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Abstract:

This paper presents a new efficient algorithm for mining frequent closed itemsets. It enumerates

the closed set of frequent itemsets by using a novel compound frequent itemset tree that facilitates fast growth

and efficient pruning of search space. It also employs a hybrid approach that adapts search strategies, repre-

sentations of projected transaction subsets, and projecting methods to the characteristics of the dataset. Effi-

clent local pruning, global subsumption checking, and fast hashing methods are detailed in this paper. The

principle that balances the overheads of search space growth and pruning is also discussed. Extensive experi-

mental evaluations on real world and artificial datasets showed that our algorithm outperforms CHARM by a

factor of five and is one to three orders of magnitude more efficient than CLOSET and MAFIA .

Key words:
Document code: A

INTRODUCTION

Mining frequent itemsets is a fundamental and
essential problem in many data mining applica-
tions including the discovery of association rules,
strong rules, correlationss sequential rules, epi-
sodes; multi-dimensional patterns, and many oth-
er important discovery tasks ( Agarwal and Sri-
kant, 1994; Wang et al.,» 2002). Most algo-
rithms proposed so far work well on datasets where
the sizes of itemsets are relatively small. Howev-
er> they usually crash with dense datasets where
the itemset sizes are large. Such datasets include
those composed of questionnaire results, regular
customer sales transactions, telecommunication
data, and biological data from the fields of DNA
and protein analysisC Agarwal et al . » 20000 .

To address this problems this paper proposes
a new efficient algorithm to mine only the frequent
closed itemsets. A novel compound frequent
itemset tree is developed to organize the solution
space> which facilitates the efficient local pruning
and fast global subsumption checking of solution
space» and which also requires much less memo-
ry. Our algorithm searches the solution space by
integrating depth first and breadth first search
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strategies, opportunistically choosing between two
different structures, array-based or tree-based, to
represent projected transaction subsets, and heu-
ristically deciding to build unfiltered pseudo pro-
jections or to make filtered ones according to the
characteristics of the subsets. Comparative exper-
iments showed that our algorithm is much more
efficient than CHARM, CLOSET and MAFIA and

is also the most scalable.

Related works

Pasquier et al. ( 1998 ) proposed to mine
only closed set of frequent itemsets instead of
complete set. The former is lossless in the sense
that it uniquely determines the set of all frequent
itemsets and their exact frequency. Meanwhile
the closed set can be orders of magnitude smaller
than the complete set of frequent itemsets, espe-
cially on dense datasets. Pasquier et al . (1999)
developed an apriori-based algorithm A-Close
that employs breadth first search to find frequent
closed itemset. A-Close constructs a so-called
generator set to integrate the pruning step to limit
the search space. But A-Close still suffers from

redundant scans of datasets and high costs of
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pattern matching inherent to breadth first search.
Thereafter> many researcher presented quite a
few algorithms that employ depth first search.

Pei et al. (2000) proposed the algorithm
CLOSET based on FP-Growth, which represents
projected transaction subsets by FP-trees and
employs depth first search. CLOSET suffers from
inefficiency caused by recursive building of
“ conditional FP-trees” that consume lots of CPU-
tfime and memory. MAFIA is another depth first
algorithm proposed by Burdick et al. (2001 and
employs vertical bitmap representing projected
transaction subsets, which consumes much more
memory than array based and tree based struc-
tures when the support threshold is below 1/32.
The operations of item counting, transaction sub-
set projecting» and search space pruning are in-
efficient. CHARM presented by Zaki and Hsiao
(2002 is the most efficient algorithm among the
published. It enumerates closed itemsets by us-
ing a dual itemset-tidset search tree. The diffi-
culty with CHARM is that memory expenditure of
projected transaction subset of either the tidset
form or the diffset form is huge, and the project-
ing operation is inefficient, especially for long
itemsets or with low minimum support thresholds
in large datasets.

PROBLEM DESCRIPTION

Given I = {iy>iy5...51,} be a set of liter-
als, called items, let database T = {(#d,>
£, Ctidys 155 .o Caid,» 1,0} be a set of
transactions, where tid), is the transaction identi-
fier and ¢, is a set of items, i.e.> 1, CT. We
define the necessary concepts for describing our
algorithm as follows.

Definition 1  Full itemset mapping, f> from
powerset of T to powerset of I, f(T) = {i&1I
Iy Ctid, )€ TCT> i<t} where fCT) is
the full itemset contained in TCT.

Example 1 let I= {a,bcsdresfrgrhsisk,
Iyms>n, Os D> S}’ T = {(01’ {(l’ C» d’f’ g s
ms>pl})s (02, {a>bsresr frlsmr o} (03, by e
hsms>03), (04 b, fr k>prs}) (05 {arcres
fol>msn>p}) }s then the full itemset contained
in transaction 01, 02 and 03 is {c, mJ.
Definition 2 The projection mapping, g from
powerset of I to powerset of T» g(I) = {Ciid,
DETIvicIcI i<t} where g(I) is

transaction subsets that support / C 1.

It IC ;> then [ is said to be supported by
transaction Ctid,»> t; ). In Example 1, itemset
{¢» m} is supported by transaction 01, 02, 03
and 05.

Property 1 (DT, Cc Thosf(T DD Ty
DTceg(D=fT)D1
(DgCiUL)=g(IDN g
WIhch=ag(lDDeg(h).

Definition 3  Closure operator h> on power-

set of I, h(I) = fCgCI)). An itemset CC I is

closed, iff hCCO = C.

Property 2 (1)1 h(I); (20RCRCII) =h

(Ds; (DL ch=h(IDch().

Definition 4  The absolute support of I C I»

support (1), is || gCI) || » and relative support

is gl =l rl.

The absolute support of / is the number of
transactions that support /> and the relative sup-
port is the percentage of transactions in T that
support 1.
Corollary 1
Definition 5
(€)= minsup> a user given threshold. The set
of frequent closed itemsets FC= {CcI1C=h
CCO A support( C) = minsup } .

In Example 1, A ({c, m}) =
hence {¢sm} is closed. {¢, m} has a support
of 4 (80% ). Given minsup of 3, there are 18
frequent itemsets and 5 frequent closed itemsets.
Property 3 Any subset of a frequent itemset is
frequent ( Apriori ). Any superset of an infre-

support (1D = support Ch (1)),
Itemset C is frequent, if support

{C5 m }’

quent itemset is infrequent ( Negative Apriori) .
Proof Given JC I C I, according to Property
1 (4), we have g(J) D g(I); i.e.,» support
CJ) = support (1) . Therefore, if I is frequent,
i.e., support(I) = minsup,> then J is frequent;
if J is infrequent; i.e.» support( J) < minsup,
then [ is infrequent.

COMPOUND FREQUENT ITEMSET TREE

We propose a novel structure, compound
abbreviated as CFIST,

which can be used to enumerate either the com-

frequent itemset tree,

plete set or the closed set of frequent itemsets.

Compound frequent itemset tree
Definition 6

minimum support minsup

Given the ordering of items < »
the compound fre-
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quent itemset tree, abbreviated as CFIST> is de-
fined as CFIST = (CV, E), where V is the set of
nodes and F is the set of edges. Y v& V,v =
Cisws> A, T> 1), labeling item i € I is denoted
as v.item > weight w as v.weight, auxiliary set
of items A C I as v. AlS, projected transaction
subset TC T as v. PTS, and set of local fre-
quent items I C I as v. /L. An edge from node
p=Cirw,»A,»T,» 1, 1o node ¢ =Ci,»w,s
A T.» I.) is defined as (p, ¢) € E, where p
is the parent of ¢, and L'(.GIP’ w.=||T.| =
minsup» A.Cl,» T. = gC 4. N T, = gC .}

UAONT,, .= i€ L1i,<iNigA,l.

CFIST is an ordered tree; where the labeling
items of any node’ s children from left to right,
and labeling items of nodes along any path from
top down to bottom, follow the given ordering
< . It can be used to represent the complete set
of frequent itemsets as well as the closed set. In
Example 1, given minsup of 3, alphabetic orde-
ring of items =<, the complete set of frequent
itemsets is enumerated by the CFIST as shown in
Fig.la.

(d)

Fig.1 Compound frequent itemset tree
(a) CFIST of TT type; (b) CFIST of TB type: (c¢) CFIST of BT type: (d) CFIST of BB type

The set of labeling items disjoint with any
subsets of auxiliary sets of items of nodes along
any path starting from the root represents a fre-
quent itemset, with the weight of the ending
node as the support of the itemset. Apparently,
a path with compound nodes compresses several
frequent itemsets. In Fig. la, node 3 compresses
two frequent itemset {¢} and {c¢, m}, and the
path from node 3 to node 7 compresses other two
itemsets {c, £} and {c, f>m}.

Definition 7 The set of all labeling items of
nodes along any path starting from the root and
ending at node p, is called a key itemset of p»
denoted as kisCp ). The disjoint of all auxiliary
sets of items along the path with kis(p ) is called

a full itemset of p, denoted as fisCp).

The full itemset of a CFIST node is a candi-
date of frequent closed itemset. The growth of
CFIST is also a process for finding projected
transaction subset, abbreviated as PTS, for each
node p, which consists of transactions that sup-
port the fisCp ). The PTS of the root is T» and
any other PTS is derived by projecting the PTS of
its parent.

Lemma 1 Given CFIST node p and g % p, kis
(pdcfisCq)s then ¢ must be created before p .

Proof  Suppose that the sequences of nodes
from the root to p and ¢q are p;... p, and
gy ... q, respectively; there must be some k

such that p; . item £ g, . item > and VY j < k>
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p; - item = g, . item . According to Definition 6,
Vi€ q,.ILs g,.item < 1. If p, . item < q; .
item then py . item ¢ fisCq)» we get kis(Cp)
fisCg) which is the contrary of the known condi-
tion. Therefores ¢, . item < p; . item> in other
words, g must be created before p .
The variants of CFIST

The CFIST given by Definition 6 is of stan-
dard types or called TT type. Actually, either
the sequence of the labeling items of any node’ s
children from left to right, or the sequence of la-
beling items of nodes along any path from top
down to bottom» can be arranged in the reverse
ordering of < . As shown in Figs.1b, lc and 1d
are the variants, called CFIST of TB Type, of

BT Type> and of BB Type respectively.
Lemma 2  Suppose CFIST is generated in left
to right> top down direction, the following hold:
(1) For CFIST of TT or BB type, if X, is gener-
ated before X, then X; ¢ X,; (2) For CFIST
of TB or BT type, if X, is generated before X,
then X, ¢ X .

Merging CFIST nodes

Theorem 1  Given CFIST node p be the par-
ent of node ¢, if p.weight = ¢ . weight, then ¢
can be merged into p .

Proof Letp:(ip’wp,Al,’Tp’[[,), c=0Ci,,
w,» A.» T.» 1.,)> and the compound node ob-
tained by merging ¢ into p be p’ = Ci, s w,
AysTys 1, ). Because T, = gC {i, )N T,cT,
and w, = w,» i.e.> | 7.l = | T, | we
have T, = T, = T,; that is, p’ has the same
closure as p and c. In addition, I, = i & 1,14,

<iNigAcl, i.egl.» wehave I, C 1, -

’

{i. } = 1, therefore the closed set of frequent
itemsets derived from p’ must contain the set
from p and c.

Corollary 2 If CFIST node ¢ is a child of
node p, then c¢.weight < p.weight.

By merging nodes, CFIST not only skips
many levels of search space, but also saves lots
of memory. For example, in Fig.la, the node 1
will be a subtree with 4 levels and 9 nodes in-
stead without merging nodes.

PRUNING TECHNIQUES

In order to further limit the search of solution

space for the closed set of frequent itemsets,
prompt tree pruning is critical .

Local pruning

Theorem 2 Given CFIST node p and n are
brothers, if p. weight = n. weight and n. item
& p.AIS, then n can be pruned.

Proof Letp:(ip,wp’Ap’Tp,]p),n:(in,
w,»A,» T,s I,), and parent a = Ci,» w,> A, >
T,s1,). Because {i,?} cAC {ip YU A,» so
T,=¢Ci, DNT,2gCGIUAIDNT, =
T,. And w, = w0, e 17, 1| = | 7, Il -
hence T, = T,> p and n have the same closure.
Because i, €A, i, <1i,» I, C 1, therefore the
set of closed itemsets derived from p must con-
tain the set from n.

For example> in Fig.la, node 3 and node 5
are brothers with the same support of 4, and the
labeling item m of node 5 is contained in the
auxiliary set of items of node 4, therefore node 5
can be pruned.

Global subsumption checking

Theorem 3  Given CFIST node p and ¢ =< p>»
if p. weight = q. weight and kisCp) c fisCq),
then p can be pruned.
Proof Given kisCp) c fisCg)s so gChkisCp))
5 gCfisCqg)). Apparently, gCkisCp)) = g(fis
(pl))s so gCfisCpl) o g(fisCqgl). Because
p . weight = q . weights i.e.,» || g(fisCp)) ||
= | gCfisCg ) | » therefore gCfisCpl) =g
(fisCg)). Let r be a node such that fis(r) =
fisCpIoUCfisCqds so gCfis(rd) = g(fisCpoUJ
fisCg)) = gCfisCpdd() gCfisCqg D). Therefore
gCfisCr)) = gCfisCpddy and fis(r) o fis(p ),
that is fis(p ) is not closed, and r is created be-
fore p»> so p can be pruned.

In Fig.la, the supports of node 7 and node
1 are of the same value 3, and the key itemset of
node 7, kisCnode 70 = {c, f} is contained in
the full itemset of node 1, fisCnode 1) = {a; ¢>
f» m}, therefore node 7 can be pruned. Be-
cause kisCp) is a subset of fis(p), pruning by
applying Theorem 3 will be more efficient than
directly comparing both full itemsets.

Fast hashing

If the full itemset of node p is subsumed by
the full itemset of node ¢> then we have fisCp)
cfisCq) and support  fis Cp D = support C fis

(¢ )). Therefore; an obvious way for subsump-
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tion checking is to thread nodes into a hashing
table according to their supports. But many un-
related itemsets may have the same support. So,
this is not an efficient way. On the other hand,
fisCpd c fisCq) and supportC fisCp ) = support
(fisCg D) also means gCfisCpl) = g(fisCg)).
However; direct comparison of the projected
transaction subsets, i.e., the comparison of g
(fisCp)) and g(fisCg)) is very expensive.

We adopt a compromise solution by using a
linear function of g( fisCp)D, the sum of tids of
all transactions in g( fis(p)) as the hash key.
Therefore; we check if fis(p) be subsumed by
fisCqg) as follows: if node p and ¢ are threaded
in the same hash bucket, if p and ¢ have the
same hash key, if p and ¢ have the same sup-
port, and if kisCp) c fisCqg).

In Fig.la, the hash key of node 8, node 7
and node 1 are 8 where the former two nodes are
subsumed by the latter. The hash key of node 2
is 9. The hash key of node 6 and node 9 are 10
where the former is subsumed by the latter. In
Fig. 1a, nodes with dotted lines are pruned
eventually, and the other five nodes form the
closed set of frequent itemsets .

ALGORITHM

Our new algorithm is called CAP that is the
abbreviation of mining Closed itemsets by Adap-
tive Pruning. CAP is built on the top of the algo-
Liu et al. (2002,

which we proposed for mining complete set of fre-

rithm OpportuneProject,

quent itemsets. CAP improves the performance of
iree growth by adapting tree search strategy, the
representation of PTS, and the methods of item
counting in and projection creating of PTSs to the
CAP balances the over-
heads of tree growth and tree pruning to maximize

the efficiency and scalability .

characteristics of PTSs.

A hybrid search strategy
Primarily, CAP grows the CFIST by depth

first search, where PTSs are maintained in mem-
ory for all nodes on the path starting from the ro-
ot to the node that is currently being explored.
Depth first search avoids repetitive creations of
PTSs that incurs CPU-bound pattern matching
inherent to breadth first search. Depth first
search is especially efficient for dense databases
and for low support thresholds.

For very large datasets, CAP grows the
CFIST breadth first at the beginning. Whenever
the reduced transaction set that supports all
nodes at level k& can be represented by a memory
based structure; CAP grows the lower portion
under level & depth first.

Representing and projecting PTS

Representing sparse PTS by an array-
based structure. TVLA: As shown in Fig.2,
in TVLA (threaded varied length arrays), each
local frequent item has an entry in the item list
(IL), each transaction is stored in an array,
transactions with the same heading item (which
need not be stored in the array) are threaded to-
gether by a linked queue (LQ)D that is attached
to the entry with the same item in IL. For exam-
ple; the LQCa) in Fig. 2 threads transactions
01, 02, and 05 that support the node 1, and the
LQC(b) only threads part of the transactions that
support the node 2 at that time.

il 3 e I G B =
[FIEN S ) [ O

oo &=
] E =
P ENESN E T S
’ 1 o b

Fig.3 Representing PTS by TTF

It is simple to get a child node’ s PTS from
its parent node’s PTS in the TVLA form. First,
the transaction arrays that support a node’ s first
child are already threaded by the 1.Q attached to
the first entry of I1L. By shifling transactions
threaded in the 1Q that are currently explored to
subsequent [Qs; we can get PISs that support
the second child,
shifted by threading it into a proper 1.Q according
to the item next to the heading item. A child
TVLA can share transaction arrays with its parent

and so on. A transaction is
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TVLA that is unfiltered:

copy of transactions that trims out items irrele-

or has its own local

vant to further projection, i.e., filtered.

Representing dense PTS by a tree-based
structure, TTF: As shown in Fig.3, TTF con-
sists of an item list (IL.), and a transaction for-
est. Each node in the forest is labeled by (i,
w) where i is an item and w is a count that is
the number of transactions represented by the
path starting from a root ending at the node. All
nodes labeled by the same item are threaded by
the entry in IL with the same item. TTF is fil-
tered if only local frequent items appear in TTF,
otherwise unfiltered. For example, the filtered
TTF representation for the PTS of the null root in
Fig.2 is shown in Fig.3, where the path Ca,3)
—Cer2) = (f52) = Cm» 20 — (p,2) represents
transaction 01 and 05. And the node (¢, 2D,
Ces1) and Ces 1) are threaded by the third en-
try of IL with support of 4.

The TTF representation of a child node’ s
PTS can be derived by applying either bottom up
or top down pseudo projection of its parent TTF.
The child node’ s pseudo TTF shares the same
memory area with its parent TTF.

Selecting the representation and projec-
tion method according to characteristics of
PTS: CAP employs TVLA to represent PTS of
nodes at high levels on CFIST, where PTSs are
usually diversified and randomly distributed.
They have less chance to share common prefix
with each other. TTF does not compress transac-
Since TTF needs much more addit-
ional storage overhead than TVLA, TTF is usual-
ly space expensive relative to TVLA in this case.
On the other hand,

branches on CFIST> where there are fewer local

tions well.

at lower levels or denser

frequent items in PTSs and the relative support is
larger, TTF compresses better. At that time CAP
uses TTF to represent PTSs.

When a PTS shrinks sharply, CAP materiali-
zes 1its filtered child PTS, which is much more
efficient than unfiltered or pseudo projection for
further counting and projecting operations. On
the opposite situation, CAP creates pseudo or
unfiltered projections, which save memory and
avold expensive pattern matching operations in-
curred by recursive creation of PTSs, yet has lit-
tle negative impact on the efficiency of projecting
and counting operations .

Balancing CFIST growth vs. pruning overheads

In the growth process of CFIST of TB or BT
typer the efficiency of tree growth is very high
because pseudo or unfiltered projections can be
applied. But, in this case, the non-closed
branches are discovered later; therefore the effi-

ciency of tree pruning is low. On the other
hand, on CFIST of TT or BB types the unclosed
branches are discovered in times the pruning op-
eration is highly efficient, but the tree growth
process is less efficient. CAP applies a hybrid
type of CFIST; in that the upper levels of CFIST
are of TT or BB type> and the lower levels are of
TB or BT type.

The algorithm CAP

Now the algorithm CAP; mining Closed pattern
by Adaptive Pruning, is given as shown in Fig.4.

CAP(T, I, <, minsup)

1)create CFIST voot R: R.PTS=T: R.IL=1:
2)ClosedBF( R, 0, < » minsup s

3)ClosedCDFC R s < » minsup )

ClosedBF( R, L, < minsup)

4) for each t =C ¢.tid> ¢.items )< R. PTS

5)  for each v at level L reached by projecting ¢

6) foreach i€ w. IL(¢. items

7 support (i) + + 5 tidsum(i) + = ¢t.tid;

8) if(¢ can’t project to L)then remove ¢t of R. PTS:
9) for each v at level L

100 for each i€ v. IL with Cw = support(i)) = minsup
11> MLPSCCws isws tidsum(i)ss € v IL 1i<j});
12if( NoMen€ R . PTS > then ClosedBFC R, L + 15 < » minsup )
ClosedGDF( v, < ; minsup)

132for each i€ v, IL

14> T=gCEDNw. PTS;

150 ts = SumOfTidsC T

160 I={€v. Illi<j }s

170 iflw= || T|| Dz minsp &K =MPCLvsiswyis, To1))

18)  then ClosedGDFCe»s < » minsup s

Fig.4 The algorithm CAP

First> CAP calls ClosedBF to grow the upper
portion of CFIST by breadth first search until the
reduced set of transactions can be held in a

memory based structure. Then, ClosedDF is
called to build the lower portion of CFIST by
depth first search. MLPSC is responsible for the
generation of nodes, merging of nodes, local
pruning> and global subsumption checking.

EXPERIMENTAL EVALUATIONS

The experiments were performed on an 800
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MHz Pentium IV PC with 512 MB of main mem-
ory and 20 GB of hard drive, running Microsoft
Windows 2000 Server. The executables of com-
parative algorithms, including CHARM, opti-
mized version of CLOSET, and MAFIA with the
option of closed sets, are provided by the origi-
nal authors.

Four datasets are used in this evaluation.
T25i120d100k is an artificial dataset generated by
a data generator obtained from IBM Almaden” ,
and is regarded as something between the sparse
and the dense. Connect4 is a very dense dataset
from UCI Machine Learning Repository@ . Bms-
pos and bms-webview-1 are real world datasets
provided by Blue Martini Software Inc., and are
categorized as sparse datasets .
are execution
times and memory usages of the algorithms on
the datasets with different minimum support

The performance measures

thresholds. For the convenience of analysis, the
maximum itemset length and number of frequent
closed itemsets are also given with the minimum
support threshold. For example,0.3%(3;3 K)
means at minimum support threshold of 0.3%

10000W
'g 10009
o
2 oot o at
£ —O—MAFIA
= —a&—CLOSET

]03 —o—CHARM

—8—CAP
1 . X
0.3 0.25 0.2 0.15 0.1
Minimum support (%)
(a)
1000
—o—MAFIA

— —0—CLOSET 3
E 100 f —&—CHARM
5
>
z
[_.

90 70 50 30 10
Minimum support (%)
(hy

the maximum itemset length is 3 and the size of
the closed set of frequent itemsets is 3 K. Fig.5
shows the execution time curves for the four al-
gorithms on the four datasets respectively. The
vertical axis displays execution time on a loga-
rithmic scale, and the horizontal axis displays
relative support thresholds ( % ) .

On T25i20d100k as shown in Fig.5a, at the
support threshold of 0.3% (3; 3 K), MAFIA
requires 1403 seconds; the other three algo-
rithms requires 3 to 7 seconds. Lower than
0.3%, CAP is more efficient than CHARM by a
factor of five, and is one and three orders of
magnitude more efficient than CLOSET and MA-
FIA respectively. For example, at 0.2%(13;56
K, CAP requires 4 seconds, CHARM requires
20 seconds, CLOSET requires 51 seconds, and
MAFIA requires 4779 seconds. At 0.175%
(22; 2.3 M), CAP requires 33 seconds, and
CHARM requires 168 seconds, while CLOSET
and MAFTA fail because of being out of memory.
Lower than 0.175% > CHARM also fails. More-
over CAP only requires 165 seconds even at

0.13%(26;7.8 M.

10000
E
2 1000
i
w
2
= 100

10 1 L L I
0.16 0.13 0.1 0.07 0.04 0.01
Minimum support (%)
o ©

1000 FEI:U:F'G}
—_ —0— MAFTA
2 100 A CLOSET b
8 —— CHARM
7 —8—CAP
E 10
'r.

0.1 0.07 0.04 0.01
Minimum support (%s)

(d)

Fig.5 Performance comparison of CAP with CHARM, MAFIA, and CLOSET
Ca) on 125i20d100k; (b) on connectds (¢) on bms-pos; (d) on bms-webview-1

@  http: //www. almaden . ibm. com/cs/quest/ syndata. html
@ http: //www. ics. uci . edu/mleam/MI.Repository . html
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On connect4 as shown in Fig.5b, CAP and
CLOSET are more efficient than MAFIA and
CHARM. At the support threshold lower than
50% (21; 153 KJ, CAP is more efficient than
CLOSET too. For example, at 30% (25; 563
KD, CAP finishes in 11 seconds, CLOSET fin-
ishes in 36 seconds, MAFIA finishes in 70 sec-
ondss and CHARM finishes in 86 seconds. At
20%(27;1.8 M), CAP finishes in 34 seconds,
and the other three finishes in around 200 sec-
onds. Lower than 20% , CLOSET, MAFIA and
CHARM fail because of being out of memory.
Moreover; CAP finishes in only 236 seconds
even at 10%(29;9.95 M) .

On bms-pos as shown in Fig.5¢, CAP is one
order of magnitude more efficient than CLOSET
and MAFIA . CAP outperforms CHARM by a fac-
tor of two at low support levels. For example, at
0.03%(12; 1.7 M), the execution time of CAP
is 154 seconds, CHARM is 268, MAFIA is 3540,
and CLOSET is 5138. Lower than 0.03%, the
latter two algorithms fail because of being out of
memory. At 0.025%(12:2.6 M), CAP finishes
in 180 seconds> and CHARM finishes in 356 sec-
onds. At 0.02% (12:4.3 M), CAP finishes in
237 seconds, while CHARM fails because of be-
ing out of memory .

On bms-webview-1 as shown in Fig. 5d,
MAFTA can hardly run because of huge memory
overhead. CAP is one order of magnitude more
efficient than CLOSKET. At support threshold
lower than 0.05% , CAP outperforms CHARM
by a factor of five. For example, at 0.05% (45;
127 KD, CAP requires 4 seconds, CHARM
requires 20 seconds, and CLOSKET requires 216
At 0. 45% (99; 139 KD, CAP
requires 8 seconds; CHARM requires 40 sec-
onds, and CLOSET requires 270 seconds. At O.
04% (102; 155 KD, CHARM fails because of
being out of memory, CLOSET requires 323 sec-

seconds.

onds, while CAP requires only 10 seconds.
Even at 0.01% (154; 1.2 M), CAP requires
only 84 seconds.

CAP outperforms CHARM by a

In short

factor of five, and is one to three orders of mag-
nitude more efficient than CLOSET and MAFIA .
Moreover> CAP is the most scalable algorithm.
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