks,i.e., CoDA can model overlaps between cohesive com-
munitiesin addition to2-mode communities. The second advan-
tage of our model is its ability to model 2-mode communitigg.
modeling such communities, we can better capture the ittiera
between groups of nodes. This is a significant improvemeet ov
current methods that model only interactiamighin communities.

3. COMMUNITY DETECTION

Given an unlabeled, directed netwofkV, E'), our goal is to
identify cohesive as well as 2-mode communities. We achtieige
by fitting our Directed Affiliation Network Modeb G(V, E), i.e.,
by finding an affiliation graphB and parameter§p.} that maxi-
mize the data likelihood. For now, we assume that the number o
communitiesK’ is given; we will later discuss how to automatically
determinekK. We aim to solve the following Maximum Likelihood
Estimation problem:

argmax Z log p(u,v) + Z log(1 — p(u,v)),

PAre} (4 o)eE (u,0)ZE

where the edge probability(u, v) is defined in E.1L.

Eq/2 leads to a challenging optimization problem. Spedifida
involves a combinatorial search over all possible affiiatgraphs
B [43]. Therefore, we develop an approximate algorithm fdi-op
mizing Eq[2. We achive this by relaxing the original problegn
changing binary memberships into real-valued memberships

We build on the intuition from the BigCLAM[45] optimization
procedure and begin by introducing variables to representiem-
berships of the nodes. As noted earlier, we distinguish sidde
coming memberships and outgoing memberships. In partideta
M, indicate whether the nodebelongs to community with an
outgoing membership, and, . indicate whether node has an in-
coming membership fat. Now Eq[1 can be represented as:

p(u,v) =1-— H (1—pe)=1- H(1 — po)MuelLve,

ceCyw c

@)

By applying the change of variablds— p. exp(—ac) with
a. > 0, the equation becomes linearid, L, anda..:

p(u,v) =1 — exp(— Z MucoeLye).

We then further simplify the equation by lettidd.. = +/ctc Mauc
and L. = \/@cLye.

p(u,v) =1 — exp(— Z Mucf/uc).

So far, we have not used any approximations and the problem
is still combinatorial since the variables remain reseictVl,. €
{V/e@e, 0} andL,. € {\/ac,0}.

However, note that we can interpr&f,,. as the strength of the
membership of node to communityc. Thus the conditiod\/,,. €
{{/ac, 0} simply means that if node belongs toc, it would be
connected to other member nodes:with the factor,/a., which
determinew.. The same argument also appliedtg..

Now we replacel,.. and L. with nonnegative continuousl-
ued membership$’,. and H,., respectively. The advantage here
is that now each node can pick the “strength” of its member&hi
a given community: A high value af,,. means that the nodehas
many outgoing edges towards other members wfhile high H,.
means that node has many incoming edges from other members
of c. Now we ca write:

plu,v) =1— exp(—FquT).
And we transformed E§[] 2 into a continuous optimization pewh
{F,H} = argmax [(F, H) (3)
F,H>0

where

W(FH)= > log(l—exp(-FH,))— > F,H,.
(u,v)EE (u,v)¢E



In other words, in order to detect network communities weit o
model by estimating non-negative affiliation matrides € RV **
that maximize the likelihood(F, H) = log P(G|F, H).

Solving the optimization problem. To solve the problem in Ef] 3,
we adopt a block coordinate ascent approach: We upBatéor
eachu with H fixed and updatéd, for eachv with F fixed, i.e.,
we update either incoming or outgoing memberships of one nod
while fixing the other type of memberships. This approachthas
advantage that each subproblem of updafihgand H,, is convex.
For brevity we describe only how to updai&,. Updating H,, is
analogous. For eaahwe solve:

argmax [(Fy),
Fuc=>0

4)

where

I(Fy)

og—ex—uUT— uldy
> log(l—exp(—FuH))— > F.Hj

vEN (u) vgN (u)

whereN (u) is a set of neighbors af. To solve this convex prob-
lem, we use projected gradient ascent with the followinglignat:

Z exp(_Fqujj) o Z Hu

VI(F) P Tty )
vEN (u) 1- exp(_FuHu ) Vg N (u)

We compute the step size using backtracking line searchr Afich
update, we projedt’, into a space of nonnegative vectors by setting
Fue = max(Fyc, 0).

Naive computation oV!I(F,) takes timeO(|V]). However, we
reduce the computational complexity to thegreeof u, O(|N (u))),
which significantly increases the scalability of our apjgioawe
achieve this by computing the second t€m, ., Hv in O(IN (u)])
by storing/caching_, H,:

> Hy=(_H,—H,— » H).

vgN (u) v veN (u)

Given that real-world networks are extremely spaigé({:)| <

N), we can updatéd’, for a single node: in near-constantime.
The update rule fof,, can be similarly derived and takes near-
constant timeD(|\ (v)|). In practice, we iteratively updat€,, H.,

for eachu and stop iterating once the likelihood does not increase
(by 0.01%) after we updaté-,, H,, for all u.

Determining community affiliations of nodes.From the real-val-
ued F', H that we estimate, we want to determine “hard” commu-
nity affiliations of nodes. We achieve this by thresholdiig. and
H.,. with a constant, i.e., we regardu has an outgoing member-
ship to communityc if F,. > §, and an incoming membership
fromecif Hye > 6.

We choose the value @fso that every pair of members in com-
munity ¢ has edge probability higher than the background edge
probability 1/|V| (see EqL):

1

—<1-
Vi

This inequality leads t6 = /—log(1 — 1/|V'|). We note that we

also experimented with other valueséodnd found that this choice
for § works well in practice.

Algorithm initialization. To initialize F, H, we employlocally
minimal neighborhoodswvhich provide good seed-sets for commu-
nity discovery [15]. A neighborhoodV(u) of a nodew is a set
consisting of the node and its neighbors, ant/ () is said to be
“locally minimal” if N (u) has lower conductance score thli(v)

for any other neighbow of « [15]. For a node:’ belonging to such

exp(~4°)

a locally minimal neighborhoo#, we initialize /. = 1 if v’ has
an outgoing edge (aF,,/,, = 0 otherwise), and setl,,/;, = 1 if v’
has an incoming edge (@, = 0 otherwise).

Choosing the number of communities.To automatically deter-
mine the number of communities’, we follow the approach pro-
posed in[[3]. We divide all node pairs into 80% training an&d20
test set. Varyind<, we fit CoDA with X' communities on the train-
ing pairs and measure the likelihood for the test pairs. Vém th
selectK with the highest test set likelihood. For a small networks
with fewer than 100 edges, we find that a different critericrks
better in practice. Here we choos£so as to achieve the smallest
value of the Bayesian Information Criterion:

BIC(K) = —2I(F, H) + NK log |E|.

Parallelization and implementation details. Our approach also
naturally allows forparallelization which further increases scala-
bility of CoDA. When updatingF’, for each node: (Eq.[4), we
observe that each subproblenséparablesince all other variables
in Eq.[4 () remain fixed. That is, updating the value Bf for a
specific node: does not affect updates &%, for all other nodes.
In the parallelized version of CoDA, we solve Eq. 4 for mukip
nodes in parallel. This parallelization does not affectfihal result
of the method. Updatingf,, for each node. can be parallelized in
the same way. As we show in Sect[dn 4, parallelization on glein
shared memory machine boosts the speed of CoDA by a factor of
20 (the number of threads) used when analyzing a 300,000 node
network. Last, we also experimented with other optimizati&ch-
niques such as the cyclic coordinate descent method (CCH)) [1
which optimizesF,,. for eachu and eache by Newton’s method,
but we found that block coordinate ascent converges thedast

A parallel C++ implementation of CoDA is publicly availataé
http://snap. stanford. edul

CoDA for undirected networks. So far, we have discussed CoDA
under the context of directed networks. However, CoDA cailyea
be applied to undirected networks as well. We make a simple ob
servation: undirected networks model symmetric relatigmsand
thus an undirected relationship is equivalent to two dedaela-
tionships, one each way. Thus, given an undirected netwoek,
simply convert the network into a directed one by regardiveyye
edge as reciprocal, and then apply CoDA to detect commasnitie

Now, CoDA will easily detect cohesive communities in thisieo
verted network as edges in cohesive communities are reecpro
Detecting 2-mode communities is also simple. Consider #se c
where we are given an undirected 2-mode commungityvhere
nodes in groupA are connected to nodes in grodh Once we
convertX into a directed network with reciprocal edges between
A and B, CoDA will estimate two 2-mode communities from this
communityX: X; for edges fromA to B, and X for edges from
Bto A. Thus, CoDAis able to correctly discovat, with the caveat
that it discovers it twice (bottX; andX> correspond toX).

4. EXPERIMENTS

We evaluate the performance of CoDA and compare it to state-
of-the-art community detection methods on a range of dickeis
well as undirected networks. We measure the quality of commu
nity detection by computing the detection accuracy basegiotah
standard ground-truth communities. We also evaluate thialsit-
ity of the methods by measuring runtime as network size asgs.

4.1 Dataset Description

We begin by briefly describing the networks that we consider i
this study. Overall, we consider 5 undirected and 9 direcietd
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Fi score Jaccard similarity
Method Google+ Twitter Facebook Google+ Twitter Facebook | Average
MMSB 0.324 (0.033) 0.262 (0.005) 0.374 (0.04p).214 (0.026) 0.169 (0.004) 0.266 (0.036) 0.268
Clique percolation[[34]| 0.331 (0.036) 0.246 (0.006) 0.429 (0.05[1)0.240 (0.032) 0.163 (0.005) 0.342 (0.05D) 0.292
Link clustering [2] 0.304 (0.016) 0.334(0.003) 0.372 (0.027)0.226 (0.016) 0.238 (0.003) 0.275 (0.024)| 0.291
BigCLAM [43] 0.324 (0.017) 0.344 (0.005) 0.442 (0.04p).217 (0.014) 0.234(0.004) 0.325(0.038) 0.315
DEMON [17]] 0.343 (0.029) 0.308 (0.005) 0.418 (0.04p6)0.255 (0.027) 0.210 (0.005) 0.311 (0.04{1) 0.307
NMF 0.333(0.019) 0.318 (0.004) 0.406 (0.03B)0.242 (0.026) 0.221 (0.004) 0.301 (0.050) 0.303
CoDA, undirected 0.414 (0.027) 0.348 (0.005) 0.470 (0.042)| 0.314 (0.026) 0.237 (0.004) 0.357 (0.039%)| 0.357
CoDA, directed 0.406 (0.025) 0.363 (0.005) 0.470 (0.042)| 0.314 (0.024) 0.250 (0.004) 0.357 (0.039%| 0.360"

Table 2: Performance on Facebook, Google+, and Twitter. Higer is better. Standard errors are shown in parentheses. Thbest and

second best methods are annotated as ‘1’ and ‘2’.

Dataset Directed N E C S A

Google+ O 250,469 30,230,905 437 143.51 0.25
Twitter 0 125,120 2,248,406 3,140 15.54 0.39
Facebook 0 4,089 170,174 193 28,76 1.36
Enron O 45,266 185,172 4,572 63.93 6.46
LiveJournal 0 3,997,962 34,681,189 287,512 22.31 1.59
Youtube O 1,134,890 2,987,624 8,385 13.50 0.10

Table 1: Dataset statistics. Directed: Yes/no/N: number of
nodes, £ number of edges,C: number of ground-truth com-
munities, S: average ground-truth community size, A: ground-
truth community memberships per node. Further datasets use
in this study are described in Table[5.

works from a wide spectrum of domains. We consider sociah-co
munication, information, biological and ecological ne

Networks with ground-truth communities. For the experiments
in this section, we consider a subset of 6 publicly availaige
works where we have expliaground-truthmemberships of nodes
to communities[[44]. The availability of ground-truth aile us
to quantify the quality of community detection methagisantita-
tively. Table[1 shows the statistics of the networks and the ground-
truth communities. The networks come from three different d
mains: The first three networks are the collection of egevasks
from online social networks of Facebook, Twitter and Goed&l],
the Enron email communication network[22], and Live Jolamal
Youtube social networks$ [33]. We describe the nature of gdeu
truth communities in each of these datasets in more detail la

4.2 Experimental Setup

BaselinesFor comparison we consider the following baseline met-
hods: MMSB (Mixed Membership Stochastic Blockmodel$) [3],
which can detect both cohesive and 2-mode communities i und
rected networks and is extremely slo®lique Percolation [34]
Link Clustering[2], BigCLAM [43, [45] are state of the art over-
lapping cohesive community detection techniques for wutéd
networks; DEMON [11] is a scalable local community detection
method for directed network®§{MF is a state-of-the-art non-
negative matrix factorization approach which can be usedlifo
rected networks. We use publicly available implementatimfreach

of the methods.

Some methods require input parameters. MMSB and NMF re-
quires the number of communitigs. We use the Bayes informa-
tion criterion suggested by the authdrs$ [3] to choéseDEMON
requirese, the threshold value for merging two communities. As
there exists no standard criterion fgrwe sets so that DEMON
detects the same number of communities as CoDA does.

1We use the publicly available data from the Stanford Large Ne
work Collectioniht t p: //snap. st anf ord. edu.

Last, we note that the above baselines represent the catagext
of-the-art in community detection. However, we also coesed
other baselines, including those that make use of noderésatu
[20], network topology[[39], or botH |5, 31]; however expagnts
demonstrate that none of these alternatives outperforr®ACo

Evaluation. To evaluate the performance of the above methods we
quantify the degree of correspondence between the groutid-t
and the detected communities. To compare a set of groutid-tru
communitiesC* to a set of predicted communiti&€s, we adopt

an evaluation procedure previously used[in| [43, 45], wheezye
detected (ground-truth) community is matched with its nsosilar
ground-truth (detected) counterpart community:

T aP>

ma)éé(C’i ,C) + 30
crec cjec

& max §(C;,Cy),

crec

where§(C;, C;) is some measure of the similarity between the
communitiesC; and C;. We consider two standard measures of
the similarity between sets, namely thig score and the Jaccard
similarity. Thus, we obtain a value between 0 and 1, wheralit in
cates perfect recovery.

4.3 Detecting Social Circles

First we consider the problem of discovering users’ sodial ¢
cles [31]. Circles (or ‘lists’ in Facebook and Twitter) giusers a
means of categorizing their immediate neighbors, or in #seof
directed networks, the users whom they follow. Thus the lprab
of automatically identifying users’ social circles can lmsed as a
community detection problem on each user’s ego-network [31

In Table[2 we evaluate the performance of CoDA and baselines
on social circle detection. Across all three datasets atidl é&¢al-
uation metrics, CoDA (the last row) is the best or second-pes
former. On average, CoDA outperforms MMSB by 34%, Clique
percolation by 23%, Link clustering by 24%, BigCLAM by 14%,
DEMON by 17%, and NMF by 19%.

The 3 data sets possess very different reasons for community
(i.e., social circle) formation: Facebook is an undirected netwo
and in Facebook circles are driven by dense mutual friepdshi
among users with homogeneous backgrouhds [31]; therefare,
would expect cohesive communities in Facebook. Google-Haiite
ter are directed networks and as such circles are not neitgssa
based on friendship, because edges in these networks dehote
lower relationships: The fraction of reciprocated edges is 08B62
in Google+ and 54% in Twitter. For example, a social circl&it-
ter might consist of authors who publish in the same genreanr
didates in the same election. As we will see later in Se€fjondny
social circles in Google+ and Twitter follow such 2-modeisture.

Regardless of very different nature of the data sets, CoDRAes
best performing method in each of them. This result meants tha
CoDA recovers 2-mode circles in Google+ or Twites well as
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Method Fy score  Jaccard similarity  Average
MMSB N/A N/A N/A
Clique percolation N/A N/A N/A
Link clustering 0.195 0.294 0.245
BigCLAM 0.478 0.358 0.418
DEMON 0.464 0.350 0.407
NMF N/A N/A N/A
CoDA, undirected 0.538 0.431 0.485
CoDA, directed 0.617 0.516 0.567

Table 3: Performance of recipient discovery on the Enron net
work. Algorithms that do not scale to the size of the dataseti@
labeled as “N/A".

cohesive circles in Facebooke., CoDA can detecboth kinds of
communities more accurately than the baselines.

Directed vs. undirected networks.To further examine the perfor-
mance out method on directed and undirected networks werperf
an experiment with the goal of understanding whether CoBilis
able to recover 2-mode communities even when edge direction
are dropped and networks are considered as undirected.sffo te
this, we convert the directed networks of Twitter and Go#gigo
undirected by removing the edge directions. Then we appDACo
(CoDA, undirected, the second to last row in Tdlle 2). Ssipgly,
CoDA achieves similar performance even without explicedi-
rections in the network. Based on this evidence we conclud@C

is capable of accurately finding 2-mode communities evemdi-u
rected networks.

4.4 Discovering Recipient Lists in Email Net-
works

We also define a task of automatically discovering reciplistg
in the the email communication network. The idea is that disth
exhibit a distinct structural pattern in the network as theipient
lists may have 2-mode community structure as a set of useos wh
receive the same email may not necessarily email each &Bgr [

We consider all Enron email5[22] with 20 or more recipients.
This gives us a set of 4,572 unique recipient lists in the Enro
dataset, which we treat as ground-truth communities (TBbNow
we are given an unlabeled directed Enron email communitatio
network, where an edge— j means that sent at least one malil
to 7, and the goal is to discover email recipient lists.

We then apply CoDA as well as the baselines to this network

and in Tabld B we measure how accurately the communities de-

tected by CoDA correspond to these ground-truth email recip
lists. We report both thé’ score and Jaccard similarity (for meth-
ods that do not scale to networks of this size, we report NTA).
ble[3 shows that CoDA outperforms other methods by a significa
margin. CoDA outperforms Link clustering by 131%, DEMON by
39%, and BigCLAM by 36%.

4.5 Experiments on Large Networks

Last, we also examine two real-world social networks witl mi
lions of nodes in which nodes explicitly declare their conmity
memberships]44]. We consider the LiveJournal and Youtobi@bk
networks, and regard user-created groups as ground-toatima-
nities. We ignore groups containing fewer than 10 nodeddiyig
71,093 communities in LiveJournal and 2,078 in Youtube.

Of the baselines previously mentioned, only BigCLAM could
scale to both networks and DEMON could scale to the Youtube
network. Therefore, we also consider two large-scale gpmoti-
tioning methods as baselines for this experiment: Métig 21

RelativeF; score Absolutd”; score

Method LiveJournal Youtube LiveJournal Youtube
Metis 100% 200% 0.12 0.028
Graclus 100% 185.7% 0.12 0.026
BigCLAM 121.0% 278.1 % 0.14 0.039
DEMON N/A 100% N/A 0.014
CoDA 129.4% 307.1% 0.15 0.043

Table 4: Relative accuracy (compared to the worst perform-
ing method) of detected communities on large scale social tie
works.
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Figure 4: Algorithm runtime.

Graclus [18]. For all methods we set the number of commuitie
K to be the number of ground-truth communities.

Table[4 shows the results. For this experiment we focus on the
score relative to that of the worst-performing baselinedohenet-
work (so that the worst-performing baseline has a score 0%4)0
We compute the relative score because the networks are anly p
tially labeled and the overall performance is thus artifigitow
(as methods discover many unlabeled communities). We fiatd th
CoDA outperforms its nearest competitor by 8.4% on Livedalr
and 29% on Youtube.

4.6 Scalability

Last, we evaluate the scalability of CoDA by measuring itsru
ning time on synthetic networks with increasing size. Weegate
synthetic networks using the Forest fire modell [27] with the f
ward and backward probabilities set to 0.36 and 0.32, réispbe
Since CoDA is easily parallelizable as described in Se@iowe
also consider a singe machine parallel implementationingnmith
24 threads (CoDA-24).

Scalability results are shown in Figuré 4. Link Clusteringla
Clique Percolation scale to networks of at most a few thodisan
nodes. DEMON is a fast and scalable overlapping community de
tection method. DMEON tends to be faster than CoDA (single-
threaded implementation) for networks up to 100,000 nodes;
ever, once the network becomes larger, CoDA becomes muein.fas

When comparing single-threaded implementations we als® no
that BigCLAM is the fastest method in our experiments. Haosvev
we note that CoDA takes only 30% more time than BigCLAM
while it is also solving a more complicated problem, namedy d
tecting cohesive as well as 2-mode communities.

Last, we also measure a parallelized version of CoDA (CoDA-
24). Using 24 threads on a single machine, we achieve neédxly 2
speedup. Ultimately, CoDA takes just 6 minutes to proce 9080
node network.



Dataset Directed N E C S A

PPI-Y2H a 1,647 2,518 40 90.75 2.20
PPI-LC O 1,213 2,556 40 42.08 1.39
web-Stanford [ 281k 2,312k 19k 70.63 4.59
web-Google O 875k 5,105k 39k 41.79 1.86
cit-HepTh O 27k 353k 2,000 70.00 5.04
cit-HepPh O 34k 422k 4,976 51.52 7.42
Florida Bay O 121 1,745 6 45.33 2.25
Chesapeake O 33 72 5 9.20 1.39

Table 5: Dataset statistics. Directed: Whether the networkis
directed or not, N: number of nodes, E: number of edges,C"
number of detected communities,S: average size of detected
communities, A: community memberships per node.

Figure 5: Two detected communities in a Foodweb (Chesapeake
Bay). Among other communities, CoDA identifies sets of nodes
with similar predators ( A, blue nodes) and with similar prey
(B, red nodes), both of which have low internal connectivity.

5. COMMUNITY DISCOVERY

So far we have demonstrated that CoDA can reliably deteét bot
cohesive and 2-mode communities in directed as well as ecteid
networks. In the following section, we shall demonstratat tb+
mode communities take an important role in networks. Wel shal
use CoDA to perform a qualitative study of various networks i
order to determine the extent to which community structueey
across real-world networks from various domains.

Network data. In addition to the datasets already introduced, we
also analyze biological networks, foodwebs, web graphs cia-
tion networks (Tabl€l5). For biological networks, we coesithe
protein-protein interaction network @accharomyces cerevisiae
yeast two-hybrid (PPI-Y2H) and literature-curated (PR}LZ].

é//Ws\ﬁ
stripeg bass

D hogapoker
blueggrab

sumnpe'lounder

menfaden
bay a@chovy A

B macoma spp.

mya agenaria

Figure 6: Examples of overlapping 2-Mode communities de-
tected by our method in the Chesapeake bay foodweb network.
See main text for the explanation of community structure.

prey relationships among fish: small fish)(are eaten by bigger
fish (C). CoDA also discovers theverlap between two predator
groups wheravhite perchandspotprey on both fish and clams.

CoDA also allows us to gain insights into biological PPI net-
works. Interestingly, CoDA discovers many 2-mode commniesit
in the undirected protein-protein interaction networkedetined
by yeast two-hybrid screening (PPI-Y2H). For example, Fedl
displays the induced subgraph of two communities that CoBA d
tects. 2-mode communities detected by CoDA clearly reveal t
interaction between different protein groups. For exampleteins
in groupC of Figure[8 heavily interact with proteins in group
even though these proteins do not interact within the samepgr
(with A or within C).

To further analyze the role of these communities, we useé gen
ontologies to identify relevant terms/functions of pratein A, B,

C, and D using the GO Term Findef][7]. The proteins in the large
groups (, D) are generally associated with catalytic activity and
ion binding fp-value~ 10~%).

However, these proteins are regulated by different praenps
(A, B) which have different functions. Proteinsin(e.g, YLR347C
and YNL189W) are protein transporters, whereas protein® in
(e.g, YLR291C) are regulators. Perhaps more interestingly, YW
belongs to bottd and B and regulates botty and D. However, its

We also consider the Chesapeake and Florida Bay foodwehs [41 role is not yet known. But based on known functions of pratein

the web graph of Stanford University web pages (web-Stafor
the web graph released by Google in 2002 (web-Googlé) [28], a
the arXiv citation networks from high-energy physics phaeool-
ogy (cit-HepPh) and theory (cit-HepTH)_[27] all availablerh
http://snap. stanford. edul

5.1 Biological and Foodweb Communities

We first present 2-mode communities in foodwebs, where nodes

represent organisms and an edge from a notev means that

is preyed upon by. We apply CoDA on the Chesapeake Bay food-
web network shown in Figulfd 5, and display an induced sulbgrap
of detected 2-mode communities in Fig[ite 6.

In foodweb networks, we find 2-mode communities of groups of
predators who rely on similar groups of prey (Figlte 6). Theeb
2-mode community 8- D) represents predators and prey in the the
Chesapeake Bay sandreis macoma sppandmya arenaria(in

in groupsA and B we can extrapolate the function of YPLO70W.
This example shows how network analysis and community eetec
tion in particular can provide research directions for expental

biology [10].

5.2 2-mode vs. Cohesive Communities

Since CoDA can detect both cohesive and 2-mode communities,
we can use it to measure the extent to which real network data e
hibits cohesive and 2-mode behavior. This analysis allog/$ou
characterize the mesoscale structure of real-world nésvas the
proportion of 2-mode versus cohesive communities can be tase
gain further insights into community structure of networks

Experimental setup.For this experiment, we consider 12 networks
from 6 domains in order to characterize their different camity
structures. We consider ego networks (Twitter, Google-+t) sor

B) are small, sand-dwelling clams and worms that are fed on by cial networks (LiveJournal, Youtube) from Sectidn 4. Weoadls-

fish (in D). Alternately, the red community4A-C) shows predator-

clude 8 networks from 4 different domains: Biological netks)
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Figure 7: Fraction of 2-Mode communities and cohesive commities in six different types of networks.
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Figure 8: Overlapping 2-Mode communities detected by our
method in a Protein-Protein interaction network. See main ext
for the explanation of community structure.

web graphs, foodwebs, and citation networks among resgerch
pers from Tablgls.

To classify whether a detected community is 2-mode or cobesi
we measure the Jaccard similarifyc) = {59579 between the
set of member nodes with outgoing membershijg), and the
set of member nodes with incoming membershifg). In a com-
pletely cohesive community, this Jaccard similarity is tdese
two sets of members are identical, whereas it is 0 in a corlglet
2-mode community. We regard a communitsts 2-mode if/(c) is
lower than some threshotdor as cohesive otherwisd (c) > 7).
We usey = 0.2 as this setting gives the most interpretable results.

Experimental results. Figure[T shows the fraction of 2-mode and
cohesive communities in 12 networks described above. Ego ne
works (Twitter and Google+) exhibit a relatively high frat of
cohesive communities and as noted earlier Facebook egmrietw
(not shown) have an even higher fraction (over 95%) of celeesi
communities. This result is in line with [11] where the autho
show that Facebook ego networks can be easily divided irfte-co
sive communities. However, it is important to note that aigant
fraction of Twitter (20%) and Google+ (30%) communities iith
2-mode structure.

Literature-curated protein-protein interaction netvgofiRPI-LC)
practically have only cohesive communities (and no 2-mo@e)

munities and thus it seems as though most interactions tvat h
been explored take place in “cohesive” communities [46].tkm
other hand, the PPI-Y2H network is created by a noisy autiemat
process and more faithfully represents the interactiowot In
this case many 2-mode communities emergeé [46].

In social networks we also find interesting results. In Louad
nal, communities are more cohesive, which can be explaiyed b
the fact that edges in LiveJournal indicate “friendships8.(shar-
ing private blog content). On the other hand, Youtube comimun
ties are predominantly 2-mode. Youtube differs from otraia
networks in one important way: Edges in Youtube are esdbntia
“subscriptions” for content rather than mutual friendshiponse-
quently, high degree nodes tend to connect to low degreesi{8gg

Web graphs are of interest because Kumar ef al. [23] used the
existence of 2-mode communities as indicators or signsitfore
cohesive communities. Our results nicely suggest the ience
of cohesive communities and 2-mode communities by showiag t
web graphs have an equal proportion of 2-mode and cohesine co
munities.

Finally, foodwebs as well as citation networks consist amo
entirely of 2-mode communities. These results are natigaka
ciprocal and cohesive relationships are extremely unjlikethese
networks. In foodwebs, for example, few species prey upah ea
other. Citation networks are directed acyclic graphs aniprecal
citation is impossible by definition. Intuitively, cohesicommu-
nities in directed networks contain some number of bidioeet
edges among their members, therefore a lack of such reaiproc
edges naturally leads to the dominance of 2-mode commsnitge
we observe in Figulel 6.

6. CONCLUSION

An accurate notion of @ommunityis critical when studying
the mesoscale structure of networks. Traditional modetsider
‘communities’ to be sets of densely connected nodes. Intiaddi
here we also consid&-modecommunities, which are groups of
nodes who may not link to each other but link in a coordinatg wa
to the other nodes in the network.

We have presented CoDA, a community detection method which
naturally detects both densely connected and 2-mode coitigsun
CoDA can capture overlapping and hierarchical structureram
communities, and handles both directed and undirectedonkesw
Our experimental findings reveal that CoDA outperforms the c
rent state-of-the-art in detecting ground-truth commasitMore-

the other hand, in PPI networks generated based on yeast two-over, CoDA also reveals how 2-mode and cohesive communities

hybrid screening (PPI-Y2H) about 50% of the communities2are
mode. This difference is interesting and confirms a previiudy

of PPI networks[[46], which provided the following explaioat
Edges of PPI-LC are extracted from scientific papers thatrteyx-
perimentally validated interactions. However, currentdigical ex-
periments have mainly been guided by research on coheswme co

co-exist in real networks.

The versatility of CoDA to detect both cohesive and 2-mode
communities accurately in directed and undirected netsvoalses
many interesting avenues of future work. For example, stded-
ing the interaction between 2-mode communities and cob&siin-
munities is a fruitful direction. Inferring the role of noglfom their



community affiliations would also be useful. Another idetoiex-
tend CoDA to find important nodes in each community. This doul
be achieved by the fact that CoDA estimates real-valued raemb
ship strengths K, and H,.) of each node to each community.
From the values off,. and H,. for node v and communitye,

we could determine which nodes are most important and have th
“heaviest” membership to a given community
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