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Abstract—This paper proposes LinkBlackHole∗, a novel algo-
rithm for finding communities that are (i) overlapping in nodes
and (ii) mixing (not separating clearly) in links. There has been
a small body of work in each category, but this paper is the first
one that addresses both. For this purpose, LinkBlackHole∗ in-
corporates the advantages of both the link-space transformation
and the black hole transformation. Thorough experiments show
superior quality of the communities detected by LinkBlackHole∗
to those detected by other state-of-the-art algorithms.

I. INTRODUCTION

Overlapping community detection is known to be harder

than disjoint community detection [1], [2]. Currently,

LinkSCAN∗ [2], which introduced the novel concept of link-
space transformation, has been regarded as the state-of-the-

art algorithm. It transforms the original graph to a link-

space graph, where each node is mapped from a link (i.e.,

edge) in the original graph in such a way that two nodes

are adjacent if the corresponding links in the original graph

share a common end node. The benefit of the transformation

is that disjoint community detection from the link-space graph

produces overlapping communities.

Overlapping community detection is further complicated by

another issue: mixing of links between communities. Quan-

titatively, mixing is defined as the fraction of links in the

network that are crossing between different communities [3].

Such links ambiguate the detection of boundaries between

communities and consequently make community structures

harder to detect. Lim et al. [4] resolved the mixing problem by

incorporating a geometric embedding technique in their algo-

rithm BlackHole, which we call the black hole transformation
henceforth. Multiple nodes that are likely to belong to the same

community are mapped to (almost) the same position (dubbed

a “black hole”) as a result of the embedding. Clustering is

then performed on the resulting positions.

One intuitive idea for achieving robust overlapping commu-

nity detection despite the mixing effect is to combine (1) the

link-space transformation [2] and (2) the black hole transfor-

mation [4]. We propose this combined algorithm and call it

LinkBlackHole∗. The algorithm is essentially link embedding
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Fig. 1. The advantage of link embedding in LinkBlackHole∗.

that is done by BlackHole when it works on the link-space

graph output by LinkSCAN∗ because the nodes embedded are

mapped from links in the original graph.

II. ALGORITHM OVERVIEW

Figure 1 summarizes the merit of link embedding in

LinkBlackHole∗, inherited from the link-space transformation

of LinkSCAN∗ and the black hole transformation of Black-

Hole. Concretely, the link-space transformation enables us to

accurately find overlapping communities in the original graph

through finding disjoint communities in the link-space graph

while preserving the original graph structure. In turn, the black

hole transformation achieves robust accuracy of finding highly-
mixed overlapping communities.

We first present LinkBlackHole, a robust overlapping com-

munity detection algorithm based on link embedding, and then

its variant LinkBlackHole∗, which improves the clustering

efficiency of LinkBlackHole by reducing the number of links

through random sampling while maintaining comparable clus-

tering accuracy. This algorithm development structure parallels

that of LinkSCAN and LinkSCAN∗ [2].

LinkBlackHole∗ has four main steps, as illustrated in Figure

2. First, the original graph G is converted to a link-space

graph LS(G) by the link-space transformation, and the links of

LS(G) are sampled. (Please note that this sampling is not part

of LinkBlackHole.) Second, every node in the sampled link-

space graph LS′(G) is mapped to a point in a low dimensional

space. Third, the positions are clustered using a conventional

clustering algorithm such as DBSCAN [5], and link-space
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Fig. 2. The main steps of LinkBlackHole∗.

Fig. 3. Results for real-world networks.

communities in LS′(G) are determined from the clusters.

Fourth, the link membership in LS′(G) is translated back to

node membership in G.

III. EVALUATION RESULT

We use two metrics to quantify the quality of clusters. Over-
lapping modularity Mov [6] measures, for each cluster, how

densely modularized (i.e., connected inward and disconnected

outward) the connected nodes are in the cluster. Since the

modularity is favorable to a small community, we employ

another counter-balancing metric. Clustering coverage CC [7]

is the fraction of nodes having a cluster membership.
LinkBlackHole (LB) and LinkBlackHole∗ (LB∗) are com-

pared against LinkSCAN∗ (LS) [2], COPRA (CO) [8], CPM

[9], LinkPartition (LP) [7], and DEMON (DEM) [10].
Figure 3 shows the results for 14 real-world networks. Mov

and CC, each normalized to the range of 0 to 1, are overlaid

in the same plot so that their values can be compared between

algorithms not only as a whole measure but also in separate

measures. The results are impressive. LinkBlackHole∗ and

LinkBlackHole show significantly better performance than the

other algorithms for 13 out of 14 data sets. Even in the one

exception for Gnutella, LinkPartition shows only slightly (6%)

better performance than LinkBlackHole∗ and LinkBlackHole,

which are the close second best performers.

IV. CONCLUSION

LinkBlackHole∗ combines LinkSCAN∗’s ability to detect

overlapping communities and BlackHole’s robustness to mix-

ing between communities, and thereby can accurately detect

highly-mixed overlapping communities from large networks.

Extensive evaluation demonstrated the performance merit of

LinkBlackHole∗ compared with other algorithms that define

the state of overlapping community detection.
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