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Abstract

Freguent itemset mining was initial ly proposel and
has been studied extensivelyin the context of assia-
tion rule mining. In recent years, seveal studies have
also extendel its application to the transaction (or doc-
ument) classi cation and clustering. However, most of
the frequent-itemsetbaseal clustering algorithms need to
rst mine a large intermediate set of frequent itemsets
in order to identify a subsetof the most promising ones
that can be usal for clustering. In this paper, we study
how to directly nd a subsetof high quality frequent
itemsetsthat can be usel as a concise summary of the
transaction datataseand to cluster the categorical data.
By exploring some properties of the subsetof itemsets
that we are interestal in, we proposal seveal serch
space pruning methads and designel an e cient algo-
rithm called SUMMARY. Our empirical results have
shown that SUMMARY runs very fast even when the
minimum support is extremelylow and salesvery well
with respect to the datakase size, and surprisingly, asa
pure frequentitemset mining algorithm it is very e ec-
tive in clustering the categorical data and summarizing
the densetransaction datalases.

1 Intro duction

Frequert itemset mining wasinitially proposedand
has beenstudied extensively in the context of assia-
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tion rule mining [2, 3, 24, 29, 15, 9, 18, 34]. In recert
years, some studies have also demonstrated the use-
fulnessof frequert itemset mining in serving as a con-
densedrepresettation of the input data in order for an-
swering various typesof queries[22, 8], and the trans-
actional data (or documert) classi cation [5, 20, 19, 4]
and clustering [32, 7, 11, 33].

Most frequert-itemset based clustering algorithms
needto rst mine a large intermediate set of frequert
itemsets (in many cases,it is the complete set of fre-
quert itemsets), on which somefurther post-processing
can be performed in order to generatethe nal result
set which can be usedfor clustering purposes. In this
paper we considerdirectly mining a nal subsetof fre-
guern itemsetswhich canbe usedasa concisesummary
of the original databaseand to cluster the categorical
data. To serwe these purposes,we require the nal
set of frequert itemsets have the following properties:
(1) it maximally covers the original databasegiven a
minimum support; (2) each nal frequert itemset can
be used as a description for a group of transactions,
and the transactions with the same description can
be grouped into a cluster with approximately maxi-
mal intra-cluster similarity. To achieve this goal, our
solution to this problem formulation is that for eadh
transaction we nd oneof the longestfrequert itemsets
that it contains and use this longest frequert itemset
asthe corresponding transaction's description. The set
of so mined frequert itemsetsis called a summary set

One signi cant advantage of directly mining the -
nal subsetof frequert itemsetsis that it providessome
chancesto designmore e cien t algorithm. We proved
that ead itemset in the summary set must be closed,
thus somesearth spacepruning methods proposedfor
frequert closeditemset mining can be borrowed to ac-
celerate the summary set mining. In addition, based
on some properties of the summary set, we proposed
seweral novel pruning methods which greatly improve
the algorithm e ciency . By incorporating these prun-
ing methods with a traditional frequert itemset min-



ing framework, we designedan e cien t summary set
mining algorithm, SUMMARY. Our thorough empir-
ical tests shav that SUMMARY runs very fast even
whenthe minimum support is extremely low and scales
very well w.r.t. the databasesize, and its result set
is very e ectiv e in clustering the categorical data and
summarizing the densetransaction databases.

The rest of this paper is organizedas follows. Sec-
tion 2 and Section 3 introduce the problem de nition
and somerelated work. Section 4 describes the algo-
rithm in detail. Section 5 preseris the empirical re-
sults. Section 6 preseris an application of the algo-
rithm in clustering the categoricaldata, and the paper
endswith somediscussionsand conclusionin Section7.

2 Problem De nition

A transaction datataseT DB is a set of transactions,
where ead transaction, denoted as a tuple hid; Xi,
contains a setof items (i.e., X ) and is assciated with a

be the complete set of distinct items appearing in
TDB. An itemset Y is a non-empty subsetof | and
is called an |-itemset if it contains | items. An itemset
X|. A transaction
hid; X i is said to contain itemset Y if Y  X. The
number of transactions in TDB cortaining itemset Y
is called the (absolute) support of itemset Y, denoted
by sup(Y). In addition, we usejTDBj and Y| to de-
note the number of transactionsin databaseT DB, and
the number of items in itemset Y, respectively.

Given a minimum support threshold, min_sup, an
itemset Y is frequent if sup(Y) min_sup. Among the
longestfrequert itemsets supported by transaction T;,
we chooseany one of them and denoteit by Slt,. Slr,
is called the summary itemset of T;1. The set of the
summary itemsetsw.r.t. the transactionsin TDB (i.e.,

ITPBIfsIy ) is calleda summary set w.r.t. database
TDB. Note that the summary set of a database may
not be unique, this is becausea transaction may sup-
port more than one summary itemset.

Given a transaction databaseT DB and a minimum
support threshold min_sup, the problem of this study
isto nd any oneof the summary setsw.rt. TDB.

Example 2.1 The rst two columnsin Table 1 show
the transaction databaseTDB in our running example.
Let min_sup=2, we sort the list of frequert items in
support ascendingorder® and get the sorted item list

1Transaction T; may contain no frequent itemset, in this case
Slt, is empty and T; can be treated as an outlier.

20ur experience tells that there is no clear winer between the
support descending order and ascending order.

| Tid [ Setofitems | Ordered frequent item list |

01 a;c;e;g a;c;e
02 b;d;e b;d;e
03 d;f;i d;f

04 e;f;h e f

05 | a;b;c;d;e;f a;b;c;d; e;f
06 b;c;d b;c;d
07 a;c;f a;c;f
08 e;f e;f

09 b;d b;d

Table 1. A transaction database TDB

which is calledf_list. In this examplef_list = <a:3, b4,
c4, d:5, e5, f:5>. The list of frequert items in eath
transaction are sorted accordingto f_list and shown in
the third column of Table 1. It is easyto gure out
that face2, acf:2, bcd2, bd4, bde2, d :2, ef:3gis one
summary setw.r.t. TDB.

3 Related Research

Since the introduction of the assaiation rule min-
ing [2, 3], numerous frequert itemset mining algo-
rithms have been proposed. In essence SUMMARY
is a projection-based frequert itemset mining algo-
rithm [18, 1] and adopts the natural matrix structure
instead of the FP-tree to represen the (conditional)
database[26, 12]. It grows a current pre x itemset by
physically building and scanningits projected matrix.
In [15] an algorithm was proposedto mine all most
speci ¢ sertences,however, both the problem and the
algorithm in this study are di erent from thosein [15].

In Section 4 we prove that eadh summary itemset
must be closed,thus somepruning methods previously
proposedin the closed (or maximal) itemset mining
algorithms [6, 25, 27, 10, 34, 30, 23, 21] can be used
to enhancethe e ciency of SUMMARY. Like seweral
itemset mining algorithms with length-decreasingsup-
port constraint [28, 31], SUMMARY adopts someprun-
ing methodsto prune the unpromising transactionsand
pre xes. Howewer, becausethe problem formulations
are di erent, the pruning methods in SUMMARY are
di erent from the previous studies.

One important application of the SUMMARY algo-
rithm is to concisely summarize the transactions and
cluster the categorical data. There are many algo-
rithms designedfor clustering categoricaldata, typical
examplesinclude ROCK [14] and CACTUS [13]. Re-
certly sewral frequent-itemset based clustering algo-
rithms have alsobeenproposedto cluster categoricalor



numerical data [7, 11, 33]. Thesemethods rst mine an
intermediate set of frequert itemsets, and some post-
processingare neededin order to get the clustering so-
lution. SUMMARY minesthe nal subsetof frequert
itemsetswhich can be directly usedto group the trans-
actions to form clusters and enablesus to designmore
e ectiv e pruning methods to enhancethe performance.
Contributions.  The cortributions of this paper can
be summarized as follows.

1. We proposeda new problem formulation of min-
ing the summary set of frequert itemsetswith the
application of summarizing transactions and clus-
tering categorical data.

2. By exploring the properties of the summary set,
we have proposedseveral pruning methods to ef-
fectively reducethe seard spaceand enhancethe
e ciency of the SUMMARY algorithm.

3. Thorough performancestudy has beenperformed
and shown that SUMMARY has high e ciency
and good scalability, and can be used to cluster
categoricaldata with high accuracy

4 SUMMAR Y: An Ecien t Algorithm
to Summarize the Transactions

In this sectionwe rst brie y introducea traditional
framework for enumerating the setof frequert itemsets,
which forms the basis of the SUMMARY algorithm.
Then we discusshow to designsomepruning methods
to speed up the mining of the summary set Finally
we presern the integrated SUMMARY algorithm, and
discusshow to revise SUMMARY to mine all the sum-
mary itemsets for ead transaction.

4.1 Frequentltemset Enumeration

Like some other projection-based frequert itemset
mining algorithms, SUMMARY employs the divide-
and-conquer and depth- rst search strategies[18, 3(],
which are applied according to the f_list order. In
Example 2.1, SUMMARY rst mines all the frequert
itemsets containing item a, then mines all frequert
itemsets containing b but no a, ..., and nally mines
frequent itemsets containing only f. In mining item-
sets containing a, SUMMARY treats a as the current
pre X, and builds its conditional database,denoted by
TDBj,=th01; ed, H05; ef ci, 07, f cig (where the local
infrequent items b, d, and g have been pruned and
the frequert items in ead projected transaction are
sorted in support ascendingorder). By recursively ap-
plying the divide-and-conquer and depth- rst search

methods to TDBj,, SUMMARY can nd the set of
frequert itemsets containing a. Note instead of using
the FP-tree structure, SUMMARY adopts the natu-
ral matrix structure to store the physically projected
database [12]. This is becausethe matrix structure
allows us to easily maintain the tids in order to de-
termine which set of transactions the pre x itemset
covers. In addition, in the above enumeration process,
SUMMARY always maintains the current longest fre-
guern itemset for eadh transaction T; that was discov-
ered rst sofar. In the following we call it the current
longestcovering frequentitemset w.r.t. T; (denoted by
LCFy,).

4.2 Search SpacePruning

The above frequert itemset enumeration method
can be simply revisedto mine the summary set: Upon
getting a frequert itemset, we ched if it is longer than
the current longestcovering frequert itemset w.r.t. any
transaction that this itemset covers. If so, this newly
mined itemset becomeshe current longestcovering fre-
quert itemset for the corresponding transactions. No-
tice that this nasve method is no more e cien t than
the traditional all frequert itemset mining algorithm.
However, the above algorithm for nding the summary
set can be improved in two ways. First, as we will
prove later in this section, any summary itemset must
be closedand thus, the pruning methods proposedfor
closeditemset mining can be used. Second,since dur-
ing the mining processwe maintain the length of the
current longest covering itemset for ead transaction,
we can employ additional branch-and-tound techniques
to further prune the overall seard space.

De nition 4.1 (Closed itemset) An itemset X is a
closed itemset if there exists no proper superset
X0 X sud that sup(X 9 = sup(X).

Lemma 4.1 (Closure of a summary itemset) Any
summary itemset w.r.t. a transaction T;, Sl+,, must
be a closal itemset.

Proof. We will proveit by contradiction. AssumeSI
is not closed,which meansthere must exist an itemset
Y, sudh that Slt, Y and sup(SlT,) = sup(Y). Thus,
Y is also supported by transaction T; and is frequent.
Howevwer, jYj > jSlt,j contradicts with the fact that
Sl is the summary itemset of transaction T;.
Lemma 4.1 suggeststhat any pruning method pro-
posedfor closeditemset mining canbe usedto enhance
the performanceof the summary set mining. In SUM-
MARY, only one suc technique, item merging [30], is
adopted that works as follows. For a pre x itemset P,



the complete set of its local frequert items that have
the samesupport as P are mergedwith P to form a
newpre X, and theseitems areremaovedfrom the list of
the local frequert items of the new pre x. It is easyto
seethat sucdh a schemedoesnot a ect the correctness
of the algorithm [30].

Example 4.1 Assumethe current pre x is a:3, whose
local frequert item list is<e:2, f :2, ¢:3>, amongwhich
¢:3 can be mergedwith a:3 to form a new pre x ac:3
with local frequert item list <e:2, f :2>.

Besidesthe above pruning method, we deweloped
two new pruning methods called conditional transac-
tion and conditional datakasepruning that giventhe set
of the currently maintained longest covering frequert
itemsets w.r.t. TDB, they remove some conditional
transactions and databasesthat are guaranteed not to
contribute to and generateany summary itemsets

Specically, let P be the prex itemset that
is currently under consideration, sup(P) its sup-
port, and TDBjp = fthTp,;Xp,i, hlp,; Xp,i, ,
HTe, »): XPap (r,19 its conditional database. Note
that some (or all) of the transactions Xp, (1 i
sup(P)) can be empty.

Denition 4.2 (Invalid conditional transaction)
A conditional transaction Tp, in TDBjp (where
1 i sup(P)), is an invalid conditional transaction if
it falls into one of the following two cases:

1. JXP|J

2. jXp,J>(JLCFr, jj Pj), but jf 8 2 [Lisup(P)],
Te,jiXp j> (JLCFr. j jP]) gi < min_sup

(LCFr. j Pj);

Otherwise, Tp, is called a valid conditional trans-
action.

The rst condition states that a conditional trans-
action is invalid if its sizeis no greater than the dif-
ference between its current longest covering frequert
itemset and the length of the pre x itemset, whereas
the secondcondition statesthat the number of condi-
tional transactionswhich canbe usedto deriveitemsets
longer than LC Fr,, by extending pre x P is smaller
than the minimum support.

Lemma 4.2 (Unpromising summary itemset gene@a-
tion) If Tp, is an invalid conditional transaction, there
will be no frequent itemset derived by extending pre x
P that Tp, supports and is longer than LC Fr,, .

Proof. Follows directly from De nition 4.2. (i) If a
transaction Tp, is invalid becauseof the rst condition,
it will not contain sucient items in its conditional

transaction to identify a longer covering itemset. (ii)

If a transaction Tp, is invalid becauseof the second
condition, the conditional databasewill not contain a
su cien tly large number of long conditional transac-
tions to obtain an itemset that is longer than LC FTF,i

and frequert.

Note it is possiblefor an invalid conditional trans-
action to be usedto mine summary itemsets for other
valid conditional transactionsw.r.t. pre x P; thus, we
cannot simply prune any invalid conditional transac-
tion. Instead, we can safely prune someinvalid condi-
tional transactions accordingto the following Lemma.

Lemma 4.3 (Conditional transactionpruning) An in-
valid conditional transaction, Tp, , can besafely pruned,
if it satis es:

iXpj min
12 8 Tp, is valid

(LCFw j jP)) (D)
Proof. Consideran invalid conditional transaction Tp,
that satis es Equation 1. Then in order for a frequen
itemset supported by the conditional transaction Tp,
and pre x P to replace the current longest covering
frequert itemset of a valid conditional transaction Tp, ,
Tp, needsto contain more than jXp,]j items in its con-
ditional transaction. As a result, Tp, can never con-
tribute to the support of such an itemset and can be
safely pruned from the conditional database.

Lemma 4.3 can be usedto prune from the condi-
tional databasesomeunpromising transactions satisfy-
ing Equation 1 evenwhenthere exist somevalid condi-
tional transactions. However, in many casesthere may
exist no valid conditional transactions, in this casethe
whole conditional databasecan be safely pruned.

Lemma 4.4 (Conditional datatase pruning) Given
the current pre x itemset P and its projected condi-
tional datakaseTDBjp, if each of its conditional trans-
actions, Tp,, is invalid, TDBjp can be safely pruned.

Proof. According to Lemma 4.2, for any invalid con-
ditional transaction, Tp,, we cannot generateany fre-
quert itemsets longer than LC Fr, by growing pre x
P. This meansthat if ead conditional transaction
is invalid, we can no longer changethe current status
of the set of the currently maintained longest covering
frequert itemsetsw.rt. prex P,[ ()L C Fr., 0, by
extending P; thus, TDBjp can be safely pruned.

Example 4.2 Assume the prex is c4 (i.e., P=c).
From Table 1 we get that TDBj.=fh01, ei, H05, defi,
h06, di, h07, fig, and LC Fpy=ace?2, LC Fos=ace?,
LC Fos=bcd2, and LC Fgz=acf:2. Conditional trans-
actions 01, ei, H06, di, and 07, fi fall into casel



of De nition 4.2, while h05, defi falls into case2 of
De nition 4.2, thus all the conditional transactions in
TDBj. are invalid. According to Lemma 4.4, condi-
tional databaseTDBj. can be pruned.

ALGORITHM 1: SUMMAR Y (TDB, min _sup)

INPUT : (1) TDB : a transaction database, and (2) min _sup: a min-
imum support thr eshold .
OUTPUT : (1) SI: the summary set.

BEGIN

01. for allt; 2 TDB

02. Sl -

03. call summary (;, TDB);
END

SUBROUTINE 1: summary (pi, cdb)

INPUT : (1) pi: a prex itemset, and (2) cdb: the conditional
database w.r.t. prex pi.

BEGIN

04. 1 nd _frequent _items(c db,min _sup);

05. S item _mer ging(l);  pi pi[S; | | -S;
06. if(pi 6 ;)

07. for all tj 2 cdb

08. if(jS1e; j < jpij)

09. Sl pi;

10. if(l 6 ;)

11. if(c onditional _datab ase_pruning(l,pi,c  db))
12. return;

13. cdb conditional _tr ansaction _pruning(l,pi,c  db);
14. for all i21 do

15. pi’  pi[ fig;

16. cdb’  build _cond _datab ase(pi °, cdby;

17. call summary (pi O, cdbo);

END

4.3 The Algorithm

By pushing deeply the seart spacepruning meth-
ods of Section 4.2 into the frequert itemset mining
framework described in Section 4.1, we can mine the
summary set as described in the SUMMARY algo-
rithm shown in Algorithm 1. It rst initializes the
summary itemset to empty for ead transaction (lines
01-02) and calls the Subr outine 1 (i.e., summary(; ,
TDB)) to mine the summary set (line 03). Sub-
routine summary(pi, cdb) applies the searh space
pruning methods such as the item_merging (line 05),
conditional _datalase pruning (lines 11-12), and condi-
tional _transaction pruning (line 13), updatesthe sum-
mary set information for conditional database cdb
w.r.t. pre x itemsetpi (lines 06-09),and growsthe cur-
rent pre X, builds the new conditional database, and
recursively calls itself under the projection-based fre-
quert itemset mining framework (lines 14-17).

Discussion A transaction may be covered by multiple
summary itemsets. In this paper we mainly focus on
the SUMMARY algorithm, which for ead transaction,
only insertsinto the summary set the summary itemset

that wasdiscovered rst. Howewer, it is rather straight-
forward to revise SUMMARY to nd all the summary
itemsets supported by ead transaction. Speci cally, if
we cdhangethe * ' to <' in casel of De nition 4.2,
all the >"to * ' in case2 of De nition 4.2,the ™ 'to
'<'in Equation 1 of Lemma4.3,and the '<'to ™ 'in
line 08 of Algorithm 1, the revisedSUMMARY algo-
rithm will nd all the summary itemsets. We denote
the so-derived algorithm by SUMMARY-all.

5 Exp erimen tal Results

We have implemented both the SUMMARY and
SUMMARY-all algorithms, and performed a thorough
experimental study to evaluate the e ectiv enessof the
pruning methods, their algorithmic e ciency , and their
overall scalability. All the experiments exceptthe e -
ciency test were performed on a 2.4GHz Intel PC with
1GB memory and Windows XP installed. In our exper-
iments, we used somedatabaseswhich were popularly
usedin ewaluating various frequent itemset mining al-
gorithms [34, 30, 16|, such as connect, chess pumsb?*
mushroom, and gazele, and somecategoricaldatabases
obtained from the UCI Machine Learning repository,
such as SPECT, Letter Reaognition, and so on.

10000

T T T
SUMMARY-all with no pruning—+—
SUMMARY with no pruning --%--
SUMMARY-all with pruning ---¥--
1000 SUMMARY with pruning -

T T T
SUMMARY-all with no pruning—+—
SUMMARY with no pruning --%--
SUMMARY-all with pruning ---¥- -
SUMMARY with pruning 8-~ |

5
T

Runtime in seconds
Runtime in seconds

H
*
*

32 16 8 4 2 32 16 8 4 2
Absolute support threshold Absolute support threshold

a) Database (mushroom) b) Database(gazele)

Figure 1. Effectiveness of pruning methods

E ectiv eness of the Pruning Metho ds. We rst

evaluated the e ectiv enessof the pruning methods by
comparingSUMMARY and SUMMARY-all themsehes
with or without the conditional datalase and transac-
tion pruning methods. Figure 1 shaws that the algo-
rithms with pruning can be over an order of magnitude
fasterthan the corresponding algorithms without prun-
ing for both mushroom and gazele databases.This il-
lustrates that the pruning methods newly proposedin
this paper are very e ectiv e in reducing seard space.

E ciency . Tomine the summary set, a hasve method
isto rst mine the completesetof frequert closeditem-
sets, from which the summary set can be further iden-



tied. Our comparison with fpclose [17], one of the
most recertly dewveloped e cien t closeditemset mining

algorithms [16], shaws that such a solution is not prac-
tical when the minimum support is low. As we will

discussin Section 6, such low minimum support values
are bene cial for clustering applications. The e ciency

comparisonwasperformedon a 1.8GHzLinux machine
with 1GB memory by varying the absolute support
threshold and turning o the output of fpclose. The
experiments for all the databaseswe used show con-
sistert results. Due to limited space,we only report
the results for densedatabaseconnect, sparsedatabase
gazele, and categorical databaseSPECT.

T
fpclose ——
SUMMARY-all ==~
SUMMARY -----

T
fpclose ——
SUMMARY-all ==~
SUMMARY -----

1000

Runtime in seconds
Runtime in seconds

100
409 2048 1024 512 256 128
Absolute support threshold

a) Database(connect)

Absolute support threshold

b) Database (gazele)

Figure 2. Efficienc y test for connect and gazele

Figure 2 shaws the runtimes for databases con-
nect and gazele. It shows that both SUMMARY
and SUMMARY-all scale very well w.r.t. the sup-
port threshold, and for connect database, they even
run faster at low support value of 128than at high sup-
port value of 512. This is becausethesetwo algorithms
usually mine longer itemsets at lower support, which
makes the pruning methods more e ectiv e in remov-
ing someshort transactions and conditional databases.
Becausethe FP-tree structure adopted by fpclose is
very e ectiv e in condensingdensedatabases,at high
support fpcloseis much faster than SUMMARY and
SUMMARY-all for densedatabaseslike connect, but
once we cortinue to lower the support, it can be or-
ders of magnitude slower. While for sparsedatabases
like gazele, fpclosecan be sewral times slower. The
SPECT databaseis very small and only contains 267
instances (i.e., patient image sets) and 23 attributes
per instance. Figure 3a shows that even for such a
small database, both SUMMARY and SUMMARY-
all can be over an order of magnitude faster than
fpclose. In addition, the above results also demon-
strate that SUMMARY always runs a little faster than
SUMMARY-all, this is becauseSUMMARY-all mines
more summary itemsets than SUMMARY. For exam-

ple, at absolute minimum support threshold 32, on av-
erageSUMMARY-all nds 11.1summary itemsets for
ead transaction of the densedatabasemushroom, and
nds 1.3 summary itemsets for ead transaction of the
sparsedatabasegazele.
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Figure 3. Efficienc y and scalability test

Scalabilit y. We also tested the algorithm scalability
using the IBM synthetic database seriesT1014Dx by
setting the averagetransaction length at 10 and chang-
ing the number of transactions from 200K to 1000K.
We ran both SUMMARY and SUMMARY-all at two
di erent minimum relative supports 0.2%and 1%. Fig-
ure 3b shows that thesetwo algorithms scalevery well
against the databasesize.

6 Application
Clustering

- Summary Set based

One important application of the SUMMARY algo-
rithm is to cluster the categoricaldata by treating eac
summary itemset asa cluster description and grouping
the transactions with the samecluster description into
a cluster. In SUMMARY, we adopt a pre x tree struc-
ture to facilitate this task, which has beenusedexten-
sively in performing di erent data mining tasks[18, 30.
For eadh transaction, T;, if its summary itemset Sl
is not empty, we sort the items in Sl , in lexicographic
order and insert it into the pre x tree. The tree node
corresponding to the last item of the sorted summary
itemset represens a cluster, to which the transaction
T; belongs.

Example 6.1 The summary itemsets for the transac-
tions in our running exampleare Sl o;=ace, Slp,=bde
Slg3= d, Sl 04= ef, SlI os=ace Slgg= bcd Sl 07— acf,
Slog=ef, and Slge=bd If we insert these summary
itemsets into the pre x tree in sequence,we can get
sewen clusters with cluster descriptions ace, bde o,



cid 01 02 03 04 05 06 07

tid 01 04
list 05 02 03 08 06 07 09

Figure 4. Clustering based on summary set

ef, bed acf, and bd, as showvn in Figure 4. From Fig-
ure 4 we seethat transactions 01 and 05 are grouped
into cluster 01, transactions 04 and 08 are grouped into
cluster 04, while eath of the other transactions forms
a separate cluster of their own. Note that a non-leaf
node summary itemset in the pre x tree represerts a
non-maximal frequert itemset in the sensethat one
of its proper supersetsmust be frequert. For example,
summary itemset bdis non-maximal, becausesummary
itemset bdeis a proper supersetof bd In this case,we
have an alternativ e clustering option: mergethe non-
leaf node clusters with their corresponding leaf node
clusters to form larger clusters. In Figure 4, we can
mergecluster 07 with cluster 02 to form a cluster.

Clustering Evaluation. We have used many cat-
egorical databasesto evaluate the clustering quality
of the SUMMARY algorithm, including mushroom,
SPECT, Letter Reagnition, and Congressional Vot-
ing, which all contain classlabels and are available at
http: ==www.ics.uci.edu= mlearn=. We did not usethe
class labels in mining the summary set and cluster-
ing, instead, we only used them to evaluate the clus-
tering accuracy which is de ned by the number of
correctly clustered instances (i.e., the instances with
dominant classlabels in the computed clusters) as a
percertage of the databasesize 3. SUMMARY runs
very fast and can achieve very good clustering accu-
racy for these databases, especially when the mini-
mum support is low. Due to limited space,we only
show results for mushroom and Congressional Voting

3Note we also used the average cluster purity and entropy
to evaluate the clustering quality, and our results show that the
clustering of SUMMAR Y has high purit y and low entropy, which
is consistent with the clustering accuracy measure. Due to lim-
ited space, we will not report them here.

databases,which have beenwidely usedin the previ-
ous studies [14, 32, 33].

The mushroom database contains some physical
characteristics of various mushrooms. It has 8124in-
stancesand two classes:poisonousor edible. Table 2
shaws the clustering results for this database,including
the minimum support usedin the tests, the number of
clusters found by SUMMARY, the number of misclus-
tered instances clustering accuracy, compression ratio
and runtime (in seconds)for both the summary set dis-
covery and clustering. The compressionratio is de ned
asthe total number of items in the databasedivided by
the total number of items in the summary set We can
seethat SUMMARY has a clustering accuracy higher
than 97% and a runtime lessthan 0.85 secondsfor a
wide range of support thresholds. At support 25, it
can even adhieve a 100% accuracy The MineClus al-
gorithm is oneof the mostrecertly developed clustering
algorithm for this type of databases[33]. Its reported
clustering solution for this database nds 20 clusters
with an accuracy96.41%and in the meartime declares
0.59%of the instancesas outliers, which meansit mis-
clusters about 290 instancesand treats about another
48 instancesas outliers. Compared to this algorithm,
SUMMARY is very competitiv e in consideringboth of
its high e ciency and clustering accuracy In addition,
the high compressionratios demonstrate that the sum-
mary set canbe usedasa concisesummary of the orig-
inal database(Note in ead caseof Table 2, the sum-
mary set coversead instance of the original database,
which meansthere is no outlier in our solution).

sup. | # clu. | # miscl. [ accur. | com. rat. | time |

1400 30 32 99.6 660 0.38s
1200 35 32 99.6 549 0.42s
1000 37 32 99.6 509 0.44s
800 63 208 97.4 268 0.48s
400 128 8 99.9 120 0.66s
200 140 6 99.93 97 0.77s
100 197 32 99.6 62 0.81s

50 2908 1 99.99 37 0.79s

25 438 0 100 23 0.75s

Table 2. Clustering mushroom database

The Congressional Voting database corntains the
1984 United States CongressionalVoting Recordsand
hastwo classlabels: Republican and Democrat. In our
experimerts, we removed four outlier instanceswhose
most attribute values are missing and used the left
431 instances. Table 3 shows the clustering solution
of SUMMARY at a minimum support 245, at which



| cid | # Rep. | # Demo. [ cid | # Rep. [ # Demo. |

1 2 244 4 1 3
2 155 16 5 2 1
3 5 0 6 1 1
Table 3. Clustering Congressional Voting

database

point the clusters produced by SUMMARY coversthe
whole database(while a minimum support higher than
245 will make SUMMARY miss someinstances), and
SUMMARY only uses0.001seconddo nd the six clus-
ters with an accuracyhigher than 95%and a compres-
sionratio higher than 1164. Evenwe simply mergethe
four small clusterswith the two large clustersin order
to get exact two clusters, the accuracy is still higher
than 93% in the worst case(e.g., clusters 3 and 5 are
mergedinto cluster 1, and clusters 4 and 6 are merged
into cluster 2), and is much better than the reported
accuracy 86.67%,of the MineClus algorithm [33].

7 Discussions and Conclusion

In this paper we proposedto mine the summary set
that can maximally cover the input database. Each
summary itemset can be treated as a distinct clus-
ter description and the transactions with the samede-
scription can be grouped together to form a cluster.
Becausethe summary itemset of a cluster is one of
the longest frequent itemsets that is common among
the corresponding transactions of the samecluster, it
can approximately maximize the intra-cluster similar-
ity, while dierent clusters are dissimilar with ead
other becausethey support distinct summary itemsets
In addition, we require eadh summary itemset be fre-
guert in orderto make sureit is statistically signi cant.

Directly mining the summary set alsoenabledus to
designan e cien t algorithm, SUMMARY. By explor-
ing someproperties of the summary set, we developed
two novel pruning methods, which signi cantly reduce
the seart space. Our performancestudy showed that
SUMMARY runs very fast even when the minimum
support is extremely low and the summary set is very
e ective in clustering categorical data. In addition,
we also evaluated SUMMARY-all, a variant of SUM-
MARY, which minesall the summary itemsetsfor eath
transaction. In future, we plan to explore how to
choosethe oneamongthe summary itemsets supported
by a transaction which can reducethe number of clus-
ters while achieving a high clustering accuracy
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