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Fig.1 The membership functions of fuzzy concepts
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Tab.1 The selection index values on different

fuzzy concepts

a; SCais B1) Entropy (ais p1) fCais B1)
a 0. 80 0. 37 0.43
a 0.47 0. 69 —0.22
as 0. 45 0.55 —0.10
ay 0.06 0. 36 — 0. 30
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Result = miningrules(0,Z.Q2.V,L.T,length)

Input: B3R HAREEAE 0 Rom Fr b 4R 5 Q SRR Z MR IE vk B i i S 4 5 w Ron B T4

L 378 HARE & 4R T BRI & i A 2
T 7R 5 40 10 ML A 4 T B B A B S 5
length 7R WL T AR A9 5 KK 5

Output: Result 7% JA 45 51 04 30 000 /i 78 5
// WitR AL R

T={A,V};

By = {D};

Oy = {};
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for i = 1: length
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{

O; = {Cagnmi s Crornr}s
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if max {f(a.p1) | @ € 5} < max{f(a,p) | a € 5y}

i =1i—1;
break;
end
end
Result = E;;
return
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Fig. 2 The fuzzy rule mining algorithm
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Tab.2 The descriptions of datasets from UCI repository

No. Hihn 4 EaE A% J& P %R
1 Balance 3 625 4
2 Haberman 2 306 3
3 Iris 3 150 4
4 Liver 2 345 6
5 Wine 3 178 12
6 Teaching 3 151 5
7 Sonar 2 208 60
8 Transfusion 2 748 5
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Tab.3 A comparative analysis of different classification methods
Gy RAUERR/ %
C4.5 DTable JRip NNge OneR PART Ridor AFS

Balance 77.10(6) 74.07(7) 80. 64(3) 78.55(5) 57.11(8) 82.55(2) 78.70(4) 84.66(1)
Haberman 73.86(3) 73.19(5) 72.18(6) 66.30(8) 75.11(1D) 68.35(7) 73.49(4) 74.48(2)
Iris 94.00(4) 90. 00(8) 92.00(7) 96.00(1.5) 92.67(6) 93.33(5) 94.67(3) 96.00(1.5)
Liver 62.01(4) 57.39(8) 66.06(2) 59.13(6) 58.53(7) 61.44(5) 66.88(1) 64.05(3)
Wine 90.52(5.5) 86.05(7) 92.75(3) 95.49(1.5) 78.10(8) 91.63(4) 90.52(5.5) 95.49(1.5)
Teaching 52.29(2) 41.67(7) 36.38(8) 63.58(1) 42.29(6) 48.96(3) 45.00(5) 47.62(4)
Sonar 74.48(3) 73.93(5) 78.36(1) 69. 14(7) 55.76(8) 74.00(4) 75.45(2) 73.12(6)
Transfusion 78.48(2) 75.14(7) 79.15(1) 70.59(8) 76.35(4) 77.95(3) 75.94(6) 76.21(5)
YIE 75.34(3.69) 71.43(6.75) 74.69(3.88) 74.85(4.75) 66.99(6.00) 74.78(4.13) 75.08(3.81) 76.45(3.00)

Friedman #6560 ¥ 09 Z 15y 22 4> 4 26 7 ¥
PRI 7 BB RANAFAE B % 2 . TEH — D8k
B b A BRAS A 23 2 J7 145 B Y 43 28 e 1 AR K
HERF o B — A 3 2R 05 b 45 B — A e H i Cn 2R 43
e A — R B 3 EUED . U RBEA £ A
ORI IR A N 4L ROR Rk
TEAEE A EE R F BCE, W OR,
(/N) D ori R j Ry or i te N 4152 36 %1
15 1 0 FEIF BN Friedman K30 0955 H 5t

, 12 (ZRg_k(kJrl)zj

O pe+ DS 1
BRI B A R — 1B R A0,
ok AN LRSS R R RS

_ (N—Dyi
Nk —1) =y}

Gt Fe MRAIWHHE R k—1) f(E—1) « (N—
D W F 430,

AR s b k= 8,N=8,F = 2. 57,
TE R FH MK« = 0. 05 B I 1 ik A
{E. FTLL, AT AR 48 (B 5, B GX 8 Al ik fE 8 4
s B R R EEREES. K5, 1
Holm M 43 87 4% 3C 75 3 M Al 7 Fh 5 vk 2Z 10]
SERAETE R E 22 5. T A R R TE B KT
a=0.1 B ARSCHIETE 8 4L B d b iy o 2545
4T DTable J7 75l OneR 7775, BAAASC
(9 J5 AN 1 2 A T At 5 Aoy ik HJE R 3 4
I B U8 B AR SR T R IR T s/ B
(B, BVAS SO HE 1 20 28 03005 BB A9 3 I g 19 0 28 0
1 %
& I

AT T — Bl A BRI 2 28 LU 4 T 1%

i i

VANE

Fy 7

27 13 3 A7 BRASRARE S 1 SRS 7 AR AR A
DU R A — A 5 1 ASER0 ARE 2 A 0L 55 AR i 1)
VEFE R AR S R G . ] AFS #R ok A4t
FRASOR L & 09 2 B 0s 5L R 4 SRR R T
AFS RIS HE ST L O AE & 00 SR 8 R o8 4 A
AR SCRURE A B 10 43 A Y g s ANl 295 S
HZ5.

1E 8 2ok A UCT % ¥ P vy £ dls A 7 Fh
BRI AT R SRR A R R A SR Y
Gy ARE AT B I U 1 4 2N B LA S M R
W& T DTable 35 OneR Jrik.

FELLG B TAE S PSR A M L i
THBT A5 DU i BN A 1 2 8808 O3 — 4]
DAY JR 09 AR 2 X R0 0] 45 19 45 44 1 43 A, 3 s T
W ek 3R B A

2% 3K -

[1] Alsabti K, Ranka S, Singh V. CLOUDS: A
decision tree classifier for large datasets [C] //
Conference of Knowledge Discovery and Data Mining.
New York: AAAI Press, 1998:2-8.

[2] Cano J,

Herrera F, Lozano M. Evolutionary

for extracting

off

and

stratified training set selection

rules with trade precision
CJ Data

Engineering, 2007, 60(1):90-108.
WANG Xin, LIU Xiao-dong, Pedrycz W. Mining

for

classification
interpretability Knowledge
[3]

axiomatic  fuzzy set association  rules
classification problems [ ] ].
Operational Research, 2012, 218(1):202-210.

Alcala F J, Alcala R. Herrera F. A fuzzy

association rule-based classification model for high-

European Journal of

[4]

dimensional problems with genetic rule selection and
lateral tuning []].
Systems, 2011, 19(5):857-872.

IEEE Transactions on Fuzzy



2 X, ETEMBMAOMNESEMBEENEN > XH % 245

[5] Huhn J, Hullermeier E. FURIA: An algorithm for 2008, 16(4) :958-970.
unordered fuzzy rule induction [J]. Data Mining and [13] Quinlan ] R. C4.5:Programs for Machine Learning
Knowledge Discovery, 2009, 19(3):293-319. [M]. San Mateo:Morgan Kaufmann, 1993.

[6] ZHU Peng-fei, HU Qing-hua. Rule extraction from [14] Kohavi R. The power of decision tables [C] //
support vector machines based on consistent region European Conference on Machine Learning.
covering reduction [ J]. Knowledge-Based Systems, Heraclion: Springer, 1995:174-189.

2013, 42(1):1-8. [15] Cohen W W. Fast effective rule induction [C] //

[7] Chandra B, Varghese P P. Fuzzy SLIQ decision The Twelfth International Conference on Machine
tree algorithm [J]. IEEE Transactions on Systems, Learning. California: Morgan Kaufmann, 1995:115-
Man and Cybernetics, Part B: Cybernetics, 2008, 123.
38(5):1294-1301. [16] Roy S. Nearest Neighbor with Generalization [ M ].

[8] MerzC J, Murphy P M. UCI repository for Christchurch: University of Canterbury, 2002,
machine learning data-bases [ Z ].  Irvine: [17] Holte R C. Very simple classification rules perform
Department of Information and Computer Science, well on most commonly used datasets [J]. Machine
University of California, 1996. Learning, 1993, 11(1):63-91.

[9] LIU Xiao-dong. The fuzzy theory based on AFS [18] Frank E, Witten I H. Generating accurate rule sets
algebras and AFS structure [ ] ]. Journal of without global optimization [CJ] // The Fifteenth
Mathematical Analysis and Applications, 1998, International Conference on Machine Learning.
217(2) :459-478. Wisconsin: Morgan Kaufmann, 1998:144-151.

[10] LIU Xiao-dong, WANG Wei, CHAI Tian-you. The [19] Gaines B R, Compton P. Induction of ripple-down
fuzzy clustering analysis based on AFS theory [J]. rules applied to modeling large databases [ J].
IEEE Transactions on Systems, Man and Journal of Intelligent Information Systems, 1995,
Cybernetics, Part B: Cybernetics, 2005, 35 (5): 5(3):211-228.

1013-1027. [20] Witten I H, Frank E. Data Mining: Practical

[11] Tan P N, Steinbach M, Kumar V. Introduction to Machine Learning Tools and Techniques [ M. San
Data Mining [ M ]. MA : Addison-Wesley, 2005. Mateo: Morgan Kaufmann, 2005.

[12] HUANG Zhi-heng, Gedeon T D, Nikravesh M. [21] Demsar J. Statistical comparisons of classifiers over
Pattern trees induction: A new machine learning multiple data sets [ J ]. Journal of Machine
method [J]. IEEE Transactions on Fuzzy Systems, Learning, 2006, 7(1):1-30.

Fuzzy classification algorithm based on fuzzy concept similarity
and fuzzy entropy measure

FENG Xing-hua', LIU Xiao-dong®', LIU Ya-ging’

(1. School of Control Science and Engineering, Dalian University of Technology, Dalian 116024, China;
2. School of Information Science and Technology, Dalian Maritime University, Dalian 116026, China )

Abstract: A method to construct a fuzzy concept similarity and fuzzy entropy measure-based classifier
by using the axiomatic fuzzy set (AFS) theory is developed. A selection index based on fuzzy concept
similarity and fuzzy entropy measure is proposed. Being guided by the selection index, the antecedents
of the fuzzy classification rules are selected from the fuzzy concepts which are found when using the
aggregation algorithm. And then, the obtained fuzzy rules are pruned by pruning algorithm, and the
final classification rule group is obtained. The performance of the proposed classifier is compared with
the results produced by 7 classifiers commonly encountered in the literatures when using eight datasets
taken from the UCI Machine Learning Repository. It has been found that the accuracy on test data
produced by the proposed classifier is higher than that produced by the other classifiers.

Key words: classification; fuzzy rules; similarity; fuzzy entropy; axiomatic fuzzy set



