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Graph Mining, Social Network Analysis, and

Multirelational Data Mining

Research into graph mining has developed many frequent subgraph mining methods. Washio and Motoda
[WM03] performed a survey on graph-based data mining. Many well-known pair-wise isomorphism testing algo-
rithms were developed, such as Ullmann’s Backtracking [Ull76] and McKay’s Nauty [McK81]. Dehaspe, Toivonen
and King [DTK98] applied inductive logic programming to predict chemical carcinogenicity by mining frequent
substructures. Several Apriori-based frequent substructure mining algorithm have been proposed, including AGM
by Inokuchi, Washio, and Motoda [IWM98], FSG by Kuramochi and Karypis [KK01], and an edge-disjoint path-
join algorithm by Vanetik, Gudes, and Shimony [VGS02]. Pattern-growth-based graph pattern mining algorithms
include gSpan by Yan and Han [YH02], MoFa by Borgelt and Berthold [BB02], FFSM and SPIN by Huan, Wang,
and Prins [HWP03] and Prins, Yang, Huan, and Wang [PYHW04], respectively, and Gaston by Nijssen and Kok
[NK04]. These algorithms are inspired by PrefixSpan [PHMA+01] for mining sequences, and TreeMinerV [Zak02]
and FREQT [AAK+02] for mining trees. A disk-based frequent graph mining method was proposed by Wang,
Wang, Pei, et al. [WWP+04].

Mining closed graph patterns was studied by Yan and Han [YH03] with the proposal of the algorithm, Close-
Graph, as an extension of gSpan and CloSpan [YHA03]. Holder, Cook and Djoko [HCD94] proposed SUBDUE
for approximate substructure pattern discovery based on minimum description length and background knowledge.
Mining coherent subgraphs was studied by Huan, Wang, Bandyopadhyay, et al. [HWB+04]. For mining relational
graphs, Yan, Zhou and Han [YZH05] proposed two algorithms, CloseCut and Splat, to discover exact dense frequent
substructures in a set of relational graphs.

There have been many studies that explore the applications of mined graph patterns. Path-based graph
indexing approaches are used in GraphGrep, developed by Shasha, Wang, and Giugno [SWG02], and in Daylight,
developed by James, Weininger, and Delany [JWD03]. Frequent graph patterns were used as graph indexing
features in the gIndex and Grafil methods proposed by Yan, Yu and Han [YYH04, YYH05] to perform fast graph
search and structure similarity search. Borgelt and Berthold [BB02] illustrated the discovery of active chemical
structures in an HIV-screening dataset by contrasting the support of frequent graphs between different classes.
Deshpande, Kuramochi and Karypis [DKK02] used frequent structures as features to classify chemical compounds.
Huan, Wang, Bandyopadhyay, et al. [HWB+04] successfully applied the frequent graph mining technique to study
protein structural families. Koyuturk, Grama, and Szpankowski [KGS04] proposed a method to detect frequent
subgraphs in biological networks. Hu, Yan, Yu, et al. [HYY+05] developed an algorithm called CoDense to find
dense subgraphs across multiple biological networks.

There has been a great deal of research on social networks. For texts on social network analysis, see Wasserman
and Faust [WF94], Degenne and Forse [DF99], Scott [Sco05], Watts [Wat03a], Barabasi [Bar03], and Carrington,
Scott, and Wasserman [CSW05]. For a survey of work on social network analysis, see Newman [New03]. Barabasi,
Oltvai, Jeong, Albert, et al. have several comprehensive tutorials on the topic, available at www.nd.edu/∼networks/-
publications.htm#talks0001. Books on small world networks include Watts [Wat03b] and Buchanan [Buc03]. Mil-
gram’s “six degrees of separation” experiment is presented in [Mil67].

The Forest Fire model for network generation was proposed in Leskovec, Kleinberg, and Faloutsos [LKF05].
The preferential attachment model was studied in Albert and Barbasi [AB99] and Cooper and Frieze [CF03]. The
copying model was explored in Kleinberg, Kumar, Raghavan, et al. [KKR+99] and Kumar, Raghavan, Rajagopalan,
et al. [KRR+00].
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Link mining tasks and challenges were overviewed by Getoor [Get03]. A link-based classification method was
proposed in Lu and Getoor [LG03]. Iterative classification and inference algorithms have been proposed for hy-
pertext classification by Chakrabarti, Dom, and Indyk [CDI98] and Oh, Myaeng, and Lee [OML00]. Bhattacharya
and Getoor [BG04] propose a method for clustering linked data, which can be used to solve the data mining tasks
of entity deduplication and group discovery. A method for group discovery was proposed by Kubica, Moore, and
Schneider [KMS03]. Approaches to link prediction, based on measures for analyzing the “proximity” of nodes in a
network, are described in Liben-Nowell and Kleinberg [LNK03]. The Katz measure was presented in Katz [Kat53].
A probabilistic model for learning link structure is given in Getoor, Friedman, Koller, and Taskar [GFKT01].
Link prediction for counterterrorism was proposed by Krebs [Kre02]. Viral marketing was described by Domingos
[Dom05] and his work with Richardson [DR01, RD02]. BLOG (Bayesian LOGic), a language for reasoning with
unknown objects, was proposed by Milch, Marthi, Russell, et al. [MMR+05] to address the closed world assumption
problem. Mining newsgroups to partition discussion participants into opposite camps using quotation networks was
proposed by Agrawal, Rajagopalan, Srikant, and Xu [ARSX04]. The relation selection and extraction approach to
community mining from multirelational networks was described in Cai, Shao, He, et al. [CSH+05].

Multirelational data mining has been investigated extensively in the Inductive Logic Programming (ILP) com-
munity. Lavrac and Dzeroski [LD94] and Muggleton [Mug95] provide comprehensive introductions to Inductive
Logic Programming (ILP). An overview of multirelational data mining was given by Dzeroski [Dze03]. Well-known
ILP systems include FOIL by Quinlan and Cameron-Jones [QCJ93], Golem by Muggleton and Feng [MF90], and
Progol by Muggleton [Mug95]. More recent systems include TILDE by Blockeel, De Raedt, and Ramon [BRR98],
Mr-SMOTI by Appice, Ceci, and Malerba [ACM03], and RPTs by Neville, Jensen, Friedland and Hay [NJFH03],
which inductively constructs decision trees from relational data. Probabilistic approaches to multirelational classi-
fication include probabilistic relational models by Getoor, Friedman, Koller, and Taskar [GFKT01] and by Taskar,
Segal, and Koller [TSK01]. Popescul, Ungar, Lawrence, and Pennock [PULP03] propose an approach to integrate
ILP and statistical modelling for document classification and retrieval. The CrossMine approach is described in
Yin, Han, Yang, and Yu [YHYY04]. The look-one-ahead method used in CrossMine was developed by Blockeel,
De Raedt, and Ramon [BRR98]. Multirelational clustering was explored by Gartner, Lloyd, and Flach [GLF04],
and Kirsten and Wrobel [KW98, KW00]. CrossClus performs multirelational clustering with user guidance by Yin,
Han, and Yu [YHY05].
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