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Abstract mined result. We point out that, in general theodtgm
o . _ ) PartMiner cannot find the correct complete setred@ient
Existing graph mining algorithms typically assunett sypgraphs in original datas®, that is, it violates the

the dataset can fit into main memory. As many larg&yrectness condition. Formally, we give proofs and
graph datasets cannot satisfy this condition, tssiable coynter examples.

graph mining remains a challenging computational

problem. In this paper, we present a new horizoméh 1he remainder of the paper is organized as follows.
partitioning framework for graph mining. The origin Section 2 gives the formal definition of the grapming
dataset is divided into fragments, then each fragne Problem. Section 3 briefly discusses the relatedkwé
mined individually and the results are combinecethgr data partitioning approach for graph mining isauticed

to generate a global result. One of the challengin@ Section 4. Furthermore, we prove the completeinés
problems in graph mining is about the completene84r algorithm in Section 5. The experiments are
because the of complexity graph structures. Wepsilve conducted in Section 6. Finally, we conclude ttipgr in

the completeness of our algorithm in this papere TH>ection 7.

experiments will be conducted to illustrate thecéhcy

of our data partitioning approach. 2 Graph mining problem

- _ In graph mining, undirected labelled graphs are
Keywords:Subgraph, graph mining, algorithm. commonly considered. A graph is defined as follows.
1 Introduction Definition 1: A undirected labelled graph is

] ] _ represented by a 4-tuple G = (V, E, L, |) where
Discovering subgraph patterns from graph datasetf i

great importance in many application domains Vis a setof verticedE L]V x Vis a set of edges;
(e.g., chemical analysis, common protein strucasrevell

as common structure in XML documents). Since the
research problem of discovering frequent subgragds |1 v [ E - L, Iis a function assigning labels to the
introduced, many mining algorithms such as Gaston vertices and edges.

(Nijssen and Kok 2004), gSpan (Yan and Han 2002¢ ha

been proposed for efficiently finding frequent stdmhs A graphG is connected if a path exists between any two
from the graph datasets. To the best of our knoyded vertices inV. We focus on connected graph only. The size
the most of existing techniques are memory-basexf a graph is the number of edges in it, and alg@p
approaches. As a result, they are facing the siigfab with k edges is called a graph of sker k-edgegraph
challenge when the input graph dataset cannot lokite
the main memory.

L is a set of labels;

Definition 2: A graphG; is isomorphicto graphG,
if there exists a bijective functioh V(G,) — V(G)

In this paper, we present a new horizontal datsuch that[lu DVGl), loiw) = le2gny and U (u, v)

partitioning framework for graph mining. The origin D E(Gy), (f(u), f(v)) LI E(Gy) andlgiwyy= le2iw), 1)

dataset is divided into fragments, and then thgnfients

are mined individually and combined together for a  Anautomorphismof G is anisomorphismfrom G to

global result. Compared with a well-known approacks.

PartMiner, proposed by Wang et al. (2006), our temiu o . )

can guarantee the completeness and correctnedwof t Definition 3: A graphG, is subgraphof G, if all
vertices and edges of ;@nd their labels are belonged to

Gyie, VG) U vG)andE@G) U E@G).

paper appeared at th&" Australasian Database Conference
(ADC 2008) Wollongong, Australia, January 2008A Subgraph isomorphism from Gl to G2 is an
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A graph dataset is a set of tuplgsd( G), wheregid is a
graph identifier ands is an undirected labelled graph.  pyoof: Proved by contradiction.

Size of graph dataset is a number of graphs irsdata ] ]
Assume thats is a frequent subgraph in datagetbut

Given a graph datas&, thesupportof a graphG is the not in any of thek fragments, and prove th& must not
number of graphs iD that are supergraphs @f denoted be a frequent subgraph h(because the total support for
supporg(G). the entire dataset is smaller than the minimum stupp
which is a percentage). As a result, the proofosedby

Problem statement: Given a graph datasdd, a contradiction.

minimum support (min_sup) The frequent subgraph
mining is to discover the complete set of subgraph§he partitioning framework divideB into k fragments,

which have support iD is no less thamin_sup denoted denoted ad~ , i = 1,....,k The framework first scans

asP(D). fragmentF; in the main memory at a time using current
memory-based techniques such as Gaston algorittim, f

3 Related Work i =1,....k to find the set of alLocal frequent subgraphs

_ . in F;, denoted asRk(F), and the number of frequent
Ther(_a many well-known frequent pattern ) m'”'ngsubgraphs in Fdenoted as |R(F Then, by taking the
algorithms on subgraphs such as Gaston (Nijssen apgion of allR(F), i = 1,...,k,a set of candidate subgraphs
Kok 2004), gSpan (Yan and Han 2002), ADIMin€yerp is constructed, denoted aS.®ased onemma 1
(Wang et al. 2004). C® is a superset of the set of aBlobal frequent

Recently, a partition-based algorithm is proposed bsubgraphsn D. Moreover, denotedFas the intersection
Wang et al. (2006), namely PartMiner. PartMiner i®f all R(F), i=1,...k, ¥ is a set of subgraphs already
developed on the basis of the memory-based grafRown asGlobal frequent subgraph®ecause of frequent
mining algorithm Gaston. With the aims of solvingin all fragments). Finally, the algorithm scans feac
memory limitation and improving performance,fragment for the second time to calculate the S[Ipob
PartMiner partitions original dataset into unitsstj then €achGlobal candidatein (C° - F°) and to find the all
Gaston technique is applied to mine the units lgcal Global frequent subgraph3herefore, it guarantees the
After that the merging phase is taken to discovegompleteness and correctness of frequent subgraph
complete mining result of the original datasetadiuition, Mining result.

some optimization techniques are applied in thene gyiline of our partitioning graph mining algbrh is
partitioning phase and combining phase. described as follows:

4 Our partitioning approach Algorithm: PartGraphMining()

Input:  Graph dataset: D; min_sup — given the support

Partitioning approach is firstly applied to frequéamset threshold: k — given number of fragments

mining by Savasere, Omiecinski and Navathe (199%.
a horizontal partitioning approach to a transactiataset. Output: The complete frequent subgraphs set in D
Another smart partition technique has been propdased Begin

improve the overall performance by Nguyen and

. /IPhase one
Orlowska (2005). This paper can be regarded as an - _ _
extension to these approaches to the graph mining. 1. Partition dataset D into k fragments (using
partitioning algorithm):  Fy F,, ..., Fy, every fragment

. e can be loaded into the main memory.
4.1 Horizontal partitioning framework Y

2. Applying the Gaston (or gSpan) subroutine to find

The horizontal partitioning frame work is based tbe the Local frequent subgraphs foreach Fi i=1...k;
following principle. Fori=1tok: Call Gaston (or gSpan) routine
to get R(F)

A fragmentF [1 D of the graph dataset is defined as any
subset of the graphs contained in the datBsdturther,

any two different fragments are non-overlappihgcal ce = [] (R, RE2). ... RED}
support for a subgraph is the fraction of graphs
(percentage) containing that subgraph in a fragment

3. Computing the union of all R(F;):

4. Computing the intersection of all R(F;):

Assume that thesupport is a percentage instead of . ﬂ
number of graphs as formal definition in SectionA2. F = {R(F1), R(F2), ..., R(FJ}:
Local frequentsubgraph is a subgraph whose local FC is the set of already frequent subgraphs in D.
support in the fragment is no less than the minimum IPhase tw
support which is a percentage in this ca&iobal ase wo
support, Global frequent patterare defined as above 5. Scan dataset D again (from the first fragment to last
except they are in the context of the entire dataEee fragment) to verify the Global candidates set (C” - F7) if
A . they are frequent or not; and output the total Global
goal is to find allGlobal frequent subgraphs frequent subgraphs.
Lemma 1: If G is a frequent subgraph in dataBet End

which is partitioned intd fragments, F,, ..., R, thenG
must be frequent in at least one of the k fragments



_ Definition 5: Similarity function between a graph
4.2 Characteristics of graph fragment and a fragment centroid, is denoted SimGrapl@pand
Our main goal is to find an approach to partitignin defined as follows;

dataset but not too ‘expensive’ for data fragméonat . . . . .
Obviously, fragments that have many ‘dissimilaragns ~ >MGraph(G G) - R*; Calculation of this function:

(graphs with small or empty common subgraphs) 1. Let $ is the set of 1-edge subgraphs in the

generate a small number lofcal frequent subgraphs$n graph G

this paper we call thermdissimilar’ fragmentsWe want _ i

to partition the original graph dataset into thissémilar’ 2. Let S be the intersection betweghahd G,

fragments. As a result, at the second phase of s =N C

PartGraphMining() algorithm, the number oGlobal

candidategC® - F°) is reduced as well as the number of 3. 1f S = @ then SimGraph(SG) = 0. Otherwise,

already frequent subgraphs®jFs increased by taking S={ly I, ..., In} with the corresponding weights

union and intersection amongcal frequent subgraphs Wi, Wy, ..., wn} in fragment G, respectively,

of fragments. therefore SimGraph(SG) = w+Ww,+ ... + W,

4.3 Proposed data partitioning solution The overview of our data partitioning algorithmgiven
as follows.

The incremental clustering algorithm is our idea fo
partitioning process. Our technique is based dfiticeal
K-mean algorithm, but there is only one scan thibagt ~ Algorithm: IncPartDBGraph ()
the dataset, i.e., it is incremental processing d@t¢ncept
of this technique is illustrated as Figure 1 foe ase:
number of fragments is 3.

Input:  Graph dataset: D; k — given number of fragments
Output: The k fragments: F1, Fo, ..., Fx
Begin

1. Assign the first k graphs to k fragments, and
initialize the all fragment Centroids: {C1, Ca,..., Ci}

G 2. Consider the next k graphs. These k graphs are
assigned to k different fragments. These

G operations are done based on the following
criteria: (i) the minimum similarity between the

Gs new graph and the suitable fragments; (i) the

Gy sizes of these fragments are controlled to keep the
balance.

' G 3. Repeat step 2 till all graphs in D are partitioned.
Gs End
Fragment

Given k = 3; Output Bagments 5 Completeness and Correctness issues
Graph databa

The completeness and correctness are challengiad to
data mining algorithms. As can be seen in secti@naur
data partitioning solution guarantees the compéssrof
the frequent patters discovery. Compared with PigeM
approach (Wang et al. 2006), we find out that titerl
violates the correctness condition. We now disdbgs
ﬁnding in more detail.

Figure 1: The incremental processing

The size of each fragment, i.e. the number of ggdph
fragments, is controlled to keep the same size itiond
among fragments. The reason is to distribute ashmu
uniform as possible among fragments.

Furthermore, in order to getlissimilar fragments we 5.1 PartMiner approach

define two concepts: Centroid of fragment and siritiy ) _ .
function between graph and fragment centroid. Figure 2 shows the basic framework of the PartMiner

approach. It consists of two phases. At the fitdge, a
Definition 4: Centeroid of graph fragment is a set ofiraph partitioning algorithm is used to split evgnaph
all 1-edge subgraphs in the fragment, denoted ;as Cin the dataset into smaller subgraphs. Then thgraphs
{l1, lp.., I} where | represents a 1-edge subgraphare grouped into units. The second phase applies an
Additionally, each element in;®as its associated weight existing memory-based graph mining algorithm (used
which is its number of occurrences in the fragmenfzaston algorithm) to discover the frequent subgsaph
W1, Wy, ..., Wi} each unit. The set of frequent subgraphs in eadhava
then merged via a merge-join operation to recoher t
complete set of frequent subgraphs.



Proof: By an induction method.

G &G G ... ... G
“Base Case: n = 2. This is trivially true as shawn

/ \ \ PartMiner paper.

Induction Step: Suppose,Hs true, the authors want to
G“/ Gz ... G GG G @G . (\3"k show that H.; is also true. If H is true, it is able to
./ \ & recover all subgraphs of a graph G of size n. Now o
y - | have a graph G’ of size n + 1. Graph G’ is pani¢id into
Gu Gu... Gu Gz Go ..Go | ... | Gk G ....Gu two subgraphs. Let (denote the partition of size n, and
let G, denote the partition of size i - 2, 3 <i < n
l U l Y v (see Fi)gure 3)5 All subgrapc:\s from (bechause IGis of
2 k size n) can be recovered. Hence, the only missing
P(U) P subgraphs are those involving the edge ) in G,.
\l/ These subgraphs are formed by the joining of the
subgraphs of Gand G, which share one of the common
edges (¥, V3); ...; (V»; Vi) marked as grey in Figure 3.
This step in fact is included in the merge-join @pien.
In other words, if His true, then K., must be true”.

Uy

P(D)

Figure 2: PartMiner partitioning framework

Dividing Graph Dataset into Units
PartMiner has adopted an approach that repeatedly/@

bi-partitions each of the graphs in the datasetr °

example, a grapl is first divided into 2 subgraphs;
and G,, then G; (G,) is again further divided into 2
subgraphss;; andG;; (G,; andG,y). This bi-partitioning
process yields a total of 4 subgraphs @rBy applying
this bi-partitioning procedure on each of the ge@hin

the dataset, we can have four subgraBhsG,, Gs, and Vertices of shared edges
Gis for eachG;. Each of the subgrapl@; , 1 < i < 4
can be grouped into one uhlf
Mining Frequent Subgraphs in Units Figure 3: Induction ste©
PartMiner approach uses the Gaston algorithm tbtfie _ o )
set of frequent graphs in the units. After &(U), Theorem 2: (Apriori property) If a graph G is

1<i < k are discovered, the combining step idrequent in graph dataset D, all of its subgraph® a

aprjlied to get full frequent subgraphs in the owgi reduentinD.

dataset. Proof. It is obviously according to subgraph
Combining Frequent Subgraphs definition.

At this point, the set of frequent subgraphs in tinits Thoerem 3: Let D be a graph dataset that has been
have been computed. In PartMiner, a merge-joifivided into k smaller units Uk 2 2, 1< i < k.
operation is defined to recover the complete set &f the complete set of frequent subgraphs Pt each
frequent subgraphs in original graph dataset. ™dea i unitU, 1 < i < kis already known, the complete set of
behind the merge-join operation is illustrated dieta frequent subgraphs P(D) in D can be determined.

PartMiner paper. Proof: Also by induction method. This theorem is a key

point to prove the completeness of PartMiner. Hewev

we found that there is not a correct proof. We wilme

Completeness means all frequent subgraphs in taseta back with this statement in our following section.

will be discovered independent from the partiti@nin o )

technique. The completeness of PartMiner approach 2-2 Critical observations

claimed by three theorems as follows: After above review on PartMiner approach, we noemsh

that in general, PartMiner provides incorrect mgnin

Theorem 1: The set of subgraphs of a graph Gregyits. Particularly, we shall prove that the Prob

(i.e. PRG)) with size of n, 2 2, can be fully recovered Theorem 1 in PartMiner is incorrect and the probf o

by recursively applying the merge-join operation i® Theorem 3 in PartMiner is incorrect either.
bi-partitioned subgraphs Gand G.

Completeness of PartMiner approach



We think that the induction method is not suitatde Cannot recover frol?S(G) andPS(G). Therefore, there
prove Theorem 1. In the induction step, under thdS atleast one 1-edge subgraphgsfbut cannot recover
assumption that Theorem 1 is true for graphs wita 8 from the set of 1-edge subgraphsP&(G) and the set of

(H,), the authors try to show that Theorem 1 is alge t 1-€dge subgraphs ¢tS(G). It is impossible because
for graphs with siz@+1 (Hn..). according to PartMiner's bi-partitioning technigueise

] . ~_ set of 1-edge subgraphs BS(G) and the set of 1-edge
An example is used for this purpose, as shownguréi  sybgraphs of PS(G) contains complete set 1-edge

3. However, this example is just a special caseiand sybgraphs of original graph G. As a result, theopaf
thus not general enough to be representative of alftheorem 1 is done.

possible situations. The reasons are:

It is assumed that the difference betwé&n(i.e., size Claim 5.2 (Incorrectness of ProoforTheorem 3)

n+ 1) andG (i.e., size n) is that there is a new vertex v \ye see there is no relationship between Theoremd1 a
in G' because the authors claim th#te’ only missing Theorem 3. Because, Theorem 1 is about the subgraph
subgraphs are those involving the edge &) in G,".  of only one graptG, meanwhile Theorem 3 is about the
After all, in Figure 3y, is only connected tw,. frequent subgraphs of unit which is a set of graphs

However, the size of a graph is determined by thdMoreover, the set of frequent subgraphs in original
number of edges instead of the number of vertites. dataseD is totally deferent from the set of subgraphs in
other words,G’ could also be constructed by adding a®ach graph oD. We cannot generalize from only one

new edge between two existing vertices in G thatnat ~ 9raph (Theorem 1) to a set of graphs (Theorem 3).

originally connected. Note that this case can net bTherefore, the base case of induction gtep 2) in the
explained by Figure 3. proof of Theorem 3 is incorrect. As a result, the

o } - induction step fok > 2 is failed as well.
Furthermore, in Figure 33’ is carefully partitioned so

that G is of size n ands, is of sizei-2 with 3 < i < n.
Compared to the definition of Theorem 1, this isoaa Correct proof
special case of partition. In fact, the authors of ] ]
PartMinner should show that,H is true for any two @ Assume that thenin_supthreshold is a number of graphs
and G resulted from any bipartition &' (not percentage threshold). A graph dataset has bee
Counter example 1 Finally, an example is shown belowdivide into k smaller unité), k2 2,1< i < k

P Y, P If the complete set of frequent subgraph@J) with

(Figure 4) where G’ is of siza + 1 = 3. It is not sure _ . . . .
whether Theorem 1 is true on G’ given the base cse min_sup / khreshold (according to PartMiner algorithm)

induction method withn = 2. Note thatG, is of size in each unitl, 1 <1 < Kkis already known, the
n+ 1 =3andG, is of sizen = 2. In the paper, the authors complete set of frequent subgraphD) in D can be

claim thatG; is of size n and &is of sizei - 2 with determined by the merge-join operation.
3 <i < n, which is impossible in this case, no matter howve prove by contradiction.

G'is bi-partitioned. Assume that there is a frequent subgraph PgD),

denoted fgs, but cannot determine fréttl;), k = 2,

! G 1< i £ k Therefore, there is at least one 1-edge
A\ G@ subgraph of}gs which is frequent in D, denoted ags,
w but cannot determine from the set of 1-edge sulhgrap
: P(Uy), P(W), ... and P(|). As a result:

\

suppor(figs) 2 min_sup (for the whole original
dataset D)

TN e -

Figure 4: Counter example 1 of induction proof for Theorem 1 SUPPOTLi(f,gs) <

IneveryunitU, 1< i < k:

Mn_SUP - pecause it is infrequent.

Correct proof: We prove by contradiction. Let taking sum of all support ofgs in allk units:
Given a graphG partitioned by the method proposed in supporty. uz...uffigs) < To=>F * k = min_sup
PartMiner approach into two subgrap and G. k
Suppose the complete set of subgraphspPS(G) and
the complete set of subgraphs®f, PS(G), are given.
We can recover the complete set of subgraphs of/ G b
applying the merge-join operation in PartMiner. As a result, the proof of Theorem 3 is done by

contradiction.

However, support us..ukfigs) = supporp(f,gs) =
min_sup



fragments; secondly the gSpan routine (Yan and Han
2002) is applied to find.ocal frequent subgraph@®(F))
for each fragment. Subsequently, union of thege)
According to Theorem 3, PartMiner decreases thgenerates th6lobal candidateC®) and intersection of
minimum support toMN_SUP \vhen mining individually theseR(F) generates the common candidates which are
K already frequent.
every unit. It guarantees the complete frequengsyghs
of original dataset which can be determined. HoweveResulting figures for each data set are represeinted
according to merge-join operation, there is no ectrr following template Table 1. The"2and &' columns’
pruning technique to remove the infrequent subgiafih names indicate two techniques for data preparation:
which is frequent in units (because of decreasimg tSequentialfragments correspond to loading clusters with
minimum support). original graph data, and tt@ustering fragments are the
pre-processed data as presented by our incremental
clustering method described in section 4.3.

Claim 5.3 (Incorrectness of PartMiner mining
result)

For example, we have to determine all frequent deed
subgraphs in DIt cannot be the union of all frequent
1-edge subgraphs in all units (because of different
minimum support). There is only way to verify it by
scanning all dataset D to count the frequency,itowill
violates the idea of partitioning techniques. Aseault,
after taking the merge-join operation, the finattMner
mining result may contain the infrequent subgraphs
whole original dataset.

The data sets used are indicated on the top of tdbd
segment. Note that this figure is presented by smpits
two components; for exampl872 + (71)indicate that
there are372 candidates to be checked arntcommon
candidates don’t need an additional check (alréadyvn
asGlobal frequent subgraphs

Counter example 2 We consider the following simple
example. Let given a graph dataBetontained 2 graphs
(G1, &), and a number of units= 2, givenmin_sup= 2
Assume that there is no frequent pattern at alledges
in two graphs are different

Sequential ‘ Clustering
Chemical_340
1-fragment:190Frequent Subgraphs

2 fragments

According to PartMiner algorithm, at the first phasach R(F) 223 239
graph G i =1,.., 2, in D is partitioned into 2 subgraphs

Gii, Gp. After that all subgraphs i i = 1,.., 2 are R(ZZ) 291 175
grouped into unitU;, all subgraphss,, i = 1,.., 2 are c 372 +(71) 88 + (163
grouped into unit &l Compound_420

At the second phase, the frequent subgraphs it ane 1-fragment923Frequent Subgraphs
discovered by applying Gaston algorithm with | 5 fragments

min_sup / k threshold = {in this case). That means all

subgraphs itJ; and U are frequent. Then, the merge-join R(F) 2,167 368
operation will discover all subgraphs @f, G, which are R(F,) 12,552 1,996
frequent inD, this mining result is incorrect. There is no cC 14,337 + (191) 1,686 + (339)

pruning technique at all.

In conclusion, we have proved that the PartMiner's
theorems have some weakness. Therefore, PartMiner
approach violates the completeness and correctnesk
graph mining result.

Table 1: The figures with a threshold 0.2

Sequential Clustering
Chemical_340
1-fragment844Frequent Subgraphs

6 Experiments

2 fragments

In this section, the experiments are conductedgusio R(F)
real data sets from gSpan work (Yan and Han 2002), L
namely Chemical_340 and Compound_420. Those data| R(R)
sets are the same one used in (Kuramochi and Karypi c®

1,425
999

965
777

2001). The Chemical_340 data set contains 340 graph
The average size is 27.4 in terms of the numbedges,

and 27 in terms the number of vertices. Because the
number of edges is very close to that of vertites, data

set is spare. In contract, the Compound_420 data se
contains 420 graphs and it is dense.

Our goal is to compare the cardinality of the otggftom
two phases of the PartGraphMining algorithm; at the
Local leveland theGlobal leve] before and after applied
data pre-processing. Firstly, data set is pargéibmto 2

1,398 + (513)

224 + (759)

Compound_420

1-fragment:15,966Frequent Subgraphs

2 fragments

R(F) 226,206 16,023
R(F) 116,813 17,526
c® 341,765 + (627) 3,094+ (15,22])

Table 2: The figures with a threshold 0.1



As can be seen from Table 1 and 2, there are lrigfite 8 References

from the intelligent data pre-processing. Furthés,

discuss the impact of threshold level, let us dertbe hi . fici lqorith
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0.2 and its value reduces significantly from 1,38&24 Mining. Proc. of European Conf. on Principles and

with the support threshold 0.1 for Clustering. Practice of Knowledge Discovery in Database
(PKDD’05), 2005, Springer

This reduction is also present when consideringrodlata . . .

sets as well. Its value reduces frdmh,337 (Sequential) Nijssen S. ar_1d_ Kok J. (2004): A quickstart in frequ

to 1,686 (Clustering)with the threshold.2 for data set ~ STUCture mining can make a differene€M SIGKDD

Compound_420. More significantly, there is a huge CONf- on Knowledge Discovery in Data (KDD'04)

decrease fror841,765to 3,094with the threshold.1 for 2004, ACM Press

the same data set Compound_420. Savasere A., Omiecinski E. and Navathe S. (1995): A
efficiant algorithms for mining association rules i

Moreover, another interesting and encouraging treard large databaseProc. 21" Int. Conf. Very Large Data

be found in the growth of the number ebmmon Bases Swizerland, 1995

candidatesamong R(F) for fragmented data sets. For

example, this common number increases, frah Wang_\_]., Hsu W., Lee M. and Sheng .C' (2006): A

(Sequentia) to 163 (Clustering) for Chemical_340 with Partition-based Ap_proa_ch to Graph MiningEE Int.

the threshold 0.2, from 191 (Sequentia) to 339  Conf.on Data Engineering (ICDEQ&006

(Clustering for Compound_420 with the threshdld2 \wang C., Wang W., Pei J., Zhu Y. and Shi B. (2004):
Especially, there is extremely gap for Compound_420 Scalable mining of large disk-based graph
with the threshold.1 from 627 to 15,227. If we reduce databases. ACM SIGKDD Conf. on Knowledge

the support threshold @.050r less, the differences will  Discovery in Data (KDD'04)2004, ACM Press

go further because of the huge number of candidates
generated. Yan X. and Han J. (2002): gSpan: Graph-based

substructure pattern miningroc. IEEE International

In conclusion, the figures from these two tablesvsthat ~ COnf- on Data Mining (ICDM'02)2002

the proposed incrementaClustering pre-processing
technique can dramatically improve the partitiosdzh
approach to graph mining. It is delivered in forintwo
strongly related benefits; reduction of the numioér
Global candidatesequiring the final check and increase
of the common candidatesiumbers that are already
frequent for phase two of PartGraphMining algorithm

7 Conclusion

This paper presents a new horizontal data parititgpn
framework for graph mining. We prove the complet=ne
and correctness of mining result generated by @ata d
partitioning approach. In addition, we show some
drawbacks of a well-known PartMiner approach by
demonstrating that in general, it fails to mine toerect
complete set of frequent subgraphs from an inpaplyr
dataset, and the proofs of the basic theorems én th
PartMiner algorithm are incorrect.

This paper gives new algorithms and the proof & th
completeness of the discovered frequent subgrapfes.
have done experiments to illustrate the efficientypur
data partitioning approach. More experiments wignyv
large real data sets will be given in our futurerkvto
show the performance of our data partitioning metfoo
graph mining. In addition, we are also designingvne
partitioning technique for improving the performanaf
mining frequent subgraphs.



