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Abstract

In the field of data mining, unbalanced data are prevalent. In many cases, these data are usually of
high dimensionality and class imbalance. An unbalanced distribution of feature attributes in un-
balanced datasets can cause degradation of classification performance, while the high dimensio-
nality of the data can lead to very time-consuming learning algorithms. To address this problem, a
feature selection method based on combinatorial sampling and integrated learning is proposed.
Firstly, we use the combined sampling method to deal with the class imbalance problem, focus on
synthesizing a few class samples, and remove the noise samples under the premise of ensuring
that the dataset is balanced, model the integrated feature selection as a multi-criteria deci-
sion-making process, and use the VIKOR method to get the feature importance ranking, and then
in the process of sequential forward searching for the features, we use the accuracy of the XGBoost
algorithm as an indicator of the assessment of the feature subset’s The optimal feature subset is
determined by using the index of superiority and inferiority. AUC, G-mean, and F-measure are
chosen as the evaluation indexes, and the proposed algorithm is confirmed to have a better classi-
fication effect and better robustness of the model through the experiments in five unbalanced da-
tasets.
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BT KRB AR RR,  SMhGUSAR L 7R s 4R (1], EAESEBR R, A AR IE E
AL P, RGP ZREEE T, ZRA LG8 E T T AR R R . XA
Bl 510 H RS I Bt 4R [2]

e 4 HAS -7 B0 Bt 25 Bt 12 98 AR R 7 RTITR A k. £ 3RS, KBRS 17 AM
RIFACMUTCARRHIE . IXEERFAL (A7 AE AR 7 ) FERE TR 6], I B izmy 1 70 6k e . AR SE 7 2851k
SR B ZHCEIHERRE, IR TRAEASR 2 IO B R IR, BRRI BRI R AR
BB AR FA T RIE DB A AT IERA R 7> o DAL, IR AR 5 (0 I AE AL BEAS 17 1) B I 23 AR
WK RRADIEFAE N — P ERAEROR, HAA B URHE, JFMERE T EEBRAMRAITCR R, X T
e 4EVE AT B AR £, R AEE P I B SR ARE T E (3]

FURG, A R AT 5080 190 K B 78 3 B PR AR s AT RS 5 S5 6 U7 4] -
B 5 R HE PRI T, PO EA T e K £ b 2 BESRE A g hn A BERREAR P 50 -
B P TT 15y I RFEM R . IRFEBCRIE I 7 BRI ER, WL RFET7EA Chawla
SE[S]HR A SMOTE 5%, iZ5AH FHRFEAR RIS, FEFEA 55 HOT AP RRE LR P AOREACE L
BT HIREA 15 Haibo S5[6]32 1 T ADASYN 5i%, HRA4EEdE 7 A1 H a0 52 54D B FEA 7 A4 i
FEA%L; Ferndndez-Navarro S5[7]52 1 7 — Rl &l RGPl G . JORFEBORIED T 2 4R
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R, Yu SE[B]FEHY 1 Fhdk T SURRIL AL AR 1 5 R SRR T IR AR R IAN T s TR i 7 45
AN 7S A 1K) Tomek Link JCRFET i o SRS I 5 VR0 W RO A A9, ROV E R B 0 0 R 5%
B SR IUAT SRR AT Bl 7 A A 22 o AR I SRE A AN U ST (10T M A2 2T [11]. TR &
THEREHE R IHEMAER A S, T 7B R IEMEE R THERAF LR 8, S A K 7 G
&, Yong SE[12]52H 13T k-means SRR AL FIERIRIETE, DALSR AT s 4 v D BRI RE
Galar S5 [13]4 t 3 5 S BEHL KA FIA M & & Tk

R AL 8 H BUAT B8, AR DR 5l T oGE . ISR S JR 8k S AN 45
H 77 A DU R B 020 ot g, B AR NS [14]. BHX R — MR 4R, AR RRHIE IR R 50
RPEAFRRNE T ERFELT, FHEEFS RGO A REL R, O T RS TR AL T R AR
SENE, SRR SRR TR AT IZ IR ] SR 2T i) B AR 2 MR ) 2R & 45 SR T e 2 LU A
MRS RIS F (45 2R o IR TR AR 73 A R 5N, {H Saeys &8 N [15]32 ) 1 WHFIELE
TR SR AR (AR

BEXSAP RO, ASCIR T — AR T AL R S R R #7775 A/ SMOTE-Tomek
A KA FRAE AT ) s, AR AR BN — D HEN DRSS, RRRFAE Ay wT e 3R
Ti %, FHEEFETTEE Nk Babr e, (EH] VIKOR J5 VA3 ZIRHEE ZE A, RIS LEFF H1 AT 1348 RAFIE
MR, f£H] XGBoost 5Lk IHER R A NITFARFIE T RIS WTahs, HE RIARAE T4 B MRFESL
A DA R R S e L AR 74, SRS BTV 7T DAR R R I B Sk i S R VE RS A 1%k .l 5 1
A SRR AN B R 1 B S0 AT LSS, BIE 1 AR ST v LB

2. IREINTR
21 HARBEZ

SMOTE-Tomek H & RIEFIL, 7870 I REEFI SCRAE PRI RAFE T IE L H . %6, 181 SMOTE
SRR, 4% B8 PRFE LU & D B A . B, KA BB AR AT & -3 2R B R
AR, HK R PR ARSI B R AR B R AR B R A R G R RS . &5, TEREBIRER I HAE
AT (P BE S, G SR P AN TR R0 AR RE AR LR B 40 WIS AR A4 Jil— 4™ Tomek Link X, 7£ Tomek Link
X EA, B4 — MEARMEEREAR, ZEAPANFEARIBIES S, DA 3 a4 i AR A
1) Tomek Link XF, FEMIERAT R IOREA, B 2IRENFEEHEE. K, SMOTE it DECEFEAN &

BRIRFEUT -
(1) XT BRI EAR x, DA RER B bR e B D BB th T A FEA B ES , 453)
H k4B,

(2) ARIEFEAAS i AT 5L B — S RAE L] DL KA R N, X TR — D BEEAR x, W kil
B BENLEEES TR, B EERIE LN X,.

(3) X TR ABEHLE TR X, 700 5 JEREA x 48 Q) 77 A R R4 .

Xoew = X+ rand (0,1)x (x, —x) ()

SMOTE-Tomek A & R FIAMLALET: 78 H 18 T 421d SMOTE I KA J Hi Kt 4R v g th LG
FEAFITA FEREA R ) R, 383 T4 Tomek Link X 77 2U4K 22 b FIUBT H B 4 T8 BR B30 4 A7 A2 A e 1
AL, A3 5w PR R AR, IR RS, IR B S A 2RI 1 H
2.2. ZEMREKS VIKOR Hi%

% 1 | ¥k 5% (Multiple Criteria Group Decision Making, MCDM) 248 —#F ¥ S8, 1455 W% 453
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HEREATIPA, A SRR s, BAT, ZHENSE 7 E EEH Tt e, G
K IR A

W FH B 2 Nk 57 ¥4 TOPSIS AT VIKOR J7v2:, TOPSIS i #4i £ J 4 il 5t fry 2 AR gt A0 6 AR
fift, LA S8 5E AT PR AR MR AN B 4 BR AR AR A B HEAE N T AR BOHEN, RO B R T %6 . VIKOR 5K
iR — M BT 7, s R A RO AN AN A B A G BR SR T RAT IR . 5
TOPSIS #HEL, VIKOR J7iEBEA A # 1) IE O AEEAME S, IC A& Z W MR AR 25 (4 2, G
PR RATAE R 2 1 AN B B AN [) 1) 22 AE U e Sl f . AR SR VIKOR 5 iEAE AR J7 5

VIKOR J7 VM 5E I - Fa bn AR LR RSB RE X e R™", Hirp m RoR#3% 7 RIBUE, n ForuE
oo, B5—30, ARHR LRI 10 ok S At s % vHE DU FF) IE B AELAE v RS BRAE AR v

rj*:{max(xij)|i:1,2,---,m;j:1,2,---,n} 2
r]’:{min(xij)|i:1,2,---,m;j:1,2,---,n} (3)
B0, THER T 53 3 15 FRAR AR AN A7 R AR AR ) BE B LU A -

r - X% rj+ - %
R = max W | ——— 4)
r -r -,
Horb, w2258 ) MEFRIIRCE .

H=L, WHRBEANITEENME ERE Q, LMEXT &1 Tr RFATHEFP -

S"=max$S;,S” =min§S, (5)

R*=maxR,R™ =minR, (6)
S-S R -R”

=V — +(1-v)—= 7

Ql S+_Sf ( )R+_Rf ()

v R HEN R E A SRAL R E v EARDL T A B R R sl FEE I R T . v > 0.5 I, RORIRYE
REBNHEI, JET RS v=05 I, FEHUKS BRI S EOF B, & T XSk
V<05, MRAEDBAFRRTEL, & T RERER. —itv=05.

FVUE, R QiEX B ST HET . QUEEVN, F | AMBEF R BT

3. ETZENRRON FEHBIBERIFHEEET %

LI RATE 7R IR EAR, JEIL S & 28— R LR B R 00 i A5 2 e 2R AR T
o BFWTTERY, RASERITEADT U o5 B E K, 7T DL R R L 3 50 (0 B e 1k DA
Lo oy FHERE o ARAE P (R Bk 3405 2 75 9 /) — b SR MR B F R AL 1 35 75 5 20 D R B R A 146 35 7
I R SR SRR B 5050 [RIAA B RS MR F VA M I Bt B 2 RE A, B iy 233t kel 0o K A, 5
B BE #CR I R — AR LR F VAT R IR, fJa, KRR BRI £ 5 R AR IE & 5 B
ML G o SRR IEAI ] T RHAEE S IER 2R, SR T AN R AR AR 3377 120 A ) ) B 2t
AT AEEE o SRR AL £ 7 VA I B WA 45 B 0 70 AL R 45 SRR IR i IR T B it R0y
A G AAE T RN B IE AR P o BRBCRAE 12 S S0 R D5 VR T BRRAIE T SR A S SR BT 4R, Rt —
MBI R TEL R, A E L E R — R RAIRHE, (HM RS LT R L
TR A F R IR BT R 2 BB F RS, B eRe b HE A R f Bl S ) i i v SRRy
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LR A B s S (A AR B R 2 HEA

AL FEIE T ZHEN SRS THERE I, KSR SR L FF I RE A — A MU PR S ), R
VIKOR JiiEXH R AL EATHEF? B Bl £ P KRR AL A N &0 07 6 KR LIS IR EubndE, 21 1 s
T RARGRE . (8 SMOTE-Tomek 2 & RAF ST Ml , X117 i $cdfa B2 F 2 Fhid pE sURF AR R 3%
JNEBAT R LR 3, MR DML RE 7 245 SIRHMIEBCE M 2 RS, SR VIKOR J5 45 21| 8 24 1) s
B ZNEAEY, SRJE R SR R RS e, A XGBoost S KIHER R AE A PG RHE T 4R I0 25
AR, hE RA I B AIRAE T4

/ FresEs [/
v
SMOTE-ENN#H &%kt T4 548
v
MRS A R LIRS B AR AE AN A B RS AR R
v
TR SRS AT AL
v
Fo WA RER F VIKOR 5 1=
v
oA RS 2 BRI AR [ AR
v
WRVIKORE B (Q) MEHERATFFEHA
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'
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Figure 1. Flow chart of feature selection method in this paper
1. AMHHEREFE R ERIEE

XA B 52K SMOTE-Tomek 4H & RAE 7 VAP AL AL BE, X A B 5 1 854 45 R F AN [RI R AE
R EIETH EARHERCE, ARYERHER E AR SRR, RO [RRHAIE 126 8 500215 B R IR R BN AN [+,
FIT AR FA AR Z2 3255 e SRR R AT IH — AL B, A TR B INA IEMSE R, NBANRRE G 5 502 00 5 2
Mgt ARH R FRIRCE, R ERAERE R A VIKOR J572:, #R#E VIKOR % 5| QYW HFHIEREAT FFHEF, Q {Hill/),
R E TR, ARG 51 N UEAE, SR XGBoost 143 2k B AF PP 51 i 1) 48 2% SRS (VAR B 5, WA
FHEE G AT, WRHEHET 56 T 45 B 215 7 s BV RHIE IO AR 56 & 115 XGBoost 14328
RERE, # T R HEA 58 — BRFIE TN IR RHIE AR A I 715 XGBoost 148 MR, BN T HIRFESE &
TR AR, B H BN CORRAAESE & b IF o B 20 20RG FE B R0 AR AR 2 8], 3l R R 2 AR AE B
B0 LI o3 N BE AT LU AL, 49 B B X IR B LR AE T4
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I — AR R R A ST R EE NP R . B, A —A 7 MREREIESE, SR 4 MRIEIERREE,
BRI B RIEA 2R 8 — M ER E &, T IS SR R R
[0.9377 0.2664 1.7410 212.5192]
0.4702 0.1088 1.7753 25.9614
0.2262 0.0356 1.7066 4.1388
R=|0.7552 0.1396 1.7897 36.2948 (8)
0.6832 0.0681 1.7897 19.4997
0.6652 0.1301 1.7897 28.4255
10.8359 0.2535 1.7897 219.3343 |

Horb, ATHOVRHEAN G PIBOVEE IR LR S ENE RN B SRR — MR IR F AR B R AL
A, FHERCEBOR, R
N T BRANFI R R A AT A B, SRR ZE I SR AR BEREAT YA, RVEAG AR T -

0 0 05869 0.0316]
0.6569 0.6826 0.1738 0.8986
1 1 1 1

E=|0.2564 05492 0  0.8506 9)

0.3576 0.8593 0  0.9286

03829 05902 0  0.8871

101431 09558 0 0 |

WAER(Q2). Q)1F BN IERLAAF v A IRARRE 1]

r =[1111],r; =[0,0,0,0] (10)

MCDM bR 75 ZARMERIALE, By AN DA RN RHIE R 8 7 i B A IALE (1), n J9RAIRHIEIE
B H, X B w=[0.25,0.25,0.25,0.25] .
R ()T T IR a4 S AT AR A R;:
S; =[0.1546,0.60291,1.0,0.4140,0.5364,0.4651,0.0497 | (11)

R =[0.1467,0.2246,0.25,0.2126,0.2321,0.2218,0.03577] (12)
NT R 22 BOR AR 28 A/ B o B L v B 0.5, HRIE () TSN T B A R 25 LR Qs
DA XS 4% 1% 77 AT HE T«
Q =[0.3141,0.73191.0,0.6045,0.7144,0.65268,0.0] (13)
Hor i RRESL
e, WRIERFEAE Qi f BT F TR T, B, > f> f, > f > f, > f,> f,.
4. LIWHERE S
AR FH ReliefF [16] [17]. MIC [18]. mRMR [19]. fisher-score [18]3X PYffridk 31 2441 1% 458 S04 222
J5F VIKOR [ISERURFAEE PR, I8 3k 41 A RAE A SRR M B 505, A 0o P PR A RS ST 18 S5 ol A7
T e PE AN A 1), 19 B0 7 2R 80R . N T IRIEFTIR IR IR RS, A SO SRS HoAth
R LU
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4.1 RS

AT 2K I S NASA Metrics Data Program (MDP) %4 i v () 5045 2, MDP 548 e 2 v 25 [ 5 52
R R RS I T AT S P P, BB A G Bk 1 s, AP B2 5
Kl DL EEANHR 3

Table 1. Basic information of the data set

F 1 BESNELRER

BAGIEES R U ES IS EZ ENE S AP
CcM1 38 42 302 7.19
MW1 38 27 236 8.74
PC1 38 61 674 11.05
KC3 40 36 164 456
M1 22 1759 7832 4.45

4.2. VEIEER

HF A PESIRER ST HENE, EMRX R EE L. flin, FEARECN 100 MEHEES, F
99 MNP F= R A L AR S, I AT B O A ) P B, 3R A Q9% IHER R, AR IRAT TS IE RO
P S H g 208 T o BTLL, ASCRA AUC. F-measure F1 G-mean 1 RN 3B R, A SCE X/DEEKNIE
K, ZHINTE, FHREEERRSIBER, Wk 2 fir.

Table 2. Confusion matrix
=2 REEE

T A 1 2 T £ 2
SERR Y IEZE TP (True Positive) FN (False Negative)
SEBR A FP (False Positive) TN (True Negative)

Ki5 i 2 (Precision), 245 Jr A BN IEEREA T, IEBRTNDYIERFIREART SRR . T2 30

A4 AR
Precision =—1 (14)
TP+FP
Al F(Recall), EFEFTH LI N IERIEEA TR, IEFTI N EROEEAR SR, A R
(15) 7
Recall =" (15)
TP+FN
¥ 57 (Specificity) /& 5 BT O ZRBEA R, R IER TN S IREA BT S EE R . 5 A 0 an=((16)
FiR:
e . TN
Specificity = TP (16)

F-18 (F-measure) & A i 28 A1 44 [ ZE R AN 28 . RO KGR A ml R 2 S BE SR &R, B DR o
MRFR RPN . T AR A7) P
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F-measure — 2% Pl’e-C-ISIOH x Recall (17)
Precision + Recall

F-mean 52 A [0l R 545 7 ISR G 1ax, 7T HERIPAN AL BEA-F 800 A R (R IS 00, TR A 208
G-mean = \/ recall * specificity (18)

AUC (Area Under the Curve)fg () & ROC HiZk T J51iifi. ROC HiZk(receiver operating characteristic

curve), HCONZIRFE TAEREMZ . ELUMRIESR P kiaehs, IES —TT A bRea i
TN +FP TP +FN
%

XtF— AR, HTgh B N ROC #i 2k B —AN . It AR R, w53 —4c4854(0, 0)FI(Y,
DR HZk, ek N7 RmARELA AUC HIfE. AUC RIBUMETEREIN 0~1, 24 AUC 5 0.5 i, EREENLIEIH

—FE, AT E S N 0.5 MIZRRIEAWEENU NI A45 R . AUC fEROR, BB IZAE AL A 1 RE T
DIk, AR AR R I AL A, RO I PR REBRGT .

4.3. SMOTE-Tomek EEBUBT L ETH

T WA A RRE VI R, HRABIRES SMOTE. ADASYN. SMOTE-Tomek #H474b3E, 43
A FH BEATL AR AR 2 2R T J (R B AR B AT I R RS2 86 . HARSEIG 45 Ban T .

Table 3. Experimental results of different sampling algorithms

F# 3. TRIRHEEIRER
VRAE L2 P& CcMm1 MW1 PC1 KC3 M1 Average
JE UA B 0.5304 0.5665 0.6410 0.6735 0.6260 0.60748
SMOTE 0.7643 0.6729 0.8123 0.7903 0.6839 0.74474
AdC ADASYN 0.7117 0.6604 0.825 0.7814 0.6754 0.73078
SMOTE-Tomek 0.7951 0.6812 0.8320 0.8258 0.7085 0.76852
JRaGHE 0.1600 0.1653 0.2537 0.3670 0.2383 0.23686
L measure SMOTE 0.2273 0.4000 0.2800 0.4400 0.3497 0.34222
ADASYN 0.1403 0.3362 0.3300 0.3670 0.3497 0.30464
SMOTE-Tomek 0.2532 0.4000 0.3496 0.4541 0.3649 0.36154
JE A A 0.5000 0.5448 0.6102 0.6618 0.6105 0.58546
SMOTE 0.7586 0.6731 0.7821 0.7731 0.6679 0.73096
Gomean ADASYN 0.6317 0.6000 0.8126 0.8119 0.6735 0.70594
SMOTE-Tomek 0.7948 0.6731 0.8279 0.8218 0.7082 0.76516

7 3 iTLLE H, 24 SMOTE-Tomek 2 & RAE A0 B 5 4R, 72 =N PEFads EIvr o 24
TR HEREE T IR FE R (0F 5y . X LR AR R 465, 2000 SMOTE-Tomek 20 4R 7 ik Ak
HE M 4dE, AUC {HIRE T 16%, Fl-measure {5 | 13%, G-mean #2/ | 18%. 77 il 7 XA
W B R AT PO A B B I . I HLX B HARSRAE J77%, SMOTE-Tomek  2H & KA J5 1A % 77 TH I 2 I
T R UF I o

4.4, SERHEIERES FHER
4.3 TIE T SMOTE-Tomek @& RAE 7V RIA 2t , Bt — DI uE A SC A FR 48 iU AR 1 3 V5
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IR T . E R AR PR, KA 038 T 2 HE I Y 38 R 48 A 1R I B LV
52 #f ReliefF. MIC. mRMR. fisher-score 57ykiEAT 5 b S0 A8 F BE L AR AR 2 ST i R Al
PRACFE 5 B SE BTG . FARSZEG 45 B .

Table 4. Compares the results with the basic feature selection method
= 4. SERHERFE R EXEER

ERAEGEL AT CM1 MW1 PC1 KC3 M1 Average
ReliefF 0.7920 0.7541 0.7820 0.8448 0.7471 0.7840

MIC 0.8155 0.7017 0.7972 0.7502 0.7236 0.7576

AUC mRMR 0.8127 0.6770 0.8216 0.7359 0.7063 0.7507
fisher-score 0.8243 0.7367 0.8083 0.8312 0.7489 0.7899

A CE 0.8573 0.8417 0.8714 0.8835 0.7517 0.8411

ReliefF 0.3153 0.4000 0.3538 0.5718 0.4197 0.4121

MIC 0.3865 0.3448 0.4060 0.4623 0.4215 0.4042

F1-measure mRMR 0.3285 0.2625 0.4175 0.3734 0.4215 0.3607
fisher-score 0.3670 0.4400 0.4444 0.4623 0.4559 0.4339

N AP 0.4400 0.4823 0.4931 0.4966 0.4695 0.4763

ReliefF 0.7731 0.6731 0.7844 0.8216 0.6381 0.7381

MIC 0.8099 0.7266 0.7748 0.7451 0.6429 0.7399

G-mean mRMR 0.8449 0.6640 0.8162 0.7203 0.6304 0.7352
fisher-score 0.8106 0.7412 0.7909 0.8255 0.6592 0.7655

NSRS 0.8597 0.8332 0.8691 0.8713 0.6997 0.8266

HI4¢ 4 7T DU Y ASCREAE TN B SR 10 =NV Fiabn vh PR #8  foe e (1, e 4E AUC AT G-mean
febs LA E AL T 0.8, UEHIAURHIE LR 7 49 B VRHIE TAR B A L B —RAAEIE 307 I S 4 O 1k
RE, MARUR T SR FE T IR AE 0 2% 2 e I 10 )5 BR A

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

F-measure

Relieff WMIC =mRMR ®fisher-score = AIE L

Figure 2. Compares with the basic feature selection method

2. SERFHERE 77 7EXTEE
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MIE 2 MIEE B E 1, A B2 T ReliefF 774, MIC J7%. mRMR 7730 fisher-score 77
%5, JRIETE T ARG AR TRHEEFE VAR S . fEIYRh R —4 R B 5 AT, mRMR AL
T E, 7€ G-mean ¥{H I, ReliefF J5i%E. MIC J77%. mRMR J7i2:40 fisher-score J75 145 AL .

45, SEREFERFES KR

VARSI ES B RTBOE AR SR E G B S AT B, 6 E-max [20]+ E-mean [20]. HFS. si64h
Fw# 5 Fim.

Table 5. Compares the results with the integrated feature selection method
#* 5. SERIHEEES AR LLER

A AR Sk CM1 MW1 PC1 M1 KC3 Average
E-max 0.8094 0.8217 0.8319 0.7345 0.8376 0.8070

E-mean 0.8155 0.8229 0.8432 0.7388 0.8407 0.8122

AlC HFS 0.8377 0.7637 0.8014 0.6956 0.8167 0.7830
AR CEE 0.8573 0.8417 0.8714 0.7517 0.8835 0.8411

E-max 0.3333 0.4375 0.3333 0.3897 0.4709 0.3929

L measure Es-mean 0.3857 0.4145 0.3902 0.4134 0.4718 0.4151
HFS 0.4965 0.5739 0.4216 0.3121 0.418 0.4444

AE: 0.4400 0.4823 0.4931 0.4695 0.4966 0.4763

E-max 0.7903 0.8124 0.8229 0.6515 0.8349 0.7824

Es-mean 0.7998 0.8195 0.8372 0.6657 0.8391 0.7923

G-mean HFS 0.8264 0.7469 0.7933 0.6229 0.8126 0.7604
RILE 0.8597 0.8332 0.8691 0.6997 0.8713 0.8266
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Figure 3. Compares with the integrated feature selection method
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