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(1999), Han % (2000), Pei 5 (2000), Saygin 5 (2002), Cho2} Park (2011a, 2011b), Jin 5 (2
Park (2011a, 2011b, 2012a, 2012b, 2013) T @2 A=0l 93] AFH L Yot IRk AR +F

A AR AARE Ha AARE TEshs IEgEANE AT T A A EE wShe o
AS dBA oz AT (Park, 2011a). o] w 3 975 A7) Al 71 wol AL8H
< AFEE aYshs 5 <A7F A =W 2 gho] EeAle vt A 5:7} He FAlO &
4 ¥ = 7R webd AR ge] arvigs ¢ ARl deA, ohid Adgel A=
A5 & 4 gk o] e AFxe] IS Bastr] S 2 =RoAe ddA Jﬂ7} 712 B NA
Kodratoff (2000)7} A ¥3kaL Berzal 5 (2005)¢] =93t 7 23 20| 83 AFEE vlw £4

@ ¥, 259 §8400 vhel wAsLA B,

2. g8 712 g xe]
A FERE X8 Yo dddel AEE SA67] 9l Table 2.13%
T 2Y 5ol 183k ol 7hA] AlE el tiel| =2 stala} gt

Table 2.1 2 X 2 contingency table
Y

o Total
1 a b a+b
X
0 c d c+d
Total a+c b+d n

oA ko =z AL v AAE supp(X = YV)+ F&5 I X}
A5 Aol v&S 9u|shH, Table 2125 o/no& AL A s
conf(X =Y)e 35 A X7 239 A v 5 35 I X F5 JAF V7 52 =284 A
o] vEE ouisn, th2a} o] AA T (Park, 2012a).

A$E 183 Sxolth. Kodratoff

dl H=
(2000 7124 ARy F7h AEwoe AP TP ARNWAS ABY 5 gonE X =
Yool A4S SZAlo] nslojof stk oujolA A (2.1)7} 2L F9A AFE (confirmed confi-
dence) & &7 HAZ S5 Alke vl Qlrk
. a—b
confeco(X =Y) = [P(Y[|X) - P(Y|X)] = P (21)

714 Yoo Sule Y7F GojubA] ¢3S ugith A (2.1)0lA By wukeh Zo] A
confeos 712 g AT 2o AFEE w Frog At EI 1= YV = X°°
FAloll arejstofof ghtke ojujolAf 4] (2.2)9F 2 A A1F = (causal confidence) & #-7
MR R NN =

J]-U oM >
X o W
o mju f

ab + 2ad + bd
2(a+b)(b+d)
A7 X°9) eJuls X7} dojuhA] ke sulaict. Ankd A=we shle] WEol walsh o)

£ Zo] MASAL, shitel FBo] WS Foul ThE PR WA U,

1
confeca(X =Y) = g[P(Y\X) + P(X°|Y9)] =
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389 AEPFS e 2A0= B 4 glrk Park (2013)914 B3 whel 2ol AukA AF L 7]
zo] oko] AFEe) DHS HAS Aoz ko] AFHE} o) A we) AeHFORE AP 4
t}. 3] Berzal 5 (2005)2 0|52 FAlo] 1Eed AAR o §83 FAS AT ¢+ Jd= A

2 Azkepgiey. =3 Kodratoff (2000)= FA% A Frete] AAdAE shetslr] s &

A(X)BHGL W F(Y)ol WAE At ol WA AL W) FA G A9 F ANE
Aol mEjshe Zlol nigt sttty Bttt (Park, 2013). Kodratoff (2000)& o9} 22 914
AFE confeoR A AF T confeas BT 4] (2.3)9] AFH &l AF = (causal confirmed
confidence) & F Al A +3}A ).

1 oe . b(a — 2b) — d(b — 2a)
confee(X =Y) = §[P(Y|X) + P(X°|Y9)] - P(Y°|X) = CEICE) (2.3)
o)zt 17k el AFw L FelA AFwe] A WA ol 712 A% oAl A A EE o
R Ao ANBAS 2D SAH Zxekn T 4 ot

B AL AAE Foto BF 2Y T 83 ole] 714 AS £ F Hshske Pl ool @
AstiA ek, ol 913 Park (2011a)o0 48 2ol $5 X, Vol o8] thest 2ol ZHgsteleh. A
Holepulol 2o Sl F EABAY 4 ()E 100902 33, F5 X+ 7re SEY FUS 7Fe

= 5339 ol Tl ()3 A £9 543 wwe 7o) (0% Ag £8 47 5050z stk
£Y LS VE DA BAE AEoR A8 A (VI A £E 0902 dhn o g9l e
2 2A (0)% AYe] £ 10302 gtk F 35 X Y7h A AR NE 5, F 5

o
[
4 12
ml o

=4
o) 228 TuloiA SAMEOR AT WESE o2 Stk o|F A28 Table 3.1
o] Foll A FAMANE o7} AT 5 9 B4 ge] WL 0< a < 300]ch

Table 3.1 Simulation data(1)

®

Y
I 5 Total
x a 50 —a 50
0 30 —a a+ 20 50
Total 30 70 100

Table 3.12 2 o9 W3l 2 A5, A5, B2E 93 AFHEE A4s 23S Table 3.29]
AABIATE 371A b=50—a, c=30—a, 2183 d =a+200]t} ©] Fof|A K ute} 2ol a7t 57}
st el P(YC|X)S AlQstae BE 271 7189 gEol S718t 9o, A A== confoat
F] FE Zre vhdol 1A A= confoot AFHA Fl AFE confoct FH Y e RE
ot metbr A3 29 B 71E FREAAM = confeot confoct confeal vl O viAE &
=gt & 4= Utk confeost confocTolMe TA A Bl AR ETF F A= E F7]9)
AT F7Y JdFE F o FEFoZ SRR ¢ vl A St & 4 k. ol £ ¢
TAHoR GolH 7] 9ol a = 24, b = 26, ¢ = 6, d = 449 WS AHEH P(Y|X) = 0.480°] 1
P(Y|X°) = 0.1200]|22 A#d 7t 7189 2 F9] ez vehE Zo| ¢ wiEdsitia & 4
A, o] Ao+ confecos —0.0402.F AAE QA confoct 0.0342= S Foz AlxkE ]
t}. Table 3.3 &4 HANIE do] TN RS 9} 2 AFE IS 4 k. A

oo

B RY 252 G AT FAAE AT B9 AT confoort ABY B2 AEOE AP kg
Ag Eekn @ 5 Aok
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Table 3.2 Variation of several confidences by simulation data(1l)

a b c d supp conf  P(X°|Y®) P(Y°|lX) confca confco confcc
1 49 29 21 0.010  0.020 0.300 0.980 0.160 -0.960 -0.820
2 48 28 22 0.020 0.040 0.314 0.960 0.177 -0.920 -0.783
3 47 27 23 0.030 0.060 0.329 0.940 0.194 -0.880 -0.746
4 46 26 24 0.040 0.080 0.343 0.920 0.211 -0.840 -0.709
5 45 25 25 0.050 0.100 0.357 0.900 0.229 -0.800 -0.671
6 44 24 26 0.060 0.120 0.371 0.880 0.246 -0.760 -0.634
7 43 23 27 0.070 0.140 0.386 0.860 0.263 -0.720 -0.597
8 42 22 28 0.080 0.160 0.400 0.840 0.280 -0.680 -0.560
9 41 21 29 0.090 0.180 0.414 0.820 0.297 -0.640 -0.523
10 40 20 30 0.100 0.200 0.429 0.800 0.314 -0.600 -0.486
11 39 19 31 0.110  0.220 0.443 0.780 0.331 -0.560 -0.449
12 38 18 32 0.120 0.240 0.457 0.760 0.349 -0.520 -0.411
13 37 17 33 0.130 0.260 0.471 0.740 0.366 -0.480 -0.374
14 36 16 34 0.140 0.280 0.486 0.720 0.383 -0.440 -0.337
15 35 15 35 0.150 0.300 0.500 0.700 0.400 -0.400 -0.300
16 34 14 36 0.160 0.320 0.514 0.680 0.417 -0.360 -0.263
17 33 13 37 0.170 0.340 0.529 0.660 0.434 -0.320 -0.226
18 32 12 38 0.180 0.360 0.543 0.640 0.451 -0.280 -0.189
19 31 11 39 0.190 0.380 0.557 0.620 0.469 -0.240 -0.151
20 30 10 40 0.200  0.400 0.571 0.600 0.486 -0.200 -0.114
21 29 9 41 0.210  0.420 0.586 0.580 0.503 -0.160 -0.077
22 28 8 42 0.220 0.440 0.600 0.560 0.520 -0.120 -0.040
23 27 7 43  0.230  0.460 0.614 0.540 0.537 -0.080 -0.003
24 26 6 44 0.240 0.480 0.629 0.520 0.554 -0.040 0.034
25 25 5 45  0.250  0.500 0.643 0.500 0.571 0.000 0.071
26 24 4 46  0.260  0.520 0.657 0.480 0.589 0.040 0.109
27 23 3 47 0.270  0.540 0.671 0.460 0.606 0.080 0.146
28 22 2 48 0.280  0.560 0.686 0.440 0.623 0.120 0.183
29 21 1 49  0.290 0.580 0.700 0.420 0.640 0.160 0.220

mlm
o

ol F FBIke) BAXNWE be] ghel Walel ek AXw, N E, LHE A NS W

vletstz] 9§ Table 3.3& g3t} sich

Table 3.3 Simulation data(2)
Y

I 0 Total
x 1 50 — b b 50
0 20+ b 30 —1b 50
Total 70 30 100

o] FollA b7t AT 4= A& B ] M+ 0<b < 300|H, o] BE o] &3] AArel Adfe] B
£ Table 3.49) A|A]3}AT} 01]7]/<'1 a=50—b,c=0b+20, 2811 d= 30— bo|t}.
Table 3.401A4 KB vke} o] b7t F7Hste uhet P(Y°|X)S AQstis BE 37 7159 el
F438ka 9w, Table 3.209049} Zo] confoat ¥ #e Zre W confco$t confecv ¥
9] e zreth uwletd ABA FAQ Bl 7|E BHANE confeaRtHE ABA] WS & 4
= confeo} confec7t B vHRAAGE S5ty & 4=tk confeost confeeFAME FAVL ¥
A= F7]9 29 A5 F7]|9 4TS F o FEFoE JeUFEE ¢ nfEAs Sxetn &
Atk ol F vl FAHOE FolB7] A a = 26, b =24, ¢ = 44, d = 6¢ WE AHEA
P(Y|X) = 0.5200]1, P(Y|X®) = 0.8800| 28 ¥4 W7} 7129 e 29 gtog eh}s Aol
o wsita & 5 e, o] AolE confeor 0.04022 AR HHdo| confoce —0.1202
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o

4 Lo
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Table 3.4 Variation of several confidences by simulation data(2)

a b c d supp conf  P(X°|Y®) P(Y°|X) confca confco confcc

50 0 20 30 0.500 1.000 1.000 0.000 1.000 1.000 1.000

49 1 21 29 0.490 0.980 0.967 0.020 0.973 0.960 0.953

48 2 22 28 0.480  0.960 0.933 0.040 0.947 0.920 0.907

47 3 23 27 0.470 0.940 0.900 0.060 0.920 0.880 0.860

46 4 24 26 0.460 0.920 0.867 0.080 0.893 0.840 0.813

45 5 25 25 0.450  0.900 0.833 0.100 0.867 0.800 0.767

44 6 26 24 0.440 0.880 0.800 0.120 0.840 0.760 0.720

43 7 27 23 0.430 0.860 0.767 0.140 0.813 0.720 0.673

42 8 28 22 0.420 0.840 0.733 0.160 0.787 0.680 0.627

41 9 29 21 0.410  0.820 0.700 0.180 0.760 0.640 0.580

40 10 30 20 0.400 0.800 0.667 0.200 0.733 0.600 0.533

39 11 31 19 0.390 0.780 0.633 0.220 0.707 0.560 0.487

38 12 32 18 0.380 0.760 0.600 0.240 0.680 0.520 0.440

37 13 33 17 0.370  0.740 0.567 0.260 0.653 0.480 0.393

36 14 34 16  0.360  0.720 0.533 0.280 0.627 0.440 0.347

35 15 35 15 0.350 0.700 0.500 0.300 0.600 0.400 0.300

34 16 36 14 0.340 0.680 0.467 0.320 0.573 0.360 0.253

33 17 37 13 0.330  0.660 0.433 0.340 0.547 0.320 0.207

32 18 38 12 0.320 0.640 0.400 0.360 0.520 0.280 0.160

31 19 39 11 0.310 0.620 0.367 0.380 0.493 0.240 0.113

30 20 40 10 0.300 0.600 0.333 0.400 0.467 0.200 0.067

29 21 41 9 0.290  0.580 0.300 0.420 0.440 0.160 0.020

28 22 42 8 0.280  0.560 0.267 0.440 0.413 0.120 -0.027

27 23 43 7 0.270  0.540 0.233 0.460 0.387 0.080 -0.073

26 24 44 6 0.260  0.520 0.200 0.480 0.360 0.040 -0.120

25 25 45 5 0.250  0.500 0.167 0.500 0.333 0.000 -0.167

24 26 46 4 0.240  0.480 0.133 0.520 0.307 -0.040 -0.213

23 27 47 3 0.230  0.460 0.100 0.540 0.280 -0.080 -0.260

22 28 48 2 0.220  0.440 0.067 0.560 0.253 -0.120 -0.307

21 29 49 1 0.210  0.420 0.033 0.580 0.227 -0.160 -0.353

20 30 50 0 0.200  0.400 0.000 0.600 0.200 -0.200 -0.400

4. A&

9 djole] B4 7% Fo el ABA 74 J1Ne gLl B Ealolr] )2 dlole]
S5 WEelA) QT ALl Solsh A8 Psiths 3L AT Tk QA ABA 7
2 A8ATL ARE A ANES DR NAFEATES 44D F DA ABNEE BEE 74
AR FHoZ AT o] u) AEHE AFEE I g Fr|2E I dFAo JeA, oY
&9 ATAO] YA ATAL) WS T 4 ik, B =RolHE A=) of

2]
Al A3 B7F 7122 BN EF Y 750l #88 ol 7HA AFEE Hla 1FEY
rlc:’]

Koo e & o v aj
N

A NI B B A N R 7L SOkl wet P(YOX)S A9t BE
O] Z7keta o, A AT confoat ¥ Fe Zte W AR AT confeot ¢
A

A NI E confoor FH 29 g ZHerh TSt F 7HR FHY ELXNET) SUKE ] W
gt P(YX)= ALstas ZE B 7129 e Badden, confoat FY e ZHe ¥l
confcost confecv FH 59 & ZErvh wEbA JdBA 72 FUF 71E FRHANAME confoa R



370 Hee Chang Park

e Ao WUEe & 4 9l
confeoFANAE FAA Q1

E o FejFo g el Eg
SolAS ARy EA ol RIS 1 Aua, TE|T WA Sl 24 FollA A3 A EF
< 13 Aol &5 713tk

(o3
i)
Y

2 rr
o,
>,
')
b
8
3
Y
Q
N
02
o
>
i)
bt
u
N
1o

b3 UIO
Lo
>,
')
bt
i
N,
1o
:
o

References

Agrawal, R., Imielinski, R. and Swami, A. (1993). Mining association rules between sets of items in large
databases. Proceedings of the ACM SIGMOD Conference on Management of Data, 207-216.

Berzal, F., Cubero, J., Marin, N., Sanchez, D., Serrano, J. and Vila, A. (2005). Association rule evalu-
ation for classification purposes. Actas del III Taller Nacional de Mineria de Datos y Aprendizaje,
TAMIDA2005, 135-144.

Cho, K. H. and Park, H. C. (2011a). Study on the multi intervening relation in association rules. Journal
of the Korean Data Analysis Society, 13, 297-306.

Cho, K. H. and Park, H. C. (2011b). A study on insignificant rules discovery in association rule mining.
Journal of the Korean Data & Information Science Society, 22, 81-88.

Han, J. and Fu, Y. (1999). Mining multiple-level association rules in large databases. IEEE Transactions
on Knowledge and Data Engineering, 11, 68-77.

Han, J., Pei, J. and Yin, Y. (2000). Mining frequent patterns without candidate generation. Proceedings
of ACM SIGMOD Conference on Management of Data, 1-12.

Jin, D. S., Kang, C., Kim, K. K. and Choi, S. B. (2011). CRM on travel agency using association rules.
Journal of the Korean Data Analysis Society, 13, 2945-2952.

Kodratoff, Y. (2000). Comparing machine learning and knowledge discovery in databases: An application
to knowledge discovery in texts. Proceeding of Machine Learning and its Applications: Advanced
Lectures, 1-21.

Liu, B., Hsu, W. and Ma, Y. (1999). Mining association rules with multiple minimum supports. Proceedings
of the 5th International Conference on Knowledge Discovery and Data Mining, 337-241.

Park, H. C. (2011a). Association rule ranking function by decreased lift influence. Journal of the Korean
Data & Information Science Society, 22, 179-188.

Park, H. C. (2011b). The proposition of attributably pure confidence in association rule mining. Journal
of the Korean Data & Information Science Society, 22, 235-243.

Park, H. C. (2012a). Negatively attributable and pure confidence for generation of negative association
rules. Journal of the Korean Data € Information Science Society, 23, 707-716.

Park, H. C. (2012b). Exploration of PIM based similarity measures as association rule thresholds. Journal
of the Korean Data € Information Science Society, 23, 1127-1135.

Park, H. C. (2013). Proposition of causal association rule thresholds. Journal of the Korean Data &
Information Science Society, 24, 1189-1197.

Pasquier, N., Bastide, Y., Taouil, R. and Lakhal, L. (1999). Discovering frequent closed itemsets for asso-
ciation rules. Proceedings of the Tth International Conference on Database Theory, 398-416.

Pei, J., Han, J. and Mao, R. (2000). CLOSET: An efficient algorithm for mining frequent closed item-
sets. Proceedings of ACM SIGMOD Workshop on Research Issues in Data Mining and Knowledge
Discovery, 21-30.

Saygin, Y., Vassilios, S. V. and Clifton, C. (2002). Using unknowns to prevent discovery of association
rules. Proceedings of 2002 Conference on Research Issues in Data Engineering, 45-54.



Journal of the Korean Data & http://dx.doi.org/10.7465/jkdi.2014.25.2.365
Information Science Society gt o] E] A B3} 313 7]
2014, 25(2), 365-371

Comparison of confidence measures useful for

classification model building

Hee Chang Park!

!Department of Statistics, Changwon National University

Received 4 February 2014, revised 24 February 2014, accepted 3 March 2014

Abstract

Association rule of the well-studied techniques in data mining is the exploratory
data analysis for understanding the relevance among the items in a huge database.
This method has been used to find the relationship between each set of items based on
the interestingness measures such as support, confidence, lift, similarity measures, etc.
By typical association rule technique, we generate association rule that satisfy mini-
mum support and confidence values. Support and confidence are the most frequently
used, but they have the drawback that they can not determine the direction of the asso-
ciation because they have always positive values. In this paper, we compared support,
basic confidence, and three kinds of confidence measures useful for classification model
building to overcome this problem. The result confirmed that the causal confirmed
confidence was the best confidence in view of the association mining because it showed

more precisely the direction of association.

Keywords: Association rule, causal confidence, causal confirmed confidence, confirmed

confidence, data mining.
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