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apriori(D,min_sup)

(1)  Ly=find_frequent_1-itemsets(D);
(@) for(k=2ZLi1 #03k++) {

3) Cy =apriori_gen(Ly.4);

4 for each transaction teD

) {

(6) Ci=subset(Cy,t);

@) for each candidate c € C;
(8) ceount++;

9)

(10) Ly={c€ Cy | c.count > min_sup};
1 3

(12)  return L= 4y Ly;

apriori_gen(Ly.1)

(1)  foreachitemsetl€ Ly

@) for each itemset l,€ Ly 1

3 if((1.[1]= L[1DA( [2]=12[2])
A.. Al [k-2]=1,[k-2])
Al [k-1]) = L [k-1]) {

4) c=lim<aly;

©) if(has_infrequent_subset(c,Ly.1))
(6) delete c;

)] else addcto Cy ;

8 }

9 return Cy;

has_infrequent_subset(cL,_;)
(1)  foreach (k-1)-subsets of ¢
@) if (5¢Lyy)

©)) return TRUE;
4) return FALSE;

Notation:

D=Database

L,=Frequent itemset with k-items
C=Candidate itemset with k-items

3 ‘ﬂ‘ﬁ 1. Apriori Algorithm
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2.3. Entropy

aAweuInsl (Entropy) !ffJuﬂ'mmmﬁﬂ3%’@«53%ﬁ1@%’ayaﬁau1ﬂﬁ?a
Aa1d (Class) ﬁu%’ay‘ai']a%ﬂﬁﬁ'mﬂmﬁﬂuw?auwﬁﬁa (Attribute) N3
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da d a4 A PR . S A
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aReadeaiy Class faulande linazunieaiion]s nsmem
Entropy 92#1910A1 Information Gain @umsi 3) duilua ms
52910591 1ABURUAT Entropy U9AUAAZ Attribute (FUMSH 4) M3
f301ANUREITDUDS Attribute TiiIHARE Class 12RTUININA

Entropy Gain (840157 5)

m
Si S;
I(sl,sz,...,sm)=-zl: EI Iog2gI ®)
=
Sy S
1j 7. i
E(A)zZ% | (S3jr--sSmj) @)
J:
Entropy Gain(A)=1(s1,S3,...,Sm) - E(A) (5)

s = Set of training sample

m = Number of class in training sample

s; = Total training sample of class C;

I = Expected Information of class C

A = Attribute with value {a ,a,...,a,} that
can be used to partition S into subset
{51.5;,...,Sy}where S; have value a;

S; = Total training sample of S; in Class C;

E(A) =Entropy of A

Entranv Gain(A) = Information Gain

2.4. F-Measure
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apriori_new(D,min_sup,minEG)
(1) L;=find_frequent_1- itemset(D);
(2) for (k=2;Ly1#Zk++){

(3) Cy=apriori_gen(Ly.1);

(4) for each transaction teD {
(5) C=subset(Cy,1);

(6) for each candidate ceC;
(7) c.count++;

(8) }

9) Ly={ceCy|c.count>min_sup};
(10) for each itemset I €L

(11) entropy_prune(l,,minEG);
(12) }

(13)  return L=yLy;

entropy_prune(l,,min£G);
(1) for each ¢, =subset(ly)

) for each ¢j=subset( I)| ¢;N c,=2
(3) if(EntropyGain(c, ¢;) <min £6)
4) delete Iy;

3 19 2. Apriori Algorithm with Entropy Prune
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A3 1. @HiNLLﬂu‘aﬁﬂ‘lﬂJ‘ﬂMuﬁﬁl’mﬁ’JgﬂHi ERERNE 3. WamINAFOUAUA F-Measure

Attribute Item Symbol Attribute Item Symbol Apriori Algo. F-Measure
gapac!:y 21?82? g\ BOC:(’Tg *If minimum Without minimum ~ With minimum
apacity 6.1-797 octor support entropy gain entropy gain
Capacity 71-80% C Doctor C M PP by 9 Py g
Monday D Teacher N 3 0.2409 0.2798
Tuesday E Merchant O 5 0.1386 0.1477
Wednesday F Farmer P
Thursday G Age <20 Q 7 0.1023 0.1059
Friday H Age 20-40 R
Saturday | Age >40 S Average 0.1606 0.1778
Sunday J
fﬂﬁ‘Nﬁ 4. Naﬂ‘liﬂﬂﬁﬂ‘uﬁ‘uﬂl‘l Precision
Apriori Algo. Precision
A B CDIJKILMNSOTPI QR RS minimum Without minimum With minimum
support entropy gain entropy gain
3 0.2538 0.5510
5 0.2414 0.4063
AM AN BL CJ CK CO CQ JK KN KQ LP MO MS NR 0Q PS 7 0.2813 0.3462
\ Average 0.2588 0.4345

CJK

A ) .. . a sy A15199 5. HAMINATOUNUA1 Recall
g‘]J‘VI 3. HAMINATDUAIY Apriori Algorithm INGIDYNIAYIAIGAAUDAY U

by 7 Apriori Algo. Recall
minimum Without minimum With minimum
support entropy gain entropy gain
3 0.2292 0.1875
A B CDI1JKLMNUO®PAOQR RS 5
0.0972 0.0903
7 0.0625 0.0625
Average 0.1296 0.1134
AM AN BL CJ co CK JK NR 0Q PS
F-Measure
0.3500
0.3000
CIK R
) ) , . L 0.2500 NN === without
gﬂ‘ﬂ 4. HAN1INATDUAIY Apriori Algorithm SWAUMS Entropy Prune 72871 0.2000 entropy
ﬁﬁuaqwﬁyuéinmﬁu 7uazmanufitestid 18% 0.1500 S with
0.1000 entropy
319 2. ngaIdTuET 1801nmsth Apriori uagngauduiugi 1dnnnsih 0.0500
Apriori with minimum entropy gain ﬁ'ﬁﬁuﬁum]zuﬁwwhﬁu 7 wazinuio ety 3 5 7
f118%
Association Rule of Asso. Rule of Apriori with Precision
Apriori (Only) minimum entropy gain
A=M M=0 A=M 0=Q 0.6500
A=N M=S A=N P=S 0.5500 o
B=L N=R B=L CAI=K \
C=J  0=Q C=J  CAK=J 0.4500 Se | without
C=K P=R C=K IANK=C 0.3500 ~& entropy
C=0 CAJ=K C=0 C=JAK 0.2500 - A ) = ith
C=0Q CAK=] J=K J=CAK entro
J=K  JAK=C NR  K=CAJ 0.1500 Py
K=N C=JAK 0.0500
K=Q J=CAK
L=P K=CAJ 3 5 7

U7 5. namlwamInaaeuiuA1 F-Measure, Precision 8¢ Recall
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Recall
0.2500 \
02000 K\ ==e=without
0.1500 entropy
0.1000 with
0.0500 entropy
0.0000
3 5 7
gﬂﬁ 5. AsMNANISNATEUNDAT F-Measure, Precision 1182 Recall (719)
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