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Cost-sensitive Decision Tree Induction on Dirty Data

QI Zhi-Xin, WANG Hong-zZhi, ZHOU Xiong, LI Jian-Zhong, GAO Hong

(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

Abstract: Cost-sensitive decision tree is a kind of decision tree which maximizes the sum of misclassification costs and test costs.
Recently, with the explosive growth of data size, dirty data appears more frequently. In the process of cost-sensitive decision tree
induction, dirty data in training datasets have negative impacts on selection of splitting attributes and division of decision tree nodes.
Therefore, dirty data cleaning is necessary before classification tasks. Nevertheless, in practice, many users provide an acceptable
threshold of data cleaning costs since time costs and expenses of data cleaning are expensive. Therefore, in addition to misclassification
cost and test cost, data-cleaning cost is also an essential factor in cost-sensitive decision tree induction. However, existing researches have
not considered data quality in the problem. To fill this gap, this study aims to focus on cost-sensitive decision tree induction on dirty data.
Three decision tree induction methods integrated with data cleaning algorithms are presented. Experimental results demonstrate the
effective of the proposed approaches.
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T A 5 B8 e SR 1K, 25 T 1 R A A A S T A e AR Ul SRR I VI R B 4 e 1
53 IR 2 068 73 28 Je P PR U P AR e SR 45 (0 3 2 3 R [ 3 W DAY e A A T 70 SRAE 55 Wi, o 38 i 0 Hcdl
HEAT 5 SO0 5 Wk AR T A S B FH o R T Uk AR TR S R R SR A AR PR PR T
) AT 2 32 (1 B e A B AR, B SJORe B 38 D 10 AR A o 1 Jo — o {1 py 0 LRI, R 7 58 43 AR A
AT BLAR, 25 TS 19375 e A QA the 1 A e SRS J 7 e o o £ — A T S DR 3R A AT A QA A e S
ST IR AR DA 9V AT 2 R TR ) R T AR AR IX 2 B AR SR RO TR DA a8 A AR U P SR
VAR NI ey PN R EA T QU N 7 T4
(1) TS K B e T SIACO AU R R B 1 AP D R A SRR e S 1S ST H R
& BBIE AT,
() H AN P B IR Ve AT BB AS [, A7) ol 4 v 25 SR B oy LA )58 2 APk &
X AN T (1175 B, ] 328 0% e 0 180 A A BB R SO 2 N7y ik
85T I B AR SO IR R SN T R P P B [ B 7 A G B {E 2 N S04 0 o S s N 1)
AL AR AR BRI TR R B0 T e S A SRR R SRR S ST 5 vk e DN SR P P s 1 B e
LA B 2 2 R 4R v 25 R B I AN [R5 96 (R B AR 20 SRHERS S AN R T A5 S TR 195 D0 i

(1) WFIT T Z5 s A AR e S 1S S TR R T A 2 RS A AR R SR S ST R R T
3 i ) L) A
() BExE 5 s B A AR R S S T ) AL AR SR T 3 b B T VB SR (A QO R R SR
ST R £ 3 23 s MW R (14 3 2D TR DR SR I AR MU R SR R S i e R T R R
P EE AT DA 10— DRI DU S0 A U R SR LV Rl 2 T 0 R PR AR AR
K 73 203 Ve S0 A BB PR SR 1 ST ik
(3) ASCEME KBRS RAL T Hri i 3 P A SUK g S 1l VR AT G SRR A0 73 FR
I T AN DU S L (KA QA BB B SR S 7 5 1k
ATCHE 1O AR R R SO S ST ol RELAT DG IO 98 AR EAT R .58 2 9 0 A S ) R DR 1) 52 SCEAT A
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o O 1 ISR AT BT VAR T AR ) v SR, 1510 01 CS-1D3 SEVAM LR L TR A 3 B 5 VA A
SFORE L Rl R P i IMEAR B AUCSPllit 553 we sf g 37 2 S B MEAR Y
o B2 RIEARTTONN T ST R R AN e B8 L g4 i |CETIO, g AT T R R 10
$e A2 1) MetaCost 4735119,
F42 SR TR L SR Huint 25 A1 26 R BT 45 20 R AR AT I e SR A7 A8 — 52 HO S, 4R H T A& 2% )
R GUHES0 i J5 D3 SR PSR ] T MR 2 51 R GUHE S I3 43 JEAR IR ] T 45 BB VR S 8Ok BT A5 A7
BEVB T VR AR R Y 2 A8 e S s N R R S M AR (R 5 VR SR Y CS-ID3 A EG2 AL
SR AE U S B 57 5 B /MEARHY (K 7 vE 42 B AUCSPplit 230 2 f5 it Jrvkdn ICET 308, 1271k
1 UBoost 53123, 48941 MetaCost 4915 i 37 1 Bt 5, % TS5 M 107 1 01 Lazy Tree 53124, BlHL T vk
U1 ACT S350 TATA S0 b 404 1
TE oz /AR B R SR 11352 20 AR AN RO IR AR A ) il L, A5 A 5 6 IR T 6 B L At B ) BR1 25 PR AR 0
R SR ST ) A 0 A R 4 AT 4% T A O (1 B D P 5, £ IS TR BRI AR B e S 2
TR A I P P 2 3 AT 45 FD A T80 23 % T 169 B SR DR S T ) D 95 3R 01 A e e S 3 N7 5 0%
WeAR R PTLSRTT, E T O R AT W98 50 25 TR0l b A0 SBURK e SFA s 37, DR b, AR SR B R — 23 Bk,

2 [@BENX
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Fig.1 An instance of decision tree
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PRI — N 51, A3 A path(ng,ny) 7 A ng 21y (1) 4% A8 n 31 ny 2 T80 (95 410 52 gy, ... N, 844 path(ni,n;)=
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B 1D+ 5 AN EPEAT 1 AR5 4 .
Table 1  An instance of training dataset

F 1 UIgAdR s

m\ICDU'IJkOJNHU
=

O0OWwWwW> > >|2Q
W>>wW>ww>|Q
WOW>>O>wWE
>>WWOm@> O|L
O>T00>>00|Q
'n-n'n—|—|-n-n—|§f

ASCH D) R D H g MG path(root,n;) Fid b JE PE(E M0 R 4E A, 1X UL B D(ny) 235 /£ path(root,n;)
AT DR I A A D(root) R R AN YN B 4R D,ID(n) 1R D(ny) i NS ARYE = 1 P i U 2R di
MR PE R a1 2 Fros.

D(no)={1,2,3,4,5,6,7,8}

D(no11)={1} D(N012)={2,3} D(no21)={4,5} D(noz2)={6}
Fig.2 Decision tree trained by Table 1
B2 MRIEE L YIZRR P sk
2.2 RS ERM A KA
R FAM G — B T2 IS5 S 2K i AR AN B SR P AT m AN 8 A i AR
A B TT L mxm (R0 B2 R, L3R 2K SCH ClassCost(i,j) 2 7s 24 — AN 35l 8 128 j I 4 25843 200 25 1 AR
v 3% 2 W] %i1,ClassCost(T,T)=0,ClassCost(T,F)=10,ClassCost(F,T)=20,ClassCost(F,F)=0.

Table 2 A matrix of misclassification costs

R 2 RRMANHLE

il T F
T 0 10
F 20 0

2R A AL — AR B AT R B BOZ R 45 mUOCIBR I AE SR AR — S I iR 4 AR Rk AR SCH]
ClassCost(n;,l;) & 745 &5 m1my 73 FEAR 280 1 [ 7 45 s 7 28 1) 23 A0 40 BRI
ClassCost(n;,I;) = Z\mkED(ni)CIassCost(lj 1(d).
Bl T %&£ 1 F il 2R $ 4, ClassCost(root, T)=0+10+10+0+0+10+10+10=50,ClassCost(root,F)=20+0+0+
20+20+0+0+0=60.
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A3 1 TestCost(@) 47 I a, JEAT BT 6 22 60 A6, ) ArrCost(n,, T) B — 46 el I T AL 45 1 B35
Ny 7750 B AR T B ARTCOSUN, T) = 2, o TESICOSKC@() 2 1 A PE BB AR 41 L% 3.

M 3 W] %1,ArrCost(ng,, T)=4,ArrCost(ng.;, T)=4+6=10.

Table 3 TestCost of attributes
#z3 BRI m

JE WA
a 4
as 6
as 3
ag 2
as 8

B — 250 A4 0 Tk MW SR AR & a5 B 45 R ek, ERT U, &5 0 g TR R SR BIA ny A B 1R R DA
i J3 ArrCost(n;, T)x|D(n;)|. LE b, n; 345 — N A BIARZE I & 7 A — 22 IR 2 RN A SC A NodeCost(ng) 7R i 43
AN FTIRAC A PR AR T SR 45 a5 g A D — A 46 5, )
NodeCost(n;) = minv,j (ClassCost(n;,1;)) + ArrCost(n;, T)x | D(n;)|.
B 4n, 55 F B 2 ) e 50, NodeCost(root)=50+0x8=50,NodeCost(ng;)=20+4x3=32.
P 2 Fr L4 45 4 ) NodeCost {5 L& 4.

Table 4 NodeCost of nodes
F 4 4551 NodeCost {8

4imin Mo Mor  No2  No3  MNoux Motz No2i  No22
NodeCost(n)) 50 32 22 8 10 20 14 7

AL TreeCost(T) /s YR HM T ¥ B AR M, B TreeCost(T) =
A4k TreeCost(T)=NodeCost(Ngi1+Ng12+No21+Ng2o+Ng3)=10+20+14+7+8=59.
2.3 R FaiE R M

95 O U AR AT AT b B R 00 R0 52 1 0 4 4 P28 A 0 I 5 B A R AT O O v, 1 5 T )
FH A2 TP 1025 AR AT A I AR 5 A ARG I 3 (149 295 AR AT AR N (148 T R AR T 1 R — AN AN N
A5 0 122 8 A HP PT A7 IR R BT T AR B AN RS 5% 8 1 R R B AT T B A S AR

AR H DetCost(ay) & s B M a, H HREME EAT B = A 00 B 75 AL 3% A I8 e 3 B 1 e R Al
{E AT A A5 00 B 75 ZEAAR AN )2 DetCost(ay)x|ay . 2 SR A6 I 2 JEPE a, o 1995 FUEHE AN 200 |Er(ay)|, 54 Xt
JEME ay W48 AR HEA T8 BT i AR 2 Rep(ay)x|Er(ay)|, 1 Rep(a,) /&1 B B YE a, F A
JoECHEAE B 5 B AR AE AR SO X9 Ran B 1 ay 58 T 95 B A 0 1 a8 P AE AN x, Ron B I a e T
2 ARG B0 Ja AR AN B0 AR T E S B Y A BT R R TAE T R R R R e SR A R L 2 H
Freg T B Sl 2 MBS Ve AN SR E. R Bt AR SCH MaxCost 387 7 ] 82 52 IR 8504 i wE AR B4, I 5
B IE Ve AR 5 A X — B E .
2.4 % REE B RN EUEUR SRR E 3L E) /R

g —MNING L. P W MBS DA B KA R AR R . AN & M B2 0 A A
S ARAN FAE SLARAY, 25 B L AR B e SR A 57 1) 880 5 SO 3 N B 46, — AR U L o
B A5 1% W SR 5 2 AR R AR A A /S, L3 Vi e 42 B A A AN & B AN B RUAS I ]
T8 I A s U .

1% i) P T A A A 2 B AN I 2R s & D, B vE AR B R (. MaxCost, %5 28440 ClassCost(n,I;), M
M TestCost(ay), Kl 484 DetCost(a,) Fl1E FACHr, i 37 T, 4875

NodeCost(n,). 51 fu1, &l 2 = ¥ S 1) 2

n; eleaf (T)
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minTreeCost(T) s.t. Det(ay)xXg+Rep(ay)xx, < MaxCost.

)
&

TreeCost(T) =" _ ryNodeCost(n,);
NodeCost(n,) = minVlj (ClassCost(n;, 1;)) + ArrCost(n;, T)x| D(n;) [;
ArrCOSt(Nl ’T) = ZHJ eN (root,n; )u{root}TeStCOSt(a(nj))'

3 MSHEFARTZIHNRMGBORKMEILS E

h T AR R A R TR SRS (R G S ) B A SCPR T 3 R AR i R B AR U e SRR
ST 7%, B Rl T AR M WAL A 0 43 20 T o SRR AR BB TR SRR S STV L Rl BT AR M WA A R
BEAR 19— PRI e S0 (0 AR S50 e SHEARY S Sy 2 AN il R T 43 2R M S R R RN 1) a3 B T B R Y
AU P SR I 3 T VR AT 2R X 3 B AN SR o SRR G N7 T VE AT BRI R AN T ik R 3 A DL
AT,

31 MEETHHBHKANS T ERAEEZNRMBBRRMELFE

T AR BB R SRS 10 22 37 A S e/ A 152 20 AR R A A AR AR X1 s T B 35 2 A 0 0 38
AR I 932 o 5 A Sy e SR 3 2 M e B R A o A SO SCTT 0 2R M B0 a6 A 2 R R TR R 4 AR
TURARA S 0 1 il 2D

AL Benefit(a, )R B TE ax 783445 5 ny IO, 45 0 ni SN T 45 sl R E s
Benefit(ay,,n;) & X A

Benefit(a,,n;) = NodeCost(n;) — z NodeCost(child (n;)).

Fl4nfE B 2 1 ,NodeCost(ng;)=32,NodeCost(ngi;)=10,NodeCost(ng;,)=20. 1K It ,Benefit(ay, N, )=32—(10+20)=2.

Rl T 20 2R MR 1) 40 8 i W SRR AR A QA U o SRR S ST T VR B R R G AR T S L o
o PRI AR B R IR 40 2R 1 S % 40 B 1 b IR AT 25 JTURCHE A TN RVE 52, T 2 Ja ek T o S 11 4 2
TR v 2 P A 2 R A I B P e I B KB S T S 2 110 43 8 PR EAT VS O, B T SR 1
ZLRLRE b 2 &5 0 T I IR L R 2R AR RS A [, B AT 20 2R M 1R A TE AR I AN T i A kAT 00 2,
K ILRRAC N 17 45 A, HM AR R AT 15 58 43 AT BB N (1 2501

ARG AR e B T A B R 1R 4 0 SR EE WA LEE I RO R AR BRI EUR SR F R AR E N
TR B L Bl B b A B 0T R 1Y) 45 5 5 A D AR A A8 S AR 1 5 X i & ) 20 2R MW AR 1EAT
TR U B R B K 1 PEAE D 23 BB Pk (B8 1 AT ~5 5 AT) X @ 2k vh 1 VAT 25 SO R A I AME & 9
ST AR B DAY 2 A5 AL 0 508 Ik B 0 B v 2 1 1) 40 R A AT R I SRR 0 08 4 0 i 8 T 1 B AT
PEAEHEAT 25 BRECE R U (B 6 AT~28 9 AT); WURAS & I 2 0 12 Ji M 30 20 1 (B b AT A I (55 10 47~28 14 17).
FERT I 73 288 1 v A0 5 0 25 RO 5 0 45 TR BEAT 18 52, v SR AR BOE UE AR 2 1 AL 08 X 42 5 T
P AT 18 5 R I 0 2 M v B35 R T A7 25 Al EAT 18 32 (B8 15 AT~ 17 47); U R AN /2 8 IR 0 8
935 BB TS B (56 18 4T~28 21 47). AR5 AR EE0 T M4 sl R BB M B Pe (3 22 17). Mg ve ik
BT P 455 10 B A v SR v 4 30 45 AR DR 5 Y S 3 M1 R S 1 I R Eiaie B (5 238 47).

BiE L AT 2B W I 20 5 i DR S,

NN REIAE Dy, 1 VEACHT BIH MaxCost, B4 B PE xe{1,2,...,n}HI 25 AR A AXHT Det(a,) FifE 52
A Rep(ay);

it U5 I 2R 2E Dinsen.

1: remain«<MaxCost

2. nj<ng

3:  While ((remain>0) && (n;!=null))
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4: Benefit(a,,n;) < NodeCost(n;) - Z NodeCost(child (n;))
5. a «-argmax, Benefit(a,,n;)
6: . remai'n ~m
Det(a;)
7: Detect(3> " [a/]It,])
8: e« Er(a))]|
9: remain < remain — Det(a;) xm
10:  Else If |l |~
Det(a})

11 - remain

' 9| Det(a)
12: Detect(3> ! [a/]It,])
13: e« Er(a))]|

14: remain <« remain — Det(a;) x q

remain
: =
15: If ((e >1) && q Det(a’x)} eD
16: Repair(3"°_[a/]It,])
17: remain < remain — Rep(a;) x e
remain
18: Else If " =1
8 se [(e> ) &&({Rep(a;)} D
remain
19:
M AN { Rep(a;)}
20: Repair(3"" [a/]lt,])
21: remain < remain — Rep(a;) x r
22: Ni¢Nijsy

23: Return Dy

BV LR TR) B 4% B P T e S T 0 5 AN B NS IR A P 1 AN 2 n R S B mAR 1S T
4 K R B Detect(x) B B 18] & 22 BE b O(f(x)), 25 B 205 15 5 ek 45 Repair(x) ¥ IF (8] 2 2% K224 O(g(x)), 4
max(f(x),g(x)) =nlogn B, &7 1 (AR 1A 2% B & O(Nmax(f(x),g(x))); 24 max(f(x),g(x))<nlogn B, 5k 1 1K B ] &2
Z% )% & O(Nnlogn).

Rl B T 0 2R M WA 1 23 25 Vi W SRV TR AR B R SRR 2 3y R R T R bk A A SRR R SR i L2
1) 43 248 P AT e S5 P T 0 R R R T U S o R G 10 4 B i EE M o T R R o B R T L
T ARAE T PSR 45 23 03 B0 B A RLAR T PSRBT )32 23 AN Il AR A A5 R A5 15 o S 7 )5 48
FR 53 AT 55 vh 52 N SR 08 4 v 1 25 B S 25 /N AR T, 24 7 e S AR BB/ IR 1% 7 R T R Xt
TEVEARHT = IR 8 A S BEAT I Uk, A A5 RE 45 500E DE B 8 MEAN B D, T3 BUAE X TP DL T 3% 77 VR 45 ot
P PE TR A K.
32 MEETHAHRBEMHWEMBERRMU— X EBREZNR NGB RMEIL A

h TR R T o0 R YRR 1Y) 43 5 SRR IR AR SRR e SR 3V I A A T ) R AR SR HH
T DA 2 18 BB e SR A B IR B R ELS BRI 1 M L S8 AT VAR SO LT WA S i
AR LU P A 4 284 e A 038 RN DEAR I A o R 1T R 22, B Benefit(ay,no)/(Det(ay) +Rep(ay)), 4L 7, Benefit(ay,
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No) A2 J P a7 P AR EE 11 no IN 1R 70 2R PR W 2, Det(au) AT Rep(ay) 73 il S %) Jig 1E & PO A Ja M 30 AT 25 o3
P AT RIS 52 1R AR AT

R T 0 2 M W RS R P AN 1R — I MR e B 1 AR SR e S S S D v R i R s I R
I8 5 1R A T M A B & S i DR AR U R AT HE e 2 RO RP BE AT — IR ME B U A B — R 503 2B PRI
X REA P T BT S B M A Benefit(ay,no), 16 PRI A R IR IR A D 23 2R MR 28 85 mUh T AT I s T
I 1) 24 T A 28 A ) B0 A 53 20 P PRS2 by L AL IR 45 1 X 12 5 R 2 2 LA it kg 7 & o LR I RR 28 N
#5373 A e AN 2501

b ARG R R Ty 2R M RS R DA IR RV SR SR LB 2. B IR N R i DR 1R DI SR s
. H P Y PGS B B 4 b A A kB 11 25 I B A AR A A S S AR S R AN SR kA
HR &GS KA S i VR LE K BINE P (5 1 AT~55 4 A7) 42 IO o 8 e 1k 10 AT 295 s il A I AE 2 (5 5
AT 55 6 AT). THELRI AR 38 DEAC 2 75 R A8 X Y1 ZR Bt 4R v 12 i 1 1R 4 30 D P 0 0 AT A0 - R 2 08 T8 4 % 3%
JE LR B AT e VEAR 2EAT 25 OB AT DN (55 7 47~ 10 A7), W RAN 20 I8 2 00 2% Jeg 1 34 2 Jes P A A T AGT I (5 11
AT~ 154T) AEA I L 43 2 I P v A 2 10 25 Al )5 0 25 o s HEAT 18 52, 0 o SRR IR AR = 1 2 0
A U BT S AR TR 4 X 12 Pk L IR TR B R A TS (G 16 47 ~58 18 4T) W R 2
i I8 2 35 03 95 SO BEAT A8 B (36 1947 ~58 22 47) AR5 AL U T AN MR REAT IR W (36 23 47). 43 vk
P B 25 e 1 ) B i BB T R 58 R S IR R R IS I IR A R (BR 24 4T).

Bk 20 BT 2 m W as A AR B — IR M B .

FN IR E A B Diyen, TH VEARHT BI{E MaxCost, BN JEPE xe{1,2,...,n}Z5 T £ A8 Det(a) FIE R
R Rep(ay);
i L 3 RS U 28 4R D
1: remain<MaxCost
2: i«0
3:  Benefit(a,,n,) < NodeCost(n,) —Z NodeCost(child(n,))

Benefit(a,,n,)

*' Det(a,) + Rep(ax)j
5. While ((remain>0) && (i<array.length-1)

4:  array < sort(a

6: a, « array[i]
- f remai'n >m
Det(a,)
8: Detect(3"" [a;]It,])
o: e« Er(a)|
10: remain « remain — Det(a,)xm
11: Elself |2l
Det(a;)

12 - remain

: g Det(a;)
13: Detect(3> " [a/]It,])
14: e < Er(a)|

15: remain « remain — Det(a}) x q

] remain
16: If ((e>1) && ({Rep(a;)}zen
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17: Repair(} [a/]It,])
18: remain < remain — Rep(a;) x e
19:  Elself |(e>1]) && ||l >y
Rep(a;)
20- e remain
Rep(a;)
21: Repair(}"" [a/]lt,])
22: remain < remain — Rep(a;) x r
23: i+l

24: Return Dy

S0 2 PN ) 52 2% R I ke T I 500 4 o £ T PN B0 m R SRS B m AR B0 45 B A e5 5 Detect(x)
{6 I 1) A2 2% 8 A O(F(x)), 45 3 4 15 52 6 % Repair(x) (I 18] 52 2% B ol O(g(x)), 535 2 (I a) &2 2R 3 2
O(nlognxmax(f(x),g(x))).

3 T 43 2R T MAC 2 R DAY B — IR M3 R S0 10 A R e SRR 3t 7 77 2 R ] R MG S v e M
K HAG VAR /IR Je8 P 2% 7 V4 iR B 45 v 19 95 50 i 115 e 56 B A 158 p SROM 2 Nl R v e 8 LR A ]
T U5 PR DR A A e BB 20 e AR KRR b BRI T 55 00t X e RO 1) S 0 G A i 7 VSR — IR PR 7 0 5
W, 5 3 A0 e SR AH EE 29 1 I TR) AR T, 3207 ¥ — PRI BRI 1 AN — 8 R 2 18 Ja S i T S e Sl F v
B e A 3 2 I P TR 0, 7 25 s LU B R R0 3% 5 4k T BRI A T e B e SR Jd o i AR P i) e e ) R
P, 5 B I PR R 4 AT S HAE A K
33 MEETHRBHKHEMBERARNN S L ERAE LMK MEBREMELSZE

h TR R Rl R T 4 2R R AL A R e ARANY TR 2 R U SRV PR AR B P SRR 8 ST 5 VR T A A Y T
R A ST T A T 2R M W AN U AR D 23 25 T U SR AR O SR R SRR ST T A2 R i R
UIR AR R ST A D oh e PRI A T U LG S R IR 43 2 s 0 1 v R AT 55 S R 0 A
SR Z R T T R SR 1 20 R R v B A 9 s DR IR B TR BOE AR BRI, A 0] i S 1 2R
JB PEHEAT IS 45 mUHh T AT I SR TN I 14 28 ) o A5 A [, s A7 4 288 DR P A AT it R A IS A L 5 RO O3
R IEhR AL 7 & SRR AE D A R 7 SR BN K S

R R R e T AR W A R R AR K 23 AT DR S WA 3 VA R A N L T U R I R A
HI 45 € WIS VEA T B L a4 b AN T A 0] 2 1) 5 o 5l A LA AE S AR

T 4G 0 R A5 R R T VR AT LEIEAT R 5, B IR L AR B KK R MR AE 20 R PR (B 1 4T~26 5 4T) 0 %=
P P Ja P 0 AT 5 SRR A DRI 52, v SRR 4 s R AR i 75 2 8 X I R B 0 A o i e e ) 4 S DR A
BEAT RN A0 R AL 8 2 0 % R LI BT AT T MR RE AT 55 OB o I (565 6 47 ~28 9 A7) W SR AN 298 I8 A ) 1% & 1
Ay JE VEAREAT RN (35 10 47~28 14 47) AL Y 73 28 J Vb L 55 1 95 O i 5 o s EAT 18 52, 0F vH 6T
Tl BT AR 2 75 L 0S4 5 OB REAT B 52 G AR 48, T8 A 0 i g e v AL 1R BT A 5 RO HEAT 1B

LB FREVECE 22 4T). i YRR I 20 45 1 00 B sl g S B o A & AR vk se He JE IR M VE R
RN R B 4R (5 23 4T).

Bk 3. 3T R MU SR A PR 1 43D RS TR A

FN IR E A Diyen, TH VEARHT BI(E MaxCost, AN & PE xe{1,2,...,n}HIS5 B £ 484 Det(a) FIEE
A Rep(ay);

i VRIS U 2R 505 2 D

1: remain<MaxCost
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ni<—ng
While ((remain>0) && (n;!=null))
Benefit(a,, n,) «— NodeCost(n;) — > NodeCost(child(n,))
Benefit(a,,n,)
* Det(a,) + Rep(a,)

remain
6: If =m
{Det(ax)}

5:  a, «argmax

7: Detect(Y""" [a,][t,])
e«|Er(ay)|
remain<«remain—Det(a,)xm

10:  Else If remain =

Det(a,)
remain

11:

4 [ Det(ax)}
12: Detect(>"? [a,]It,])
13: e« Er(a))]|

14: remain<«remain—Det(a,)xq

remain
: =
15: If ((e >1) & & [{Rep(ax)} e]]
16: Repair(}" [a,]It,])
17: remain<remain—Rep(a,)xe
18: Elself |(e>1) && { remaim }21
Rep(a,)
19: Fe remain
Rep(a,)
20: Repair(}"" [a,]It,])
21: remain<«remain—Rep(a,)xr

22:  nj<Njy

23: Return Dy

BV 3 (PR TR) B2 4% B e T e SEop TP (9 &5 AN 20 NS R3804 TP i@ AN 8 n FE S AN 30 mUAR 85
0 R W pR 2L Detect(x) 1 B 1) R 2% &l O(f(x)), 25 It £ 9% 1& 2 bR 20 Repair(x) 19 i [0 2 42 &4 O(g(x)), 24
max(f(x),g(x)) =nlogn I, 532 3 [ 1A] 5 4% FE 2 O(Nmax(f(x),g(x))); 24 max(f(x),g(x))<nlogn I, 5% 3 KA &2
ZR 5 /& O(Nnlogn).

Rl 2T 03 2R P A 2 R AR 1 20 20 1 e ARV (R A BRI W SRR 2 37 7 VM K ELVS B AN /N Y
JEB TR 4y 43 288 IR 1k TN S BEAT W U AR TR S A ST ) R — D 4 BB MR VE U S8 B S T T 0 A T U S
HRE BRI 2 2 g D B TR R B B T VERAE T WS 5 i A R A AR T Bk
B B2 53 AR R A A R A4 R SR 7 5 8210 43 AT 25 vh 52 N R 8l 4 v 1 95 i 5 i s /.
34 ERAERIHEFATE S 3 E i

2 P 05 TR R B AR A B A8 /N B Rl A 2 T 2 Mk WA 10 4 2 1 R B R AR BB R SR AR S
T VE ] e o 00 DAY v 10 B R D0 S EAT T Uk, A4S B Bl I 0 31 1) I AN B D, % 45 I B I DR AR AN
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KPS P 7 VA AN 3R G 00 0 7 i 1 2R M WA 6 R R AR 18 23 25 3 R SR AR BB e S
SETT AR SE WS K HL s VR /N 10 PEREAT IS, e 1 U 56T WEARY v B0 P, DR AIE T S T R A R AN
TRSFR &5 150 R R8E BRL b i VR T T I R 1L

2455 TR BB ORI Rl 5 T 2R R AL 2 R e A QAN AR — T R 0 A A gl SR 2 5777
i UM DR B0 8 PR AN — 5 43 8 5 2 1 R ST S v o R e AU A R i R v R A T D B R
B 3t ST R R 2 G SRR Y, 3 B R RS 23 AT 55 B A AN KL BRI, i T VA AN @ T I R R .
L 2 00 2R e RS R AR AR (1 23 20455 R S A A BB PR S S N T VR AR R SR N (R D R e R
I3 & JENE K JLT Ve 76 B R ] T 20 B AZ T IR R UE T B T e R IR AN TR SR &5 1000 A RO A AR AR T
YA AR5 23 AR A B A S, A 25 DR SR AE Ji5 8 1) 23 24T 55 b 2N R B0 4 o 1) 25 T B s i 5
PRIk, 2 7 VR T T I A L.

BEAR, O T 5 M 5 306 P Bl A R B Wk SR 58 5 Tl B AN U R SR S, R 5 AN ) B2 %
JEE T3 TR AS SCI AR R ) 3 i e STk HEAT T LA I RV R R FE 0 A A PR A RE 2 WA ST 3.1 5 ~2 3.3 1.
Table 5 Comparison of time complexity of three algorithms
F 5 3 IR (] 5 A LA

R AR I 1) 52 2% 1
SET 5 B R B4 U S max(:sz)x(gfg)))ix")')‘ﬁ’;ofn%N(;“&erféz)nf )
B T3 2R TR A YEARAN I — IR PRSI O(nlognxmax(f(x),g(x)))

0 R 2% L vk A i st sz e oy | MAX(E(X),9(X)) =nlogn i, O(Nmax(f(x),g(x)))
He T 0p 2 PR RS A DAY 10 20 203 DL STk max(f(x).g(x))<nlogn i ,0(Nnlogn)

4 KT

h T BRI HR L TV R P R AR SO 3 AN T TGS T L ) 3 ot RS S i R S P AR BB P SRR JE T Ty
FEEAT T (1) R AR SO £ 1R 05 3 A (R AN SRR pR SE R T 4 SN 7 AR 1R 3 2 AR RN A
H5(2) A ST 16 77 3% e ST PR AR R R SRR 1) 3 SR UEAR 22(3) R T AR SCRIAR Hh 1R D7 VR s S7. R AR A
TR 1) 73 FROR

A SERAT I A AR 2 UCH 2 AR 1) 6 A2 e g LR A B AR 6.4 S f vh A SO 1 745
P PR AN — BUOHCHE BEAT 92 56 R 78 A [R) s B L 5 SCIR) R O, 1) I R 504 4 vh 0 T N R A SIE
K H 10 728 B UE Ty BEHLAE U ZR B AR 4R, K 7R MR 8 ERAT 43 A 55 1 25 SR S48 A Ay e 24 1)
SH 4R

Table 6 Datasets information

F6 HHEGR

LEE A WA B
Hepatitis Prognosis 129 19
Breast Cancer 286 9
BUPA Liver Disorders 345 5
Car 1728 6
HTRU 17 898 9
Adult 48 842 14

P SR A AE R RR K iTCPU@2.4GHZ,8GB A 17, 1TB Al 48 1) F fisi b 58 1, i 5 5535 39 ] Python 75 5 40 5.

A 3 IR LT 4 FACH BB S BEAT T VP AN L AL

(1) TR I 25K 5 Hh 10 25 8 A T I UG, 45 AR 20 28 e P e s 3 S7 IR A BB ke SR

(2) T2 RHAIR AR T 20 ZRUR P WCRE 10 23 20 5 U 53k RO A SBUR e SR 2 37 77 VR S ST (R A B T SRR

(3) TRl & 5 173 2 PR AR DL AR A M3 Ve S (A QA SR g SR b 3 7 5 el v AR
I BB R S
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(4) TR RlA BT 0 348 PSR AN DAY 1 23 20 i U S0k i AR Bl e 10 38 N7 7 R ST AR
U SR
41 HDEEEFEHNRKN
T B UE BT B AN U e SRR ST O VR e AR SO BaR 4 RPN B e S T AT 45 )
77 AR AR S AR AR AC A ST (RI TreeCost)BE4T T EL A 0 5, 30 1 5 25 T 7 44 52 10385 WA 1 dse KA, Tk
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——T71 ——T12 = —e—Ta ——T1 —8—T2 T3 —e—T4 ——T1 ——T ™ —e—Ti
950 4700 e
235 | 4600 s pran o
8 8 % . & s7e0
5 5 45 ~ ) E E
g » £ aso E
E 5 & 560
o 445 .
83 435
4 . 5 100 1 0% 50% 60% 1 s 409
MazCost MazCaost MaxCost
(a) Hepatitis %45 I (1 L i 45 1 (b) Breast Cancer %4l 45 L1t b &5 (c) BUPA Liver Disorders
e B e R
——T1 —e—T2 T3 —e—T4 ——T1 ——T2 ——T3 —8—T4 ——TL ——T2 T3 —e—T4
34150 1 00
ii0n 1631500 /\_\
s 1 A\.\./\ » 1
1 7
s 0 S
E e £
1
1
1
1
1 4 109 0% S50% 1
MazCost MaxCost MaxCost
(d) Car i 4k LAy Lhie 4 1 (e) HTRU ##ii 4k L Lbik gl 1 () Adult Z#is 4k L4 1

Fig.3 Comparison experiments varying MaxCost
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Fig.4 Comparison experiments varying error rate
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Table 7 Experimental results of classification accuracy
F T OrRUEM A LR A R

M | MaxCost | 0% 10% 20% 30% 40% 50% 60% 70% 80% 90% | 100%
T1 58.75% | 65.83% | 64.17% | 66.11% | 65.35% | 65.07% | 65.38% | 65.63% | 63.68% | 64.38% | 65.76%

Hepatitis T2 58.78% | 65.21% | 65.07% | 65.00% | 64.79% | 64.96% | 65.31% | 65.76% | 67.99% | 65.69% | 64.78%
T3 58.38% | 65.97% | 63.06% | 66.67% | 64.10% | 66.04% | 67.36% | 65.00% | 67.22% | 63.82% | 65.21%

T4 58.25% | 65.97% | 65.07% | 65.63% | 64.17% | 64.31% | 66.67% | 65.07% | 65.28% | 64.24% | 66.88%

T1 75.26% | 85.79% | 86.12% | 86.14% | 85.91% | 85.81% | 85.13% | 86.04% | 85.75% | 85.93% | 86.57%

Breast T2 75.95% | 86.37% | 86.39% | 85.09% | 86.73% | 85.98% | 86.49% | 86.94% | 85.93% | 87.27% | 84.56%
T3 75.33% | 87.52% | 85.93% | 85.83% | 87.39% | 86.94% | 85.98% | 85.69% | 86.41% | 86.20% | 86.51%

T4 75.33% | 86.00% | 85.42% | 86.69% | 86.63% | 86.32% | 85.91% | 86.96% | 87.04% | 86.16% | 87.12%

T1 46.57% | 51.46% | 51.11% | 52.98% | 50.22% | 50.86% | 50.79% | 51.75% | 52.98% | 51.49% | 51.05%

BUPA T2 45.43% | 50.44% | 52.35% | 51.43% | 52.03% | 50.06% | 51.65% | 50.22% | 52.67% | 52.44% | 50.86%
T3 46.14% | 52.44% | 51.59% | 51.49% | 51.75% | 51.75% | 51.68% | 50.44% | 50.86% | 52.83% | 50.76%

T4 45.71% | 49.71% | 49.62% | 51.43% | 53.40% | 50.22% | 51.90% | 50.22% | 50.06% | 52.22% | 52.25%

T1 61.53% | 71.66% | 71.27% | 71.30% | 71.96% | 70.69% | 71.55% | 72.20% | 71.48% | 71.89% | 71.93%

Car T2 61.50% | 71.70% | 71.55% | 71.74% | 71.91% | 71.18% | 71.70% | 72.05% | 71.36% | 72.58% | 71.29%
T3 61.14% | 71.75% | 71.77% | 71.69% | 71.59% | 71.75% | 72.03% | 71.89% | 71.10% | 71.66% | 71.71%

T4 61.38% | 71.45% | 71.32% | 71.84% | 71.65% | 72.11% | 71.05% | 71.64% | 71.76% | 72.18% | 71.18%

T1 93.12% | 96.10% | 97.18% | 97.27% | 97.20% | 97.55% | 97.92% | 97.95% | 97.95% | 97.88% | 97.97%
HTRU T2 92.97% | 97.77% | 98.28% | 98.69% | 98.55% | 98.73% | 98.83% | 98.96% | 99.11% | 99.15% | 99.13%
T3 92.84% | 96.93% | 98.05% | 98.15% | 98.91% | 98.97% | 99.11% | 98.94% | 98.98% | 99.01% | 99.19%
T4 92.20% | 97.94% | 98.42% | 98.78% | 98.71% | 98.90% | 99.13% | 98.97% | 98.97% | 99.09% | 99.06%
T1 74.81% | 80.07% | 80.75% | 80.96% | 81.12% | 81.86% | 81.66% | 81.23% | 81.79% | 81.86% | 81.94%
Adult i 74.73% | 79.79% | 81.71% | 81.94% | 81.97% | 82.15% | 81.89% | 82.05% | 82.92% | 82.73% | 82.97%
T3 74.59% | 80.09% | 80.93% | 80.99% | 81.74% | 82.58% | 82.04% | 82.21% | 82.88% | 82.97% | 82.87%
T4 74.47% | 80.68% | 81.76% | 81.88% | 81.89% | 82.62% | 82.35% | 81.99% | 82.96% | 82.89% | 82.88%
F2{H | 68.13% | 75.36% | 75.37% | 75.82% | 75.82% | 75.73% | 75.98% | 75.83% | 76.31% | 76.11% | 76.02%

M T 0] A A SO R SR T1~ T4 270 FEUERG R A=A/ DR b 0 2 34 i B e SR 3 7 5 9k
I, AT LAAN 0 RE 53 SRS A AT Dy 2% FE DN 3R e A, B AT JEAT B0 i e T T4 e 1 1) A A ok S (R MaxCost
N 0%) (1 73 SRR = B i & K i D 2 s ) AU SO R S 2 DI 7.23% (IR R 7 R KT BE TS,
ST R, SR P i 5 0 O A SRR R SROM S 5775 ¥ RE 0 A7 280 vt ol SRS £ 70 S R DAL b, 8090 175 e il R )

T2 Al _E A BB e SRR 10 3 T R BE K

43 HHEEFHHER

N T B R B4R (A R R S 3 N VR AT R AN SO 4 Bl A USSR S IR 2 SRR AT T L
BRI 5 LA 8. N 8 T LA H AU BBURR PR SRR T1~T4 7543 JR0% AR ZE M/ TR B, 7R 1 B AR BBURK o 3R
UARERVAVSEPN IR AT NIV S B P & S (B A S

Table 8 Experimental results of classification efficiency (ms)
F 8 IrRMCRM LR LR (&)
itk | MaxCost | 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
T1 05131 | 0.4791 | 0.6398 | 04461 | 04965 | 0.5570 | 0.5617 | 0.5637 | 0.4955 | 0.562 5
Hepatitis T2 0.4842 | 0.4618 | 0.5458 | 0.5192 | 0.5186 | 0.5336 | 0.6405 | 0.4967 | 0.5234 | 0.6581
T3 0.5389 | 0.6060 | 0.5297 | 0.5130 | 0.5791 | 0.6075 | 0.5292 | 0.5749 | 0.5461 | 0.547 5
T4 0.5802 | 0.5611 | 0.5466 | 0.4510 | 0.5589 | 0.5067 | 0.5006 | 0.4783 | 0.5236 | 0.469 8
T1 1.8191 | 1.7872 | 1.7657 | 1.8780 | 1.7241 | 1.7771 | 1.7195 | 1.8006 | 1.7904 | 1.7745
Breast T2 1.7841 | 1.8493 | 1.8051 | 1.8164 | 1.7719 | 1.8238 | 1.8017 | 1.8507 | 1.7341 | 1.7516
T3 1.8668 | 1.7990 | 1.7199 | 1.7701 | 1.7823 | 1.7684 | 1.8151 | 1.8335 | 1.8395 | 1.9243
T4 1.7949 | 1.7454 | 1.7993 | 1.7829 | 1.8044 | 1.7733 | 1.8619 | 1.7561 | 1.7383 | 1.7324
T1 1.0800 | 1.0426 | 1.0519 | 1.0211 | 1.0417 | 1.0206 | 1.0539 | 1.0157 | 1.1196 | 1.0415
BUPA T2 1.0424 | 1.0860 | 1.0987 | 1.0542 | 1.1093 | 1.0998 | 1.0018 | 1.1187 | 1.0438 | 1.1017
T3 1.0372 | 0.9992 | 0.9696 | 1.0406 | 1.0976 | 1.0590 | 1.0474 | 1.0186 | 1.0247 | 1.059 4
T4 1.0686 | 1.0478 | 1.1279 | 1.0973 | 1.0691 | 1.0639 | 1.0579 | 1.0575 | 1.0840 | 1.058 9
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Table 8 Experimental results of classification efficiency (Continued) (ms)

F 8 IR T EE R (L) (Z=H)
KedidE | MaxCost | 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
T1 45568 | 46186 | 47508 | 4.9737 | 44484 | 46602 | 46775 | 46349 | 48454 | 47163
Car T2 44743 | 44449 | 49981 | 48457 | 44729 | 46105 | 45761 | 45071 | 47492 | 4.3454
T3 47860 | 47576 | 43042 | 44651 | 44799 | 48802 | 4.9484 | 47228 | 47407 | 4.4389
T4 45384 | 47635 | 44684 | 46694 | 46105 | 42951 | 44794 | 48658 | 4.3769 | 4.2573
T1 140.75 | 126.38 | 129.03 | 129.77 | 134.31 | 127.83 | 129.68 | 129.16 | 128.01 | 128.66
HTRU T2 140.87 | 130.17 | 132.00 | 130.91 | 144.08 | 130.45 | 130.39 | 127.87 | 127.40 | 127.43
T3 131.98 | 132.39 | 132.39 | 128.13 | 131.07 | 127.98 | 130.86 | 133.45 | 128.02 | 128.56
T4 129.6 | 133.63 | 133.63 | 135.37 | 126.67 | 129.10 | 129.72 | 129.84 | 131.24 | 129.61
T1 120.66 | 120.29 | 121.91 | 123.45 | 120.18 | 121.61 | 12158 | 123.12 | 127.49 | 121.88
Adult T2 123.12 | 128.33 | 129.65 | 123.34 | 124.40 | 125.11 | 120.26 | 125.96 | 127.09 | 123.17
T3 126.24 | 122.90 | 119.45 | 127.35 | 122.70 | 121.23 | 121.13 | 122.73 | 123.31 | 122.79
T4 124.29 | 12553 | 124.83 | 121.87 | 123.66 | 123.10 | 124.13 | 123.11 | 124.91 | 125.17
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Table 9 Applicable conditions of three methods
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