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Abstract :[Objective] The research of the paper focuses on the improvement of the generalization
ability and efficiency of ensemble, and resolves the problems that aggregating all decision trees
in ensemble usually improves the accuracy of classification slightly, but leads to extra memory
costs and computational times. A decision tree ensemble learning algorithm based on rough set
is proposed in this paper. [Methods)The algorithm is based on the rough set theory and selects
a part from all the decision trees of the training for integration. [Results] The experiment re-
sults show that compared with the current
popular ensemble learning algorithm Bagging

WS B 2018-06-24 and Boosting, the proposed algorithm not only
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effectively reduces the scale of ensemble but also

obtains stronger generalization ability. [ Conclu-
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sion] The algorithm improves the generalization
ability and efficiency of decision tree integration.
Key words: ensemble learning, rough set, deci-

sion tree, Bagging, Boosting

0 5|5

CFF 58 3 XX o7 T R AU 4 2 > 4 2 Bk

&

423



R XTI W SR AT A3 28, 38 3 X 20 2 2] 2R 0 43 2R 4G
AT H G I P B A B 4 a5, LIRS L B2
AR PERE . A L 2 O R LUA RO R
RGNz ARE T, L E B 4 PR 2% > ST
58 R B [ BRAIL 2% 27 ) S AURL Dietterich #12R
BLER 2% 2T R BF5E i =z B . B 1% Bootstrap
AGGregatING (Bagging) 45 4 il 2% 2] BiE A 80, H#4r
oA 10 2 2] B WA TR AN FRE 1Y o A A U X I
Bl U, ORI — PR R E 1Y A ) B IR
EMREMI I S HEIERL L E R ZEWAL,
PRI L AR 22 4R W27 ] SR R U SRR A Oy 22 ) i i
PR, (aT ABFST 3t R Y H i A% o 3% B 45 il 2% 21 |
AR R K & PR SR 2 5 38 S X BT A B TR SR A
FRHEATERE R, HRE R RR <S8BT
Pt RTS8 B L A0 45 5502 7R AR 22 52 B 1) 30 e e LA L
FH. L YA R PSR R R B 3G 2 ) AR MET
TR Z M)y 25 5k . DR OGB4 0 rh e SR AR Y R
SEIEIN, TROR R AE B 2 ) R PR R G K AR 22
1A MR S FEAK . MRS 4R )2 i Pawlak F 20 i
20 80 AFEARHE A — Fh g2 T B, BT DL F AL SO
7 SASRE B0 0 0 R T L IEAR R R 4 I8 15 T A
A BB S 1 — S BIE 5T AR AR AR R
e W 2 2] U B 4 2T AR AR 22 T T AT A B )
PN . DA PN 2 YET X 5 1l 4 3 43 25 4 B 1
BN AF AT R A B SO BB A RO R 2 P AR
F4) 100 J , A SC 3R T R A 8 BRI 48 1R — R 11 D 3R A 4
A2 H P DTELARS, (IR X BRI T
FERE £ SR AE VI 2R (0 4 R P S rh gk A7 ik %, L]
— T TR SR AT B N, R PSR AR B A AL g
DI ER

1 £ERFEIEZE

1.1 Bagging
Bagging ( Bootstrap AGGregatING) &
Breiman #2 tH 19 — i 35 44 (9 42 plL 2% 2 S0, B
BEAS SEAR I X I 5 S A 5 1] b Aty BN R At 48], Ay g —
AN FE 3 S 0 3 — A BRI 5 4R TR RE R/ INME & AN A
) B U R, T I 25 0 A [ B4 B 73 2 2% o 72 70 2 g
it 4% SR 0 X B B 2 o] B8 10 O A R G B R L JF
PR R 2 gy 285 . X T Bagging WM&, A7 26 4%
(14 2 > B T I S R b e LA R ey
1.2 Boosting
Boosting & 5 — S5 A7 &M B B S B s
B R AR SEAELR R IR B8 25 By 3 i A8 I 5 S 451 T o 2
Ao HOPBRE B e, 4 B — A VIR R A D
424

AALER L SR A DI R 5 — A~ J 2 o 27 91 F B R I 2R 4R
PEAT IR, X 0 2 53 S 5 Ay I R B3 DU B e LA
H U TR B 5 1l AU 2R SR I 2R 20 — > Jk o )
s A R XA B R S R B A R LY
oA

2 FHMEE&E

RS B2 210 J2 A 50 43 A R S HE B L — 3L
ERFMATEMGE B NECE T H AR 32 A 46
i S HS 1A A

EX 1 HFEARSGE, Wi T=<U,A,V.f>
H—MERBRGEHAMNEILRG, Kb U Britie
XL EG IR A NEHENES; V=U V..V,
BBV o WEBG £:U X (A >V 22— 5 B R
Bixta € AVHE f(z,0) €V, . IEA=CUD,CN
D=U,C.D 55 R%T U B2 14 a2k 5 e 5 g ok

A U ELA 25 T 1 0 e 5 e ) 135 L R R O ke
e
EX 2 AApHLR, RA-ITHERS

T=<U,AV.f>,BCA,EXBfFU LA
PR IND(B)

IND(B) ={(z,y) €EUXU:Ya € B f(zx,a)=
fly.a)}, (D

W (x,y) € INDB), W = My #A B A[l 45
e AT BEC R R T IU R R R RO X FR M A
i te., WA AT ERE TH—TENM KR,
IND (B) [ BT # S50 2505, Bl i B He s 1y % 4
U /IND (B) Rk f#ich U/B 88 « AR
Lx]s TR,

EX 3 ERES. BA-MEERE T =<
U, AV, f> X HUWIEEFE.BSA.HB+* D,
£4 X BB TR AUR TR 5

BX={zx € U:[x]; < X}, 2

BX={x € U:lz]ls N X# D}, (3)
BX BFSei i e A iR WiE 2R T X Xt

S Y e KA, BX ZABLEARYE © A iR H)
FIREJE T X X 0T 4 i) B/ NVER
FEX 4 IEI, POS,(X)=B(X) A X B 1E
B, XTU EMPADNEMLRCHMD,DRC ESE
X H
POS(D) = U CX. 4)
ELS5 Afii, X RA—BEFENM KR, ACR,
WA IND (R) =IND(R—{A}) JJUFK A J R HF AL
Guangxi Sciences, Vol. 25 No. 4, August 2018



W EWFRANR PR, RE A ER
# R R LR UFR R AT A5 AR R A AR
M., P e Q, i P EMM, H INDWQ =
IND(P) JJUFR P i Q m—A2yf ,id i RED (Q)

AR A QuickReduct B M"Y R A f, %A
AR », (D) 1E R 8 Mk B e, s
KHE o (D) BIRESLUNF

_IPOS (D) |
Ul

T R YER B Y QuickReduct # i &3 (&
%1 R,
B 1. QUICKREDUCT Reduction Algorithm

Input:C,the set of all conditional attributes;
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rp

D, the set of decision attributes.
Output:the reduct R of C (R & C).
Step 1:R - {}

Step 2:do

Step3: T <R

Step4: VYVxe (C—R)

Step 5: if Yryiw (D) > v+ (D)
Step 6 T<RU {z}
Step7; R <T

Step 8: until yx (D) ==7v:(D)
Step 9: return R
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Algorithm 2:Decision Tree Ensemble Learning
Algorithm
Inputs: training set S,decision tree,trials T
Outputs:final classifier
Step 1:Partition the S into two sets S=S, U S,

Step 2:Create a pool including of T decision
trees

2.1.Fort = 1to T {

2. 2. St = bootstrap sample from S,
2. 3. Train the decision tree dtt on St
2.4.}

Step 3:Select the decision trees from the pool
by using QuickReduct algorithm

3. 1. Apply T decision trees in the pool to
classify the examples in the S,

3. 2. Construct a decision table based on
the predicted class labels and real class labels of ex-
amples in the S,

3. 3. Apply the QuickReduct algorithm to
obtain a reduct of the decision table

Step 4:Construct the final classifier for classifi-
cation

4. 1. Create a combining pool including of
the decision trees in the reduction

4. 2. When classifying new example,only
use the decision trees in the combing pool to predict
example and then use major voting method to ag-
gregate the corresponding predictions of decision

trees to yield the final decision.
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Table 1 The datasets in the experiment

i Number of Number of Number of
Dataset .
samples attributes classes
breast 699 9 2
diabetes 768 8 2
heart 270 13 2
hepatitis 155 19 2
ionosphere 351 34 2
sonar 208 60 2
vote 435 16 2
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Table 2 Accuracy values of the different algorithms on datasets

(ensemble size=10)

Dataset Single C4.5 Bagging  Boosting DTELARS Number

breast 95.13 95.73 95.70 96. 13 6.4
diabetes 74.08 74.34 73.17 74.46 4.2
heart 78. 14 81.48 78. 88 83. 60 7.1
hepatitis 82.58 83. 22 84.51 87.79 5.4
ionosphere  91. 16 93. 44 93.11 92. 82 4.9
sonar 70.19 74.03 80. 76 79.98 4.6
vote 96. 36 96. 33 96. 09 97.23 5.2
avg 83.95 85.51 86.03 87.43 5.4

®3 FREFESHEELNBELR(ERMNE=40)
Table 3  Accuracy values of the different algorithms on datasets

(ensemble size=40)

Dataset Single C4.5 Bagging  Boosting DTELARS Number

breast 95.13 95.99 96. 56 96. 37 7.9
diabetes 74.08 74. 86 71.74 75.23 6.5
heart 78.14 82.22 79. 25 84. 26 7.6
hepatitis 82.58 81.93 87.74 87.90 7.3
ionosphere  91. 16 93.16 94.01 93.41 5.7
sonar 70.19 78. 84 86. 05 84.65 6.8
vote 96. 36 96. 09 95. 86 97.43 8.2
avg 83.95 86. 15 87.31 88. 46 7.1
0.90
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Fig.1 The average performance curves of different algo-
rithms on datasets

Guangxi Sciences, Vol. 25 No. 4, August 2018



ML Haf RIS LR 4538 : DTELARS 78 47
B V2 0 IR BE IR 44 T A LR W L Bag-
ging 1 Boosting,

B A A AR L R SRR A E S I, DTE-
LARS BT 8 £ R i P 3R H o 4 3 g 3R Rt i —
ANER Y I H 2 A A B e SRR A CE A 10 B
fn#] 50 B . DTELARS Frik £ 09 B R B8 H 22
@M N (& 2), K, DTELARS Hl“ 4 %84 "
i) Bagging . Boosting A [t , 76 £F i 7+ &4 1 i1 55 1 (1)
A

8

ensemble

1 . . .
10 20 30 40 50

45 BB Ensemble size
B2 fE&BiEE L DTELARS 4 & 17 2 bk 3 ff 4k
H 1728 1k ith 28

Fig. 2 The varying curve of average number of decision

DTELARS H48 B B4 e 56 5 B
Decision tree number in DTELARS

trees in the proposed algorithm on datasets
5 %Ki

Ry 4 e £ LA I A RE T AR AR SCHRE H —
B i 42 i 2% > 595 DTELARS. DTELARS 3% F
FERE 48 J198 NI 9 4 BB D S rh gk A7 ik %, L]
— 4o 3K W 147 4B A, 9 5 Bagging . Boosting | Bt
R AL AE UCT s 45 LA HERE bR . Lok W]
DTELARS AHJE/NE BUHA L 11 H 38 3815 347 193z
1k g
SE Lk

[1] DIETTERICH T G. Machine learning research:Four
current directions [ J]. Al Magazine, 1997, 18 (4): 97 -
136.

[2] PAWLAK Z. Rough sets[J]. International Journal of In-
formation and Computer Science,1982,11(5) :341-356.

(3] JBUFHIC, S84k 5 . AT, 5. B T 5% 0 G405 B0 = B
BRMARE R T] KRR EER AARIES T

oA E 201848 A F25 K% 4l

[4]

[6]

[8]

[9]

[10]

[11]

[12]

[13]

FEH AR ,2017,50(9) :961-966.

GU X Y,GUO J C, TIAN Y H, et al. Spatial-domain
steganalytic feature selection algorithm based on condi-
tional mutual information[]]. Journal of Tianjin Univer-
sity : Science and Technology.2017,50(9) :961-966.

SHI L,MA X,XI L,et al. Rough set and ensemble
learning based semi-supervised algorithm for text classi-
fication[ J]. Expert Systems with Applications,2011; 38
(5):6300-6306.

SHI L.DUAN Q,SI H,et al. Approach of hybrid soft
computing for agricultural data classification[J]. Inter-
national Journal of Agricultural and Biological Engineer-
ing,2015,8(6) :54-61.

HONG Y H, XU S, LIANG ] R. A model of classifier
based on rough set and genetic neural network [ ] ].
Guangxi Sciences,2013,20(2) :128-131,136.
B IR EH oA, S — PR T HDRE R BB (L A
Sk LI )7 PRk B 22 4l . 2013 .29 (1) :4-6, 10,
FAN Y Y.XU Z Y,ZHANG W.et al. A complete value
reduction algorithm based on rough set theory[J]. Jour-
nal of Guangxi Academy of Sciences,2013,29(1):4-6,
10.

BREIMAN L. Bagging predicators[ J]. Machine Learn-
ing,1996,24(2) :123-140.
FREUND Y,SHAPIRE R E. A decision-theoretic gen-
eralization of on-line learning and an application to boos-
ting [ J]. Journal of Computer and System Sciences,
1997,55(1) :119-139.

CHOUCHOULAS A,SHEN Q. Rough set-aided key-
word reduction for text categorization[]]. Applied Ar-
tificial Intell- igence,2001,15(9) :843-873.

DUA D,KARRA T E. UCI machine learning reposito-
ry[ Z]. Irvine, CA: University of California, School of
Information and Computer Science, 2017. http://ar-
chive. ics. uci. edu/ml.

YANG Y. An evaluation of statistical approaches to
text categorization[]]. Journal of Information Retrieval
(1),1999:69-90.

QUINLAN J R. C4. 5: Programs for machine learning
[M]. San Francisco: Morgan Kaufmann Publishers,

1993.

CRERTLEIP S-S

427



