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Fig. 1. Example of difficulties in imbalanced data-sets. (a) Class overlapping.

(b) Small disjuncts.
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TABLE 1
CONFUSION MATRIX FOR A TWO-CLASS PROBLEM

Positive prediction ~ Negative prediction

Positive class True Positive (TP)  False Negative (FN)
Negative class  False Positive (FP)  True Negative (TN)

7 ERPBAVAEHE T 0 EKpBHREEENNTTENER, JUELERERE:
TP +TN
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R . AdaCost Misclassification Cost-sensitive Boosting
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Adacost —MX adaboost AEAR, TEIMKREEDH N ANBEIRZNIRFIEE T 5HIEE
FERINGUEIRK Cost-sensitive loss BJ—FH boosting Bk, FEHKE#F, ¥ 0-1 MEE
RAXFEXRFIR KRBT EH boosting BXMBXSE. BREXIN, XEXENER
FUFRAT 7E cost-sensitive AYSERET, AdaCost BAM RITRFIM K £ 5RZE L Adaboost
%, MER FRIF T EEERERERITNRARNIEFIR.

LB/

HAEUDHEANTHREREERT. HhyEHIIRg, ofREET yEgh%x. g8
BERF, BMNE—DFNEFEIR ERSILENRRET REMWHRKLNT LR,

o Given: S§ = {(r1,¢c1,v1),-- -, (T, Cony Ym) };
v € X, c; e R y; € {—1,+1).

o Initialize D1 (i) (such as D1(i) = ¢; /377" ¢;).

o Fort=1,....T":

1. Train weak learner using distribution Dy.
2. Compute weak hypothesis hi; : X' — R.

3. Choose ay € R and (i) € RT.

4. Update

Dt(i)exp( — aqyihe(2;) B(7) )
Zt

Di+1(i) =

where 3(i) = ;‘J’(sign(y.iht(:r..;-_))q_ cg) is a
cost-adjustment function. Z; is a normal-
ization factor chosen so that D;+; will be
a distribution.

e Output the final hypothesis:

T
H(x) = sign(f(z)) where f(x) = (Z atht(r))

t=1

Figure 1: AdaCost
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X E{F R NEIEERET UC Machine Learning Database KRS, A THIEMNSD
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Table 1: Data Set Summary

4

Data D.:ata Tes‘tmg Positive%
Size Size

hypothyroid 3163 CV 4.77
boolean 32768 CcVv 13.34
dis 2800 972 4.63

Ccrx 690 CV 44.5
breast cancer 699 CV 34.5
wpbc 198 CV 23.74
chase AOK*10  40K*10 ~ 20

r
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Table 2: Percentage Cumulative Loss by ¢RIPPER, AdaBoost and AdaCost for Six Data Sets

S | R ] cRpr | Bst | Cst | (C-B)(%) (C-P) (%) S | R || cRpr | Bst | Cst | (C-B)(%) (C-P) (%)
2 T4 16 | 1.2 -0.4(-25) -0.2(-16) 2 140 | 105 | 54 -5.1(-48) -8.6(-61)
3 1.8 2.0 | 16 -0.3(-17) -0.2(-10) 3 117 | 124 | 121 -0.3(-3) 0.4(4)
4 2.1 2.2 | 1.8 -0.4(-16) -0.3(-12) 4 1.1 | 11.2 | 11.3 0.1(1) 0.2(2)
1] 5 2.5 27 | 22 -0.4(-16) -0.3(-11) 4| 5 0.7 9.9 | 10.0 0.1(1) 0.3(3)
6 3.2 3.0 | 2.5 -0.6(-19) -0.7(-23) 6 9.8 74 | 7.3 -0.1(-2) -2.5(-25)
7 3.1 2.8 | 2.7 -0.1(-3) -0.4(-13) 7 8.5 81 | 4.9 -3.2(-39) -3.6(-42)
8 3.0 31 | 27 -0.4(-12) -0.3(-10) 8 8.1 106 | 87 -2.0(-19) 0.6(7)
9 3.0 32 | 2.5 -0.7(-23) -0.5(-17) 9 7.7 | 111 | 89 -2.2(-20) 1.2(15)
m 2.5 2.6 | 2.2 | 0.4 (-16.0) | -0.4(-14.2) I 101 | 102 | 8.6 | -1.6 (-15.5) | -1.5(-14.8)
) 138 | 105 | 33 —7.2(-69) -10.6(-76) 3 Ew 32 | 1.7 T1.4(-45) 27 (-61)
3 142 | 116 | 5.0 -6.6(-57) -9.2(-65) 3 3.7 34 | 1.8 -1.6(-46) -1.9(-51)
4 154 | 109 | 6.9 -4.0(-37) -8.5(-55) 4 3.8 48 | 3.1 -1.8(-37) -0.7(-19)
2|5 147 | 114 | 7.3 -4.1(-36) -7.4(-50) 505 4.1 46 | 4.2 -0.4(-9) 0.1(2)
6 13.9 | 93 | 8.1 -1.3(-13) -5.8(-42) 6 3.5 3.6 | 2.2 -1.4(-39) -1.3(-38)
7 195 | 9.6 | &5 -1.1(-11) -11.0(-57) 7 3.5 3.2 | 3.2 -0.1(-2) -0.3(-9)
8 180 | 9.6 | 83 -1.3(-14) -9.6(-54) 8 3.3 3.5 | 22 -1.4(-38) -1.1(-34)
9 183 | 11.0 | 8.1 -3.0(-27) -10.2(-56) 9 3.2 31 | 30 -0.1(-3) -0.2(-7)
m 16.0 | 105 | 6.9 | -3.6 (-34.1) | -9.1(-56.7) I 3.7 37 | 2.7 | -1.0 (-27.6) | -L.0(-27.7)
2 2.3 2.6 | 2.0 -0.6(-24) ~0.3(-14) 2 35.8 | 43.7 | 34.0 | -9.7(-22) “1.8(-5)
3 4.1 35 | 31 -0.4(-12) -1.0(-25) 3 389 | 351 | 205 | -14.6(-42) | -18.4(-47)
4 5.0 43 | 4.3 0.0(0) -0.7(-14) 4 36.7 | 33.5 | 85.7 2.1(6) -1.0(-3)
3|5 6.2 49 | 4.4 -0.5(-10) -1.8(-29) 6| 5 35.0 | 345 | 226 | -12.0(-35) | -12.4(-35)
6 6.5 7.0 | 55 -1.5(-21) -1.0(-15) 6 312 | 187 | 11.1 | -7.6(-41) -20.1(-64)
7 7.6 8.0 | 6.7 -1.2(-15) -0.9(-11) 7 28.6 | 28.6 | 28.8 0.1(1) 0.2(1)
& 6.7 7.6 | 6.1 -1.5(-20) -0.6(-9) 8 246 | 24.8 | 25.1 0.4(2) 0.5(2)
9 78 | 101 | 71 -3.0(-30) -0.7(-9) 9 25.5 | 27.1 | 25.7 -1.4(-5) 0.2(1)
I 58 G0 | 49 | -1.1 (-18.2) | -0.9(-14.9) || 320 [ 308 | 254 | -5.3 (-17.3) | -6.6(-20.6)
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SR E KRR, XERYE T —FET sampling B9 boosting 7735 kIEF I B &AW
BR. XEH over-sampling YE A ##R imbalance [a]AAY T3 7%,

LB/

ZEERBIARAR T ARMNNE (tho] BB AMENITR) AR MWE L EERIEEMNI
B8, EE—RERT, EFANENEM EFR SMOTE EAI/NKRIFE AR T AIENE
B O(BMEI/NEREANEE), EHNEEETINEES LR, ITESXOENKRE (H
FWRAMEK), FARENHFANEHRTEH . ERELERAEM E, SMOTEBoost Eik
T B E — O] I LA Rl A K= T .

e Given: Set S {(x1, ¥1), ... , (Xm, Ym)} x; €X, with labels y; €Y = {1, ..., C},
where C,,, (Cp, < C) corresponds to a minority class.
e TetB={(Ly);i=1..my=y}
. Initialize the distribution D; over the examples, such that D,(1) = I/m.
e Forr=1,23.4 ... T
1. Modify distribution D, by creating N synthetic examples from minority class
Cp using the SMOTE algorithm

2. Train a weak learner using distribution D,
3. Compute weak hypothesis i X x Y — [0, 1]
4. Compute the pseudo-loss of hypothesis h;:
6= 2 DLy )1 =h (x5, )+ h (%, 7))
(i,v)eB
5. Setf=¢g/(1-¢g)and w,=(1/2)-(1-h(x.y)thdxi¥1)
6. Update D : Dy (i,¥) = (D,(i,v)/Z, )- B,

where Z; 1s a normalization constant chosen such that D;; 1s a distribution.

T
i : 1
¢ Output the final hypothesis: 7, = arg max E (]og—ﬁ )-h.(x.y)
A ver

=1 t

Fig. 1. The SMOTEBoost algorithm
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Table 2. Summary of data sets used in experiments

Number of majority Number of minority Number of
Data set . - - i
class instances class instances classes
KDDCup-99 DoS Probe | Normal U2R R2L 5
Intrusion 13027 2445 17400 136 1982
Mammography 10923 260 2
Satimage 5809 626 2
Phoneme 3818 1586 2

RS XRXET—HERT 4 MEER, Hh 3PN EBUERATNEEIRE, — 1M EBUEX
R RBIER.

KRER:

Method Recall| Precision | F-value Method Recall| Precision | F-value

Standard RIPPER | 57.35| 84.78 | 68.42 |Standard Boosting| 80.15 | 90.083 84.83
Ny Noy |Recall| Precision | F-value Nuze| Nyot| Recall | Precision | F-value

100| 100 | 80.15| 88.62 84.17 SMOTE 100|100| 84.2 93.9 88.8

SMOTE|300| 100 | 74.26| 92.66 §2.58 .-Boost 300|100| 87.5 88.8 88.15

500] 100 | 68.38| 86.11 71.32 "~ |500(100| 84.6 92.0 88.1
I —
First |N,2.| N,z |Recall| Precision | F-value Cost | pocall| Precision | F-value

SMOTE|100| 100 | 81.6 | 90.92 86.01 | Ada- | factor
then (300|100 | 82.5 89.30 8577 | Cost c=2 83.1 96.6 89.3
Boost [500| 100 | 82.9 | 89.12 §5.90 c=5 |83.45 95.29 88.98
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TERRGREXZFTERFR, RNELET BB HFIMERFE M ensemble RIGE (—
% ensemble FYEFETT A BFE: bagging, boosting # hybrid) fREARFE classification 432
m (B, HAKEERE—M (M) XINOEARER LR/ NN—n, EFINEE
WERNEERAET, 7K TR/ NERIEAR, ROFREFFFEAR B HIBHX K E)H)
FIRBUIER . — i, EMABIEATEO#E, BEANEEZANT, REBELOELFEITAEN
MEERE (BERETERIABNEEHRINRAMEK, FRANKIFERS=EERNR
X)), WEEZXEZXTNEINFERNMLNAZRE, FOrEXREESIALDIANER, &
— AR MEBIEEEAT, BRATIEA TS, —FELMN R Bd MR ZnER
REFFER, HEERBIBEL DOV NERER, KIHEAREIRNFE, EXFEL TN
ABENMRREOATIRE, HEERINAFINR. T/ MERFEMBAELREL, AR
A ERREEZFMAERZENER, ESEFER. EFNEENR . EXFELT,
FIEFETET boosting IR EXZE#HITIEE, HBEEHE. IR, A, 5. ZAIE
BB E T AT AT
—. HH,
MIEE E, BEXEHSETREFZHTRA, EE2EMTEARE.
Adacost 7£ Adaboost 73K EERIER £, AT cost-sensitive RN EURAITT
%, {#15 adaboost BAEMFMA R I T A HBEE LM 0-1 MK, MEFEANR
FHEFOMERIERE, ZEFIRKRENEE T, adaboost ZEEN LR EHA (iteration)
FrEFAHANESEINEENLFIFAR, NESRENDTEREBEHTE
AAHEME R P , XFEERNRT, RKET—MIFNEE, A— DR
MRTIF = A Y S . {EM critical thinking BIAEH %, XF cost-sensitive
FI BB adaboost BAME G HIRIERT4, RHAKRNMERENES, MIER
FREELRAPEN, BREELH T Adacost B AHE3TT adaboost EIAE T
HEZXE LR, BEMNILEMNLEME EMFERS] reviewer B9%E[E .
SMOTEBoost & F SMOTE (Synthetic Minority Oversampling Technique) X
MEBEALED KABRMNE X, &3 L boosting BEAMERN—NMEAEE
%, SMOTE WMHEHENAE, BEZEINKIFEANHHR, EHFEAEF
synthetically #h 4 BFTA/NERIER, MNIFESAEEHNRIBMEEZESIEE. XEX
ZHYZEEA Adacost K1, EFNETEH topic EHE—IE, BITHTLEFE)BL
benchmark R E %
XRBEXEZEMRL T RS, JEREDTVSRZINEITEN, L TEE
FIBR MR, B RFEIATE LRz AR AR ARR, 1B T BRI RAF
KB FENER, EXFHEEZITAILIN.
A EREX ERREXELTNBE .,

. HuiE
SXFAMFERIARE, EXERX—REFRYBCHEEE. Bk, X
AR XARSAEBAMEAERNEES, NETHHXPHOZERENE
SETEUR L TEE B 4. Adacost BT 5 4N UCH Hl8&5 STEUHEE A
HHRER, XF— P HEEMR RENSRKESEIE, SMOTEBoost ZK{Uitth
SIA7T M X HIMH A F AL EEIRSE.
— KK, FREEHBREIEZE T U reviewer BREXLSHE, ELE



EELEAAFNEE. — K, BNNEBEONEE: BIBEEERE, HA%
RS, BUREREE, FIBFHIEZRE! (int/float/categorical %55) ., #ilZA svm 7E
A IR S EAFEAR, S E BRI G AR SR EFFRIE, MEIEERIE
P EIRATOTAHIBTE, MEETF cost-sensitive F73%, under-sampling 73 7A{AE3TF
BIRERNNERE/N, AT K ), F Bt EMEEE £ 5
KpF,

a, FREOEYNRNEINRNEZRR., EXRIREF, EXRXE
BB ECIREANEMA R h H A4 IEER R B E AR, EHSHNTR
T (BSRNERE, SIRBEWMIR4SS) SEARES HEERENILE,
MMEF ik A ER N E RN F R

NP7

EX L, BARN. BREMNEEBERNEZIINEXAEFRERRE,
—fkiR, BEXARNESFRAELARERNBCRENELHTHENRE, R
BTN X FNE X RREHITIFEMANRR, ELEIHS, EEEMAEAINBE
B RRPBSENEE . SEOHTHIRE, “train-test-validation”$#E9> EI SR,
REAEXLERNATEZNERAT, EEFTITUEUMHEE, Wi EH.

Adacost:

o Given: S = {(z1,¢1,¥1),- s (T, Comy YUm) };
v € X, e Ry, € {—1,+1).

e Initialize D;(7) (such as Dq(i) = C@/Z;n ;).

o Fort=1,....T:

1. Train weak learner using distribution Dy.
2. Compute weak hypothesis h; : X' — R.

3. Choose ay € R and (i) € RT.

4. Update

Dt(-i)exp( — auyihe () B(7) )
Zt

Dy (i) =

where (3(i) = ;‘:?(sign(y.;ht(:I‘..;-_))q_ cz) is a
cost-adjustment function. Z; is a normal-
ization factor chosen so that D;;1 will be
a distribution.

e Output the final hypothesis:

T
H(x) = sign(f(z)) where f(z) = (Z atht(r))

t=1

Figure 1: AdaCost
WA xZEXE, yEOXENEE c 2EEXBWMERET
Mg BRINE X ERRREFIEMERONEHRFTIRL



gk Rgnx A Boosting IR RIERREE T, AEMEREARH, 1.347]
BREASENENETESINEGE B0 LS OFRE], XENBIERERMA,
—MRH boosting A RITHAES T RBHRE=E), 28 HHEHFME, 35T
HHNNNEE, 4ERMARANNE.

W RENDERERBEREL P OERFAMNAM,

AdaCost BB R, HE—REAREIEF, B TFEZHANERNSERNNE,
MTfET—EAEERNERES, BEEEMSEXERZFHMEBRNSE . StE R,
B T/NEBIEEAR minority class (9777, BIIERTEFE/NEIFATEHIRAN, §
HEXMERNNE, FAXELHTASEMNENX, BB FERETE R T/ NEFH
A,

SMOTEBooOst:

e Given: Set S {(x1, ¥1). ... . (¥, ym)} & €X, with labels y; €Y = {1, ..., C},
where Cy, (Cyy < C) corresponds to a minority class.
LetB={(1,y):1=1,...my=y;

Initialize the distribution D; over the examples, such that D;(1) = I/m.
Fort=1,2,3,4,... T

1. Modify distribution D; by creating N synthetic examples from nunority class

C,, using the SMOTE algorithm
Train a weak learner using distribution D,

Compute weak hypothesis 7 X x Y — [0, 1]

Compute the pseudo-loss of hypothesis h;:

&= ZD,(?’,}')(I —h(x,, ¥y, )+ h(x,.))

(iy)eB
5. Setfi=g/(1- &) and w,= (1/2)-(1-h{xp.y)Hh{x.v)
6. Update D, : Dy (i, )= (D, (i,y)/ Z, ) B,

where Z; 1s a normalization constant chosen such that D;.; is a distribution.

TS Y

T
) . |
¢ Output the final hypothesis: /5 = arg max E (fog—ﬁ J-hi(x,v)
‘ el o

¢

Fig. 1. The SMOTEBoost algorithm
WA\ xTEXE, yRENEE (9XK), FREVNEIIRE,
Mgt BEIMHFRNNEDNBL T,
gk & T MsRAERF, 14EH SMOTE &%, RIBLNED FEMRIH
INERIREAR, 2FEMEMMNBIRRPINEBEF s, SBHATAEN, 4TERH
K, SIHENESH 6 EFHANE.
B RENDEFERAEREL PO EIAIMNA,

TUEY, WAEEESTER YN adaboost 2rK88 AR BT IAEMEAS
B F R H3R 5 Sk B4 IE imbalance [a) @AY,

. BtE

5L RMRXEHBZUSVEXHRR#ATEEN. SEEXL, BE-§
r-FE- (ER) -XR-BENERSRTEN, MEHANEENSHERK
AIE AR ER, AEMNSE LREEMTEE,
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