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A New Decision Tree Algorithm Based on Rough Set
and Entity Relationship

Sang-Wook Han -
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Department of Industrial Engineering, Hanyang University, Seoul 133-791

We present a new decision tree classification algorithm using rough set theory that can induce classification
rules, the construction of which is based on core attributes and relationship between objects. Although decision
trees have been widely used in machine learning and artificial intelligence, little research has focused on
improving classification quality. We propose a new decision tree construction algorithm that can be simplified
and provides an improved classification quality. We also compare the new algorithm with the ID3 algorithm in

terms of the number of rules.
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9] Fojo} Bl I 3Kindispensable) 4359 239! FY
ES T Utk

ShA 27N ID3E FE o] AL Wk 7
A PAEAGUYRE F=d Ule 5 H2e &9
HQITKTu and Chung, 1992). £+ ID3& %7]0|
S A9 T 0ds 5 A A E F7HE 47
" EAEY WAE st ¥ B 9
o <3k (Elashoff et al., 1967; Toussaint, 1971).
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IND(P)={(z, y) EUX U: f(x, ¢) = fly, ¢),VeEP} (1)

(3) Bl =AY ZALs}

MAE HF vellA EW*A BB A8 v= gh}o] &4
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9] F st AL @ﬂ(lower approximation)©] 2} 3}aL ©]
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boundary region
{uppper approximation-
lower approximation)

positive region

{lower approximation) negativ region

Figure 1. Approximation diagram

d 9(boundary region)©] 2} 3tk BxSF WA Fo] flE F L
B4 o H(negative region)©] 2} Tk
<Figure 1> B} 0.2 F=0J7] 2] of) gt 578 G Hpositive
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BARZA BX ) = (z€ Ullz] ;N X = ¢} ; 3)
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4) B9 E(Reduct)
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2,7 2,9 47k 2 SRS JFQ P, & o9} Table 2. Example table for decision system

o] L3tk . attribute 4 B c D d
object

Table 1. Decision system for ¢;, ! ! 2 2 ! !
— _ — 2 1 2 3 2 1
U condition attribute decision 3 . 5 5 3 .
° © G | G D 4 2 2 2 ! !
3 2 0 2 1 0 5 2 3 2 2 2
T, 0 0 2 2 2 6 1 3 2 1 1
7 1 2 3 1 2
() # (), ey(m3) =ey(zy), e5(m3) =es(zy), ey(my) #ey(wy) 8 2 3 ! 2 !
O|BZ, ¢y = {c}, ¢} 01Tk 9 1 2 2 2 1
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A (DAA Plw,lz) Q) w,e 29 AFFE-E(posteriori
probablhtles ol1 m7H4 EXE L JdERY I4E grts}
of BEwr} 7P ke =, 7P A dEEY 9 3t H(f)
= Ze sl Aol dhdEn £4 f7F G 717
7 &4 3kl whet EA71 Aok BAE A ekt e d S5
L LR CEER S EERE CEEE e

(A, B, C. D are condition attribute, and d is a decision attribute)

H(A) =
8 7 1 4 2 2 2 2
E( glog2 3 log2 3 ) +—( ZZOQQZ ZZOQQZ)
=0.696 bits

£ A% 2 A0 E UmA] £ 50 Y dEZIE
Totd o 2ok

H(B)=
adBug, AERY o] 7P e &4 4 9 } AT
o] FER Jddgity o] o, &4 A7} 7= AU 132
Z 7HA7F A8 o] 2 HA & et 3"3‘_{ Bp !
U= <Figure 2> 9} 2T}

0.784 bits, H(C)=0.771 bits, H(D)=0.729 bits

(d=1)

(d=1) (d =2) (d=2)

Figure 2. Decision tree for ID3
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32 HZA-2AE B s} AEZ 3 gho] 713 A& 54 FE wEE W)

sict.

Weieral2002) 5 A o 2 SVLAG AR ) Sop) 4 ) oz moje 548 2E wEz Ay
A8a0) Behesk we SAS ddael sagrE e T e
SEPHE AT <Table 2o BREARFAEAL S e ey grsol 2y5d) ge) Az
o thaiA Z} &4 of st Aket 4 iEL/\}—E— S EH o U= ARtete gho] 7P A2 EAE FE REE 4
2. el g},

— 3 @A) 2GAAM FE mERZAMY SAo] AR HY ddd

Ald=1)=9, Ald=1)={1,2,12) 0] k0.2 BASH 7t &4 7ol th) ek e e,

Bld=1)=9¢, E(dzl)—{l,Z,---,lZ} 4 9 o o] A 4= 9l A S A decision attribute) ]

C(d=1)={8}, Cld=1)={1,2,"12} AR HHE B2 Z 83

D(d=1)={3,12}, D(d=1)={1,2,-12}

[¢) 1S B3] <Table 2> 2]-&-3] 3 oA EAA UE =

ABTAIA SB2ALE W AAG o] 1 e S <ﬁg]ur %Luf e ol AE T AL
2 YR SER HElET 2 A (4)2] 25 Tough '

T2 BADA) 7P A £4& FEE Adshs ol
al

olg gt WS o o4 Eﬂﬂﬂﬂ %S W7hA whEs}o]
<Table 2>l &3} T3 JAMEA UF-=<figure 3>} 2.

@d=1) (d=2)

Figure 4. Decision tree for rough set-ID3

(d=1)

(d=2) (d=2)

(d =1) (d=2)
AL okl =
Figure 3. Decision tree for rough set-boundary region 4. Zﬂ Q}?ﬂ"‘_—- =2l s
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A 270X Zole HYEESY JAA A 40l B2 s 7he WA o 2 £471e BAY Az BAE
B2 AAsE Y dlol8 Y AR o] AEE Eclassificationo] 22 8FA] &=H] ¥Hl(Tu and Chung, 1992), ¥ =Fol| A& &
oA GOl E ot HE B8 228 u) A4 Eolgla o ZAl o] &8 FE5ta LHAE TR BA 9 £497H] B V)

]

goj2e ZojgdE gy CIRE Leld A AR 44 BES A
HEE mer e 2 <Table & FU27L QU F AAEL ving o P
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ATk AR 74 e oheat 2 /) A8 BAET: &, <omse DE T AAS 2504
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o] & 7-%-0] 3, <case 2>+ S WA o] A& ko] £aL 2

;(:i 2<H [} == o]5

i];ﬁ]):’gj}ijﬂ/;:~ 3/;]}11401 ;’}013 o Lihf&q 223 ko] T 7$-0] 3l <case 3> F WA S 2AEAF
RS BT AT 5 o] 21 ﬂx%.%:/ﬂ.gklo] 2 A Solth i <case o= T

a-1) 7Yl A% Al ZALA o] a1 ZAEAFE U2 Aot
b-1) ZO7H A = 7 v:Tr(Clas51f1cat10n)7]‘ﬁ01]/\1 AR e FYgLsEF Ee =
c-1) 7L F 7H o) = 7 ¢ 2= 9l £AJo] 24 HElEE Aol utgkA sl g o] Y] 74
2EA) FE k=g AU SA4E A BE T HT 49 = <Table 3>9) <case 4>9} 2o] A& o] 2w =4
73 i) st=t EA%] O 8L 38 A positive) 22 £ Utk EF

a-2) Zoj7k glomg HA Ao et AEZ T ghS AXF <Table 5>9] <case 3>} o] A7 &4 gho] 2L 27144 ghol
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Table 3. Comparison of two objects

. condition decision
object case . . result
attribute attribute
1 same same positive
comparison of | 2 same different negative
7, and T, 3 different same negative
4 different different positive

Table 4. Example table for positive case

No. A d

1 1 1

2 1 1 rule : if A=1 then d =1,
3 1 1 support=5/5=1

4 1 1

5 1 1

Table 5. Example table for negative case than case in Table 6
No. A d

! ! ! rule : @ if A=1 then d=1,
1 1 support = 2/5,
1 @ if A=2 then d =1,
support = 3/5

2
3
4
5

NSRRI SO R oS
—_

OE 7455 SAE WA ool gk AAEE 123 57
o] 29} & 2 F7A] 7= Hol| A <Table 4>} &
<case 4>2] 7% H o} 27 Hnegative) &2 B 4= o}

<case 3>¥} <case 4> FY27F 2S Wo} O W i
case = 283 A} A caseS 123 Aol YR
2 ATl A= <Table 3> U] 7HA] case & B A& &
11 <case 3>} <case 4> 1L 3t} A|oksl= W e B 7o
T AAup e oo T} 7L\:1r U={z, x27...7x”}0] A2 3% A
ZH 9= (U, A) A (¢ {aEA alz ;) = aa:)}fo
{12 ,n} %C7quw‘—:‘_?u€ﬂ§7‘g}\%d‘
J—HEJ Aol o] W AAEA d= {d(z;) = d(x))
{d(z,) =d(z;)} 3] 73-+-2 ) 15 MM kﬂH ekl
o] 9)\51 J_Zﬂé.\—" a9 B5F 719 % CC(Classification Con-
tmmmmf@%ﬂ%&l?iq0VV1aﬂ:ﬂﬂﬂﬂ
+ coE cc%t cc, ] #Q AA
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2244 0,9 FHA 71AE 0 )= 3] Lo
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TAAHiﬂﬂdq
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Table 6. Discernibility matrix for Table 2

1 2 3 4 5 6 7 8 9 10 11 12
1
2 |c, D
3D C, D
4 1A A, C,D |A D
5 |A,B,D,d|A B C d|A B D, d|BD,d
6 |B B,C,D |[B,D A, B A, D, d
7 1c, d D, d C,D,d |A C,d |ABCDIBC,d
8 |A,B,C,D[A,B,C |A B CD[B,CD |Cd A,C,D |A B, CD,d
9 D C D A, D A,B,d |[B,D C, D, d A, B, C
10B,C,D |B B,C,D |A,B,C,DI|A B Cd|B,C,D |BD,d A,B,C |AC
11 |A,B,D,d|A B, C,d|A B D d|B D d |[B A, B, D,d|A,B,C,D [B,C,d |A B,dJACd
12 B, D B,C,D |B A,B,D |A B, D, d|[B D B,C,D,d |A,B,C,D[B,D |C,D |[AD,d
<Table 6>°|A] o9l 4492 9} Dolt} &4 9} DY
£ 7)ozt 0ew 2y,
11 1. 1 1 11 1 1 1 1
00,[)(0) —(T+§+§+§+§+—+§+5+Z+§+§+E (d
+2)=658 2
1,1,1,1,1.1.1 1,111 (d=2) (d=1)
R i R R R R R R A
1 1 1 1 1 1 1 1 1 1 2
+Z+Z+§+§+Z+§+§+Z+5+5):'8'17
(d=1) (d=2)
CC(C) =6.58-8.17=-1.59
Figure 5. Decision tree for rough set based method
RIA R &4 Dol gk 27 71 E At BE o
3} 2}, <Table 7> B =Fol| A Aotsl= £ 02 <table 2>
o tjsll & =3 Aol F 67}114 ol Ushes &
CC,(D) =0.78 - ATk

cc,(D) =125

CC(D) =7.08-12.5 = -5.42 Table 7. Rules for rough set based method

The Solution is below
-(‘Hoﬂ/ﬂ C’C’ C)=-1. 59>C’C( D) =-5. 420]u§ é,\—/\j CE Row 0 C 1 - - - - Decision = 1
=E 490 0 222 0o $9022 A8 4 SR e
Row 2 - - A 2 D 1 Decision = 1
o 5 c=19 9 c=2d W C=39 ¥ 2 FA) itk Row 3 - - - - D 2 Decision = 2
o] ¢} 7&—8— PHORE JANARUFE Foll ¥ <Figure 5> |Row 4 C 3 D 1 - - Decision = 2
2o AL AA YR} | ATk Row 5 - - D 2 - - Decision = 1

ID3
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Rough set - ID3

Rough set - Entity relationship

(d=1)

(d=2)

Figure 6. Decision tree for comparison of 4 algorithm

A AH E D3, 21 ZAl-Boundary region, 1 ZAl-AFS}
3} Al oksl= 9 A UK Rough set-Entity relationship tree)
£ v| 3| 2B <Figure 6> T

919 el A B4 A ARbele ¢aese & 7HD3IY E

FHD LS T4 T

JELEEEE

2] ZA-o] £ ST} I E 23 7uke] YAMAAH USR-S Hlal
3}7] 918 UCI machine learning database®l| ] 97] 2] data seto-
22 =M Agtete ¢are] D3 E Hlus) Boke A
S A7} <Table 8>3 22 A3E AU <Figure 7>} <Figure
8>2 <Table 8>l T3} Q. oF =3 o]t}

Table 8. Comparison of Rough set based method and ID

Number of rules
N I

Comparison of ID3/New algorithm with number of rules

——1ID3

—#— New algorithm

12 14 24 148 150 278 301 319 339 499

Number of tuples

Figure 7. Comparison of ID3/New algorithm with number of

rules

Comparison of ID3/New algorithm with accuracy

At Number of Accuracy |y )
Data set | Tuples butré- rules uglf .
PV D3 | e 3 o)
Table3 12 32 |7 6 |42 100 2
Weather 14 32 |5 5 86 | 100 2
Contact-lenses| 24 33 19 9 71 | 100 4
lymph 148 | 8/4 |55 | 57 |69 | 100 2
hepatitis 150 | 272 |42 ] 37 |75 | 84 11
Breast-cancer | 278 6/2 |116| 88 |68 | 67 7
Heart-c 301 | 472 |83 | 57 |78 6l 7
Vote 319 | 22 |27 ] 24 | 94| 97 7
Primary-tumor| 339 | 3/21 |[167| 135 |34 | 59 15
Credit-a 499 | 972 |76 | 58 |85 | 52 9

o
e

TN A
STV
i

——1D3
—#— New algorithm

Accuracy
=3
[}

/

©
~

o
)

o

12 14 24 148 150 278 301 319 339 499
Number of tuples
Figure 8. Comparison of ID3/New algorithm with number of

rules

<Figure 7> A ID3 9] vl A|otel= ¢l 59] & 471 &
& AL A=)

<Figure 8>°]|A] ID3¢l H]3] A|ts}= &
] X—] l-:..g._‘__':_ H 2= O]E].
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