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Abstract . Mining association rules and seguential rules from large databases is an important task of data min-
ing. Previous work is focused on definite and accurate concepts, which may not be concise and meaningful
enough for human experts to easily obtain nontrivial knowledge from the rules discovered. The definition of fuzzy
concepts is based on fuzzy set theory, which is especially useful when the discovered rules are presented to
human experts for examination. In this paper, algorithms are presented for discovering fuzzy association rules
and fuzzy sequential rules expressed by fuzzy concepts from large relational databases.
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Data mining, sometimes referred to as knowledge discovery from databases, is a non-trivial process of identi-
fying implicit. valid, novel, potentially useful. and ultimately understandable patterns in data'l. Data mining or
knowledge discovery from databases has been recognized by many researchers as a key research topic in database
systems and machine learning and by many industrial companies as an important area with an opportunity of major
revenues.

Mining association rules between items over basket data was introduced in Ref. [2]. Given a transaction
database, it is desirable to discover the important association among items such that the presence of some items in
a transaction will imply that of other items in the same transaction. Association rules can be used for catalog de-
sign. store layout. product placement and target marketing. Many algorithms have heen proposed for discovering
boolean assoctation rules. Quantitative association rule discovery involves discretizing the domain of quantitative
attributes into intervals. These intervals may not be concise and meaningful enough for human experts to easily ob-
tain nontrivial knowledge fram those rules discovered. The definition of fuzzy concepts is based on [uzzy set theo-
ty, which is especially useful when the discovered rules are presented to human experts for examination and is easy

to be understood by users. In this paper, we propuse the algorithms for discovering fuzzy association rules with
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these fuzzy concepts Irom large databases. The fuzzy concept is better than the partition method becanse fuzzy sets
provide a smooth transition between member and non-member of a set. The use of fuzzy techniques makes the al-
gorithms resilient 1o noise and missing values in the databases. In contrast with other related work s fuzzy concepts
are not conflined <o single atiribute, instead, they can be defined on a set of attributes. We alse introduce the defi-
nition of fuzzy sequential rules and extend the above algorithms for the discovery of fuzzy sequential rules.

The paper is organized as fallows: We introduce the relatec work in Section 1. The definition of fuzzy associe-
tion rules is given and two algorithms for muning {uzzy association rules are studied in Section 2. We give the defi-
nition of fuzzy sequential rules and extend rhe ahove algorithms to mining fuzzy sequentizl rules in Secticn 3. Per-

formance results are described in Section 4. The paper is conciuded n Section 5.
1 Related Work

The problem of generating assaciation rules was first introduced and an algorithm called AIS was proposed in
Ref. [2]. Ancther algorithm called SETM was proposed using relation operations in Ref. [3]. Apriori and Apriori-
Tid were proposed to decrease the run time of mining association rules in Ref. [4]. A boolean assaociation rule in-
volves binary attributes, a generalized association rule involves attributes that are hierarchically related, a multi-
ple-level assoeiation rule involves multiple-level concepts of hierarchies and a quantitative association rule involves
attributes that can take quantitative or categorical values. Many algorithms have been proposed for mining
boolean. guantitative. generalized and multiple-level association rules. Other techniques such as parallel and dis-
tribured algorithms were also discussed to increase the efficiency of mining association rules.

Quantitative association rules™ were defined over quantitative and categorical attributes. The values of cate-
gorical atiributes were mapped to a set of contiguous integers. While the domain of guantitative attributes was dis-
cretized into intervais by [ine-partitioning the values of the attributes and combining the adjacent partitions as nec-
essary, the intervals were then mapped o contiguous integers. As a result, each atrribute had a form of {at-
tribute, value) where value was the mapped integer of an interval for quantitative attributes or a single value for
categorical attributes.

Then the algorithms for finding boolean association rules can be used on the transformed database to discover
guantitative association rules,

R. - Agrawal first introduced the problem cf mining sequential patterns and presented three algorithms for
solving this problem in Ref. [ 6]. The problem of mining sequential patterns from large database has been cbserved
by many researchers recently.

F-APACS1 was able to mine fuzzy association rules which utilized linguistic representarion and it used an ob
jective yet meaningful confidence measure to determine the interest of a rule making it very effective in the discov-
ery of tules from a real-life transartion databuse. But F-APACS only found association rules of two fuzzy terms.
To deal with quantitative atiribute, Ref. [8] assigned each attribute with several fuzzy sets. finding the fuzzy asso-
ciation rules in the form of “If X is A the Y is B” where X and Y were sets of zttributes, A and B were fuzzy sets
which described X and Y respectively. But the fuzzy sets were only defined on one atiribute which contined the im-
plication of fuzzy set concept. Fuzzy association rules were also introduced and an algorithm was proposed to dis-

cover the rules of interest in Ref. "¢7.

2 Mining Fuzzy Association Rules

Tn this section. we present the definition of fuzey concept based on fuzzy set theory. and describe two algo-

rithms for discovering fuzzy assooation tules, which make usc of fuzzy concepis to represent the regularities and
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exceptions discovered from relational databases. The definition of fuzzy concept and fuzzy association rule is given
in Section 2. 1. The overview of mining fuzay zssociation rules is described in Section 2. 2. An algorithm called F_
Apriori for finding large fuzzy patterns is presented in Section 2. 3. After that, F_ AprioriSet algorithm is proposed
in Section 2.4, adopting fuzzy set operations to decrease the amount of scanned data during each pass.

2.1 Definitions

[n a given relational database D={d,.d,.... .d,}, each record consists of a tid and a set of attributes; 7=
{A1,Az2,... +Ant,» which can be quantitative or categorical attributes. We do not consider boolean attributes since
they can he seen as a special case of categarical attributes with only tweo values: 0 and 1. For any record € D, let
d[A] denote the value in d for attribute A, Let dom(A)=1[/4.us ] R denote the domain of a guantitative attribute
A. For a rategorical attribute A, dom(A) is a set of discrete values.

Definitlon . A fuzzy concept r is a linguistic term defined over the domain of a set of attributes {A; Az, .o
AVET based an fuzzy set theory. The definition of r includes two parts . the domain which is the cartesian product
of domain of A;, 1={j<{{, and the membership function g, mapping each element of the domain to a real value be-
tween 0 and 1, that is, g,: dom(A4,) Xdom(A,) x... Xdom(AH)—>[0,1].

The fuzzy concepts and corresponding mewmbership [unctions are provided by domain experts. In general, a
fuzzy cancept is defined on single attribute. But it alsc can be defined on a ser of attributes. According to Zadeh’s
notation, the fuzzy set formed by r is then defined as

L, :{GMMI);; mm..<a,>#"(t)/t or L~,=J‘,edomm,)x... wdomia s e (2071
In the above form, the integral notation does not imply the normal meaning, instead, it only summarizes the rela-
tionship between each element and its membership to the fuzzy se1. The set of fuzzy concepts defined an D is de-
ncted as F'={x,.x2,...,x,}, €ach concept r, representing a fuzzy set L. . For example, if three {fuzzy concepts are
defined on atiribute *Salary? ;. {low. medium. high}. we will have F= {Salarsi. . Salary e «3alaryue } « with each
fuzzy concept corresponding to a fuzzy set.

Let d€ D be a record and » be a fuzzy concept defined on a set of antributes: A, ={A, Asy. .. A}, dl A ]E
dom{A)) Xdom(A;) = .. . Xdom(4,) be the value of & on A, In order to simplify the descripiion, we denote g,
(d[A,])=p.¢d>. The membership grade of & with respect to x is given by e d). I wAd)=1, d is completely
characterized by the concept x. If g, (d) =0, o is undoubtedly not characterized by the concept &, If 0<Zpe, () <1,
d is partially characterized by the concept x.

Definition 2. A fuzzy pattern X is a non-empty set of fuzzy concepts, denoted by = Axz A ... Ax,where x,is
a fuzzy concept. The leng:th of a fuzzy partern is the number of concepts in it. A fuzzy pattern of length £ is called
a k-pattern. A fuzzy concept is also called 1-pattern. The membership grade of 4 with respect to X is defined as gy
(d)=min{;1;,,(d) |x:€ X}, Since Oé,ﬂyl (251, then 0T puy (<1,

Definition 3. The support for a fuzzy pattern X is defined as the faction of the sum of membership grades for

all records with respect to X and the total number of records in D, thar is sup (X ) =

( E(Fx(d) |px(d)ze, €€ [0-1])) /1P|, If the membership grade is less than a user specified threshold &, it

ehn

will not be considered. Since for cach record d€ D, 0= o (@) <21, then 0xleup (X )<2]. A {uzzy pattern X is large
if its support is no less than min-sup, which is a given minimum support.

Definition 4. A fuzzy association rule is an implication of the form A=R, where A and B are fuzzy patterns.
The support count of the rule is defined as sup(A A £2). The interest of the rule is defined as sup(A A B) /sup(A U
Ri=sup(A A B)/(sup(A)+sup(BY—sup{AA B)), which considers the effects of both sup(4) and sup{B) and is

more ohjective and meaningful than the definition of confidence. l.et min-interest be the minimum interest implying
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the minimum strength of rules. A fuzzy association rule is strong if its support and interest are no less than min-
sup and min-interest respectively.

Problem statement. Given a database D with attributes I and those fuzzy concepts F associated with attributes
in I. the problem of mining fuzzy association rules is to find the desired rules expressed by fuzzy concepts that have
certain user specified minimum support and minimum interest.

2.2 Overview: mining fuzzy association rules

The process of mining fuzzy association rules can be divided into two steps:

(1) Grenerate large fuzzy patterns by scanning the database: Two algarithms are given respectively in Sections
2.3 and 2. 4. We assume the fuzzy concepts are mapped to a set of contiguous integers and the records are stored in
increasing order of tids. The notations used in the algorithms are listed in Table 1.

Table 1 Notations of F_Apriori and F_AprioriSet

Symbol  Description

Ly Set of large fuzzy k-patterns
Ce Set of candidate fuzzy k-patterns
CLi] The ith fuzzy concept of fuzzy pattern C
Sk Set of tidlists for Li, Si={s(X)| X E Li} (Used in F_ AprioriSet)
i Set of all large [uzey patterns, L= 0 Liy where nis the maximum length of large fuzzy patterns
21
5 Set of all ddlists of large {uzzy patterns. S= L) S¢{Used in F_ AprioriSer)
k=1

(2) Get fuzzy association rules: Having gotten large fuzzy patterns. the desired fuzzy association rules are
generated as follows: for each large fuzzy pattern C, we find all non-empty prefix patterns A of C. For every such
sub-pattern A, a rule of the form A—+B (A A B=C) is output if its interest Is at least min-interest. We need v
consider all prefix subsequences of C in order to generate all fuzzy association rules having the minimum interest
w].t]1 CD[’!’ESle]diﬂg COHSEL{UEHCES.

2.3 F_Apriori algerithm

We ger large fuzzy 1-patterns by searching D) in the first pass. In the £th (42>1} pass, we first generate can-
didate £-patterns using large (k—1)-patterns, then calculate the membership grade of each record with respect to
every vandidate pattern, accumulate the support of candidate patierns and get all large fuzzy &-patterns at the end
of the pass. The process terminates until an empty set of large patterns is generated at some pass. The algorithm
is as follows:

F Apriori algorithm.

I.,=set of large 1-patterns in F;

for (k:=2; L, &=&; k++2do {

Co=1C=P1]P[2]).. . Ple—1QL&—1]|P[1]=Q[1],... . PLE—2]1=Q[k—2T P[—1]<Q[h—1] and PE

Liy» QELi yand ¥ ¢ € L, ), where ¢ is a (f—1)-subpattern of C};

for each CE€ C; do sup(Cy=10;

for each record d € D do

for each C& (s do

{ e () =minCuer Cd) ) s

if g (d) > then sup(C)=sup (C)+ ()5

}

L= CECysup(C)z=min-sup};

}

I.=U/7.;

In contrast to the original Apriori algorithm, F Apriori needs extra space to store the membership function of
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fuzzy concepts and the membership grade of records instead of support count. More over, it costs more time to cal-
culate the membership grade of records in each pass.
2.4 F_AprioriSet algorithm

In F.. Apriori algorithm, we scan the database and calculate the membership gradc of each record with respect
to candidate fuzzy patterns in every pass. In fact. since the membership grade of a record with respect to a &-pat-
tern can be calculated from those with respect to two (k- 1)-subpatterns of it, so it is not necessary to scan the
database in every pass.

Given a fuzzy pattern X, let s(X) be the tidlist of X, each element of which is the tid of a record and the
membership grade with respect to X. The elements in s(X) are arranged in an increasing order of tids, i.e. , 5(X
={(d.tid, px(d)) | ex (), dE D}, Si={s(X)|X& L.}, where L;is the set of all large A-patterns. Since a
record with membership less than € does not contribute to the support, it will not be saved in tidlists. Although
there is only a small savings of one element, the reduction in elements can be significant for fuzzy sets with many
elements of small membership.

Lemma 1. ¥ X=x Az A... Ax:€ Cyy 5{X) can be generated by s(Y) and s(7) where ¥ and Z(Y+#Z) are
two elements of L. .

Proof. let Y=z Ax:A... Az 2 Az Z=x, Az Ao Axe_a Nz be two {&—1)-subpatterns of X. For
YdeDh, s (d) =min{ g, (d) li=1,....4—1}, pelddy=min{se (d)|i=1.... ,k—2.%k}. Then ,.ux(d)Zmin{,u,.,(d)
|l2€ X, i=1,... skt =minCu{d), gz (d)). So s(X)=1{(d. tid, min{p{d) 26 (d))) | (d. tid, o (d)) € 5(Y) and
(d.rid g (Y E (22}, XE Ly, then Y, ZE L, according to the generation procedure of Ci.

From Lemma 1, we know that the algorithm is independent of the database Db after .5, has been built at the
end of the first pass. S:can be calculated by fuzzy set intersection operations of two elements in S._, for 2227, We
car obtain L.= {X | X € C; and sup{X)Zzmin-sup} at the end of &th pass. In general, the number of tidlists and the
size of each tidlist in S, decrease as % increases so that the amount of scanned data in every pass decreases
gradually.

F_AprioriSet algerithm.

(1) C,=F; //Cis the set of Tuzzy concents

(2) for each x € do {s(x)=&; sup{z)=0,}

(3) foreachd€ D do

(4) for each € do

(5) if p.{d)>>¢ then

(6) Hadd(d.tid, . (d)) to s(x) s sup () =suplrd+ s, (d);}

(7Y Li={x{x€C, and sup{x)<min-sup};

(8) S, ={s(7)|x€EL};

(9) for (b:=2;Ls = b+ +) do |

A0y L=, S,=i:

(11 = c=rl1irle]...rk 11Q[+ -1]IP1]=@(1].... . Plk—-2]=Q[&—2],P[k 1]<Q[+ 1]

and Pe Ly » QELy and ¥ c€& Ly, where ¢ is a (4—1)-subpattern of C};

(12) for all CEC, dof

(13 sup{C)=0;

4y A—c1Jcz2]...cle—2]C[k—17;

sy B=C[1]JC[2_...CL&—2]C[k]; // select two (&#—1}-subpatterns of C

(16) for each element pair (d,.tid, pa(d)))Es(AY and (d,. tid, pp(d,) )€ s(B) and d,. tid =d.. tid;

(17) {add (d,. tid, minCea(di),ps8d22)) 1o 5(C); sup(Cr=sup(C)+minp.ld\ ) pald:))i } }

(18) Li={CEC, |sup(C)=min-sup};

(19 Si— XD XE Ltk

(20) L=1JL,;
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S and L are obtained by scanning £ in Steps (1)~ (8), and L, and S, are determined in Steps (10) ~ (19) for
k2z2, (18 first generated by L, ;. For each candidate patrtern C€ C;, s(C) can be derived by fuzzy set operations
from two elements of §;—;. If |5(C) |ZZmin-sup, s{C) and C are inserted into S; and L, respectively, otherwise
5(C) is deleted from S..

Since the records in D are stored in an increasing order of record tids, the elements in s(X)} are stored in the
same order after the sequential scan of D in the first pass. Furthermore, the result s{C) is alse in the same sorted
order after set operations of s(AY and s(B). The process ol getting s(C) in this case involves only the cost of
traversing the two sets once. The efficiency of this technique is higher than the method of getting the support by
scanning the databasc adopted in F . Apriori algorithm. On the other hand, more space is necessary to store the in-
termediate tidlists.

[.et a be the space to store a fuzay pattern CE€ L., b be the space to store the key of a record and the member

ship grade with respect to ', a; be the number ol records having membership grade no less than €. Then, |S,]=
E lat+ncXb)=|L:| Xa+bX E ne. 1 Ly has been given, the value of [S:| can be estimated using above heuris-
('&f.. ('&'Lb

tic. As & increases, |L.| and number of record with membership grade no less than € of each large fuzzy pattera

decrease so that the space of S, decreases.
3 Mining Fuzzy Scquential Rules

Sequential data can be olten seen in real databases. Sometimes, each customer corresponds to a set of records
in a datahase and the records are stored with cus tid as the major key and rec_tid as the minor key. In this sec-
tion, we give the definition of fuzzy sequential rule first. Then we will deseribe two algorithms called F_Seq and
F_SetSeq based on F Apriori and F_AprioriSet respectively, for mining fuzzy sequential rules.

3.1 Definitions

In a given database I, of customer records. each customer corresponds to a set of records ordered by the in-
creasing value of rec tids. No customer has more than one record with the same rec. tid. A fuzzy sequence S is a
non-empty and ordered list of fuzzy patterns, denoted by (X,. X,,...,X,}, where X, is a fuzzy pattern. The
length of a sequence is the number of patterns init. A sequence of length £ is called a Z-sequence. Specially, a sin-
gle pattern forms one l-sequence. All records of a customer can together be viewed as a sequence, called & record-
scgquence.

Definition 5. Given a record-sequence C={d,sdsy... +d,) € D, and a fuzzy sequence S= (X, Xss... ., Xn):

the membership of C with respect to § is defined as ps (C)— max min ux (4. ). Sinee Oéyrj(d){:l.
=1

Ly iy, S
then 00 4 (CI<11. Specially. for a fuzzy pattern X, the membership of € with respect to X is defined as px(() =

max ey (el ).

1=isin

Definition 6. The support for a fuzzy sequence S is defined as the faction of the sum of membership grades for

all record-seguences with respect to § and the total number of customers in D., such as sup(§) = 2 Cas (O | e
(,GD‘

(d)z¢)/ |number of customers in D.|. Since for each record-sequence CE D, 0s5ps (CY01, then 0=Csup{S)<1.
A fuzzy sequence § is large if its support is no less than min-sup, which is a given threshold.

Definition 7. A fuzzy sequential rule is an implication of the form A=>B, where A and B are fuzzy sequences.
The support of the rule is defined as sup({A4,B}). The interest of the rule is defined as sup({4,83) /sup{4}. A
fuzzy sequential rule is strong if its support and interest are no less than min-sup and min-interest respectively.

Problem statement . (Given a datahase ), of record-sequences with attributes I and those fuzzy concepts F asso-

ciated with attributes in I, the problem of mining fuzzy sequential rules is to find the desired rules expressed by
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fuzzy concepts that have certzin user specified minimum support and rminimum interest.
3 2 Mining fuzzy sequential patterns

The process of mining fuzzy sequential rules can be divided into three phases:

Phase 1 (Large Fuzzy Patterns Phase). In this phrase, we get all large fuzzy patterns 7, from L), using algo-
nthms proposed in Section 2, We alse simultaneously get the set of large 1-scquences: SL,={{3 [1€ L}. Lastly,
the set of large fuzzy patterns is mapped to a set of contiguous integers. The reason of this maoping is that by
treating large fuzzy patterns zs single entities. we can compare two large patterns for equality in constant time,
and reduce the time required for candidate sequences generation. Notice the definition of suppert of fuzzy pattern is
different from that in Section 2.

Phase 2 (l.arge Fuzzy Sequences Phasc}. We find the st of large fuazy sequences SE in this phase.

Phase 3 (Fuzzy Sequential Rules Phase). Having found all large fuzzy sequences S7. in phase 2. we can gener-
ate the desired rules. For each large sequence S, we find all non-empty prefix subsequences A of 5. For every such
subsequence A, a rule of the form A= B((A,B:=5) is output if sup(§)/sup(A) is at least min-interest.

Since the first phase has been intraduced in Section £ and the third is simple, we focus on the second phase and
propose two algorithmas. The notations used in the algorithm are listed in Table 2.

Table 2 Notations of F_Seq and F_SctSeq

Symbol Description
Siy Set of large fuzzy k-sequences
SCy Set vl candidace [uzzy E-sequences
S Set of all large fuzay sequences, SL= CJ SL,. where = is the maximum length of large fuzezy sequences
I
5[] The /th pattern of fuzzy sequence S
S8 Set of ddlists for L, 58={sstX)|XE L} (Used ir F_SeqSet)

3.3 F_Seq algorithm

We first get all large fuzzy patterns L from I, using F. Apriori algorithm proposed in Section 2. 3. In each
pass, we generare the candidate fuzzy sequences using the large Juzzy sequences obtained in previous pass and scan
the datahase to caleulate the mambership grade of each record sequence with respect to candidate fuzzy sequences.
At the end of the pass we calenlate the support of candidate sequences and get the large fuzzy sequences, The pro-
cess is as follows

{1y SL,=large l-sequnence; // SL, has beepn calculated ar the end of phase 1

(2) for Gh;=2; Sla 72 k++ ) do |

3y cn={s=rh]r[2)...Ple—11Qlr—13IP[1]1=0[1].... . P[4—2])=Q[k - 2] and PE §Lu 1.QE

STy yand ¥V € S5L,. s where 5 i a (B—1)-subsequence of §t;

(4) for each SE8C; do sup(8§)y=0;

(5) for each record seyuences C do

(8) dorall SESCedo |

Ty ()= max mm.tlk,us],](d,;);

Vi Ty T I L 1
@) i ps(C)>e then sup(S) =supl{S)+ s {Cr; }
(§) SLi={SE€3C.Isupl8)>=min-sup}; }
(10} S.=USL,
3.4 F _SetSeq algorithm
After getting all large fuzzy patterns L from I), using F. AprioriSet algorithm proposed in Section 2. 4, we

uansform s(X ) for each X € L to another representation by extracting cus_tid and merging all rec_ tids with the
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same cus_tid into an clement of the following dats structure,
struet |
int cus.-tid
int rec_num; // number of records with the same cus . 1id
record[rec_num_; // the set of rec tids and membership grades of records
{int rec .tid;
real mem - grade;
}
yos[ 1
S585=1{55(X)| X €L} is defined as the set of tdlists of all large fuzzy patterns.
For each X € 1., the element of ss{ X} consists of cus-tid and a set of rec tids and the corresponding membez-
ship grades of the records with tespect to X for the custumer if the membership valuc is more than e
Next, we find the set of all large fuzzy sequences S by scanning the tidlists of SL;in this phase. ¥ S=X, A
Xo M. AXECLyy suplS) can be calculated by s5(X Y. j=1,... k&, where X, & £ and ss¢X,} have been generat-
ed. We scan every element with the same cus_tid for ss(X,), j=1,...,k Let C be a record-sequence. If 3 p, for
X;0=14.... 80, ss{X)[p, ] cus_tid=C. cus. tid, we denote r{X,) =ss(X [ p,]. record and rec. num{X;)=
s<( X[ p,]. rec_num,
ps (C)= max min '*(r(X,) (i, ] mem_grade), where r¢X,3[¢ J. rec_tid<Zr (X, [7;]. rec_tid<C. .. <

VL i G
\
#{X:)[ie]. rec_tid. Then, sup(8)= ZJ {540 V1 {d ) Z2 €}/ | number of customers in 1)), The process is as
('EUS

follows ;

(1) §L)=large 1-sequnence; // SL) has been caleulated at the end of phase 1

(2} for Gh.=2; ST, Z=C b+ +)do !

(3) SLa={S=r1lrL2]... PLe—11@[e—1]IP(1]=Q01].... ,Ple—2]1=Q[k 2] and P& SLin, Q€

SLi.yand ¥ s€ SLi,, where s is a (k—1}-subsequence of §};

¢4) for ell S€SC, do

{5) calculate sup(§) by scanning the tidlists of each 5 1;

(6) SLi— SEEC lsup(S)<min-supl: }

(1) SL=USL,

F SeqSet algorithm nses the same approach to determine the candidate fuzzy sequences before each pass be-
gins, The difference from F_Seq 1s that support of candidate sequences is obtained by scanning the tidlist sct 88 in
Set_Seq, instezd of seznning the database. Since the elerents in tidlists are stored in an increasing order of cus_
tids and rec..tids, the scanning process is very efficient. The efficiency of (his technique is higher than the method

of getting support by scanning the datahase adopted in F Seq, especially when the database is huge.
4 Performance

Some experiments have been carried cut 10 evaluate the performance of the algerithms and study their scale-up
propertics. All the experiments were performed on a Pentium 586 personal computer running Windows98 with
main memory of 32MRB. We applied the algorithms t0 a relarional database which contains 10,000 diagnostic
records of 500 pneumonic patients in 2 hospital during 2 months. Each record consists of 20 attributes including pa-
tient number, patient zge. diagnostic titme, and some symptoms such as temperature, pulses/minute, palpitations/

minute and other attributes. In order to study the relationship among these attributes, the algorithms proposed
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above are performed on the database. We define some fuzzy concepts on the attributes. For example: ‘old” and

‘young’ are defined on the attribute ‘age’ as follows:

1 o<u<25 0 0<Tu<<50
‘ y__ 1 ‘ y__ 1
young’ =4 1 , fold’=<4___ *
g 1+(u—25)3 u>>25 1+[u—50]2 u>>50
5 5
We define ‘high fever’, ‘low fever’ and ‘normal’ on attribute temperature as:
1
1 u>40 T Y38
[ P l L} 'm
high fever’ = TF o=t 37<<u< 40, low fever 1 37<u< 38,
1
0 u<37 & Gemuy, &7
0 u>40
1
‘ [ B S,
normal 1T (e—36)° 36<u<40
1 u<_36

Other fuzzy concepts also can be defined such as ‘fast’, ‘a little fast’, ‘normal’, ‘slow’ on pulse and palpi-
tation, and ‘good health’, ‘bad health’, and ‘common health’ on attributes: temperature, pulse and palpitation.
Due to lack of space, we do not list these fuzzy concepts in the paper. We applied the algorithms proposed in Sec-
tion 2 to the patient database and got the association rules. For example, age= ‘old’ and temperature= ‘high’=
palpitation = “fast’. If the records of a patient are arranged according to the increasing order of diagnostic time,
fuzzy sequential rules can be obtained using the algorithms proposed in Section 3, such as, temperature= ‘high’=
pulse = “fast’.

4.1 Relative performance

Figure 1 shows the execution time of the four algorithms for decreasing values of min-sup. As min-sup de-
creases, the execution time of all algorithms increases because of increases in the total number of candidate and
large fuzzy patterns. In F_AprioriSet, the cost of generating the support decreases during later passes as the num-
ber and length of tidlists become smaller. This improvement is more obvious for small min-sup because the number
of passes increases and the tidlists are much smaller than the original database. On the other hand, our algorithm
exhibits disadvantage compared with AprioriAll when the min-sup is high as it spends much time initializing the da-
ta structures without deriving much benefit in processing cost. Similarly, F_SetSeq performs better than F_Set

because of the advantage of set operation.

Run1 time(s)

—¥—F_Seq
—8—F_SetSeq
——F_AprioriSet
—&—F_Apriori

I 075 0.5 0.4 0.25 0.2 0.1 Minimun support (%)

Fig. 1 Execution time
4.2 Scale-Up experiment

We present the results of scale-up experiments for the algorithms in this section. Figure 2 shows how
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F_Apriori and F_AprioriSet scale up as the number of records increases ten times from 1000 to 10,000. The min-
sup is set to 0. 5. The execution times are normalized with respect 1o the times for 1000 records. As shown, the

execution time of two algorithms scales up linearly with the number of records.

210 ERU
< g < 9
2 8 R
w T 5 7
—_ —
& 6F & 6
5 5
4 f 1
3 3
2 2
1 1
1.0 2.5 5.0 7.5 10.0 25 100 175 250
Number of records(’ 000) Number of patients
—4—F AprioriSet —#—F Apriori —&—F_SeqSet —#—F Seq
Fig. 2 Scale-Up: number of records Fig. 3 Scale-Up: number of patients
Figure 3 shows the scale-up property of F_Seq and
g 10 F_SetSeq as the number of patients increases from 25
o 9 to 250 with each patient having 20 records. The mini-
E 3 mum support is set to 0. 5%. As expected, the execu-
©
E 6 tion time scales up linearly with the number of pa-
5 tients.
4 We also examine how the algorithms scale up as
3 the number of fuzzy concepts is increased from 10 to
T 100. Figure 4 shows that as the number of fuzzy con-
10 95 50 75 100 cepts increases, the execution time increases dramati-

Number of fuzzy concepts cally at first because more candidate and large fuzzy
¢—F_AprioriSet —#—F Apriori patterns are generated and calculating their support cost
Fig.4 Scale-Up: number of fuzzy coficepts more time. The increasing trend becomes much slower

for large number of fuzzy concepts because no more large fuzzy patterns are generated.
5 Conclusion

The use of fuzzy techniques has been considered as one of the key components of data mining systems because
of the affinity with the human representation!'”). Fuzzy set theory in particular is more and more frequently used in
expert systems because of its simplicity and similarity to human reasoning. Fuzzy sets handle numerical values bet-
ter than existing methods because fuzzy sets soften the effect of sharp boundaries. Using fuzzy concepts, the dis-
covered rules are more understandable to human. In addition, the use of fuzzy techniques makes the algorithms re-
silient to noise and missing values in the databases. In this paper, we introduce the problem of mining fuzzy associ-
ation rules and sequential rules from large relational databases. We also propose algorithms to solve the problem.
Experiments demonstrate that the algorithms based on fuzzy set operation perform better. In addition, the algo-
rithms have excellent scale-up property.

In this paper, we offer the following contributions;

+ We introduce the definition of fuzzy association rules and fuzzy sequential rules expressed by fuzzy concepts.
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* We propose 1wo algorithms for mining fuzzy association rules.

- We extend the above algorithms to discover [uzzy sequential rules,

In the future, we plan to extend this work along the following directions ;

* Extend our work to parallel and incremental association rules and sequential rules mining.

* The fuzzy rules discovered strongly depend on the fuzzy eoncepts defined. Defining reasonable membership

function of fuzzy concepts needs further work.
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