55 40 435 10 ] mofF ¥ W Vol.40 No.10
2019 410 H Journal on Communications October 2019

E T XGBoost BY4FIEIRIFE X

Z’j& & LL] 1,2,3, j—]] JE«}/‘% 2,3
L EMRORAETH RN SR, Hbk KA 1300125 2. FAMCORSEIAEBE, Ak K& 130012;
3. WA SIS N TR I E AR E, HAR KF 130012)

W OE: R R B LR A T SR D IR e X ) B SR A MR IR PR R E AN R A W 43
FARP IR, [FIE R AT R basl D TU AN E . DRIk, DA T AR 2 A T A M A TR AR B, BT
— P B ) S URRAE ME R S0 XGBSFS. % HIA M SR bR FEHETT (XGBoost) ks #4 A 1) AR 7, 3@
TEAN 3 AN B (0 A PSR AT AR I e, e e — AR R R R PR s SRS B I SO 1 AR B i 1)
R ING (ISFFS) HRIHET4E, MREMBINRRIE ARG RS IR . 75 8 A~ UCT BB N st i rh ki,
JTHE S AT IR AP IRk B

KRB RROELEE; MOmER B IRTE: PR R R

PESES: TPIS

SCERFRIRAD: A

doi: 10.11959/j.issn.1000—436x.2019154

Feature selection algorithm based on XGBoost

LI Zhanshan'*?, LIU Zhaogeng™”

1. College of Computer Science and Technology, Jilin University, Changchun 130012, China
2. College of Software, Jilin University, Changchun 130012, China
3. Key Laboratory of Symbolic Computation and Knowledge Engineering, Ministry of Education, Jilin University, Changchun 130012, China

Abstract: Feature selection in classification has always been an important but difficult problem. This kind of problem
requires that feature selection algorithms can not only help classifiers to improve the classification accuracy, but also re-
duce the redundant features as much as possible. Therefore, in order to solve feature selection in the classification prob-
lems better, a new wrapped feature selection algorithm XGBSFS was proposed. The thought process of building trees in
XGBoost was used for reference, and the importance of features from three importance metrics was measured to avoid
the limitation of single importance metric. Then the improved sequential floating forward selection (ISFFS) was applied
to search the feature subset so that it had high quality. Compared with the experimental results of eight datasets in UCI,
the proposed algorithm has good performance.

Key words: feature selection, XGBoost, sequential floating forward selection

1 a= L K AT S i 1 i R, R ML RS2 ST REK
= PRAZ b OGP AL BE AP IR . 0F T RRAE I R 1
FPfE % £ (feature selection) L FK & 1 1% #¢ b, W AMEE DT TR W RRIE
(attribute selection), & M JRARRFIE 1 IEFE— L84 4% EPEITVERECE 3 95 g (filter) . Hr A

Wi HEA: 2019-01-04; 1EEIHER: 2019-04-04

BIEEE: XJEPE, lzgalex777@foxmail.com

EEUH: HXARPAEERUIIH (No.61672261); k4 HARRHAEE T IIIH (No.2018010143JC); k4 A2
PAVEAB T T R L i B H - (No.2019C053-9)

Foundation Items: The National Natural Science Foundation of China (N0.61672261), The Natural Science Foundation of Jilin Prov-
ince (N0.2018010143JC), Industrial Technology Research and Development Special Project of Jilin Province Development and Reform
Commission (No.2019C053-9)

2019154-1



©102 ¢ ST =S

40 %

(embedding) MU, (wrapper) P, i 75
TEVNZRA ) B 2 Mo B SR AT 0k, REAE e %
RS EEAE AR AR TSR R+
R A ) SR B Rl — Ak, RS 2] BRIk
R A S AT R AR e D), R e
Vg I 2 TG FH IR 27 20 3 1Rk e AR A R ik - AR (1
Prbrit, T8 H PR B SRR AR 1 o R HERA PR
T,

PR B AR IE 1 S R R IR B B e v e O
BHAPRIER o ST AR ISR TN, Rk
ERFETEN AT LAy g5 a8k, R RAE. TR R
FARI . BT AN 7% . Almuallim
BT 95 26 ) FOCUS 5930 A 3 M &
AT S, AR AN D R IE AR
IR 7 B 2128 . {HUE FOCUS [ i) 52 2%
et 02", s AR T RN, VPN T AR AE
THEII T8 LR AT 32 100, (R, fEse
BrAT 45 W AR Al FH 55 280 o RRIEIERE R i e X 51
FEAFEE, 3 RAE B REM R E
P RETS, M T 958k S, B R IEE
I, AR SERR i AR e, AT AR
RATHEFRRBIOEL T ES, DA I H AR
MURFEFAR M BT E, AF— DI, 40119
BT AL . TR R ER I LB RN A
[F) ()5 S A R PR AR, L HAT AR 1A 5
TEAHAGE (JMI, joint mutual information) [FJ4F
UE £ 7 VAL T B AS B KMt (MIM, mutual
information maximization) [FRFAEZE R J7 k. T
Tt B TR R IR N R T 1 — 2807, M
LT AR T, KR ERAERN AR R
T3, BT P52 W L T AR MR AL 1 R A e
7 9V OVRI I F i 38 A 1) 2 ok ey iR B B Ay
R IR B8 o i THis A v B 1R O vk B PR R I
AL T 558 A BB KN
AWl Re B LB i g5 2, R T ¥ S
AN . AR SCHET XGBoost $E H T Fop Y
(1 40, 25 AR AF XE #8577 XGBSFS (XGBoost se-

quential floating selection ). XGBoost 4 Chen %'

FERT NI T B BE S THIA I KR 9 AR S af
R — AR TRIPM LS A RS, Eus
SN IEAIREW IS, B AR R AE 2 2T
N=1 BRBS IR 5 22, K R R T (800 B A i
AN A9 2 A AS 5 28 1y T A 1o RS ) 3 L 1

BhEE$ TH S (GBDT, gradient boosting deci-
sion tree) 7EALAL I H —Fr S0/ B, XGBoost
XA s AT T B R R, R B T
B S HCR B S 3L, 1 XGBoost B AT R 45 R .
e B ) R R

1) XGBoost H A7 R & 1 By 45 R

2) XGBoost A7 5= I TR .

3) XGBoost #1150 id F2 HA— e (18 & 1 .

H TSR 2 L2 27 ) e 38, AR BA
IR Z 48T XGBoost R4E, filf vk T 18 Wik 2% N 4555
Ky TTETEMHES « URAT A I A SR ), 3K
KRG GG 2. T LB, A3CLL
XGBoost NIEA T H, sgn F TAE.

1) 2T XGBoost & T H T SKARKFAE L £ 0]
PN & W 1N

2) $R 7T 2 PhE VL IR Y ST
In] L FE S ISFFS.

3) $E T AN H A A 2 R IR B SV
XGBSFS.

4) @55 IR P00 XGBSFS A B T
I HT 5 5L

2  XGBoost it

XGBoost 2T (gradient boosting) A
(s RGN, A2 ) 2R W] LU 2t
IrRA, WP DURM o AR SO AR AR (1 R
R AR N R IE B AR IR A TR IR IR
2.1 PRE

X T4 58 I AR B, A A TR AL R R e
B J2 D00 Mk B AN REAE 23 B AR A
R ATAE 3 H 2 AR B A A K, XA
FRAERE 7> FI BB 22, X RFAE 25 FEAR AR 7 > R RL
FBOK, IR B B AR, R AR
Gan NN S b N iy NP A S X (T G s N i 1 P
R, RS SAUE W AR IR wignh), g
AT i 73530

&= %xﬁn)l(y,-a)h’(t*”) (1
h=0" 1y, y"") ()

Hodr, IZRRZE 1(y,,y,) F HERE y, MIIAE p,
AR ZER .y T AL S AR B, iR T
AWM RIBUE, % IBREANRFAEAE R 2351 s i) 3
% Gain, i

2019154-2



%10 )

4%, BT XGBoost IR AL FE5E <103+

Gain:Zw+ZW— Z w 3)

K@U T X PR s 5, H T
FoR R o EN 5 (R RBUE O 7745 R 22 T4 (R U
AT BB Z AN I8 254 EIRT (5
AU
22 PHREIRES

PSRRI Ky —FhAE S B B 2 S
W TSR, AR T B AT
S E, ltaT AR b AR A e Lk B e SR
FUU, 1 XGBoost 75 P Sfebt (L AE 1R T 4 ik
S, )RR B TH SRV AN W oa/IN J T 2B 11 e 5
WIS, FEr= AR A iz, IR T e ok
R 5EE . XGBoost 7EAF— I IEAR I I A 2 3 i
R, MR K AR LA R

ﬂ”:Z;ﬁuﬂ:fﬁ”+jx%Lf;eF 4)

Hrr, F R BRIk Eee m], fla) Ronss i
AFEAALEEE k ARBR THR 0SEB BT e 177 RURANGE
23 BEEMESERF

S BRSPS s AL A T e A
AL LR () — P 2 720 XGBoost HRAEHRFIE
EIREL FScores FFAET-IIE 25 {H AverageGain
NURFAET- ¥ 55 % AverageCover RAE N oA vk
ST, DT HER 58 )8 7 RAT 55 o

X Bk 3 AP E M AR, AT

FScore = |X| 5)
. > Gain,
AverageGain = (6)
FScore
Z Cover,
AverageCover = N
FScore

Forb, X ORPRRFE S BT 35 fU4E A Gain
& X ARSI R G) R B AE S I Y
FEERAE; Cover 5 X AFEAEREAN T UIIAEARN L

3 XGBSFS B

3.1 EiEEk

Wk L B, ACERH T MR T
XGBoost [148 2 sURFAiE L % 775 XGBSFS, ]
XGBoost HIEM R FL A2, 435 i FScore.
AverageGain I AverageCover VI 57 HFAIE 5B M J&
i, AR5 B R S 1R e B S ) O B SR

(ISFFS, improved sequential floating forward se-
lection) BEATIHZR, 5 i 0 70 S UE N < g v 1)
fIE T ARAE N RRAE Ve $ 45 2R - XGBSFS I THFAE L
FERF T .

1) R TR IAE ) Ab 2R

HMH XGBoost JUEF IR, {7 XGBSFS fig
g e S P ) LR AT AR B . XGBSFS 46
R IA e 3 AR B, A i R A s o 3 A1
PRI 54 0 il oE AR S, R B R BN I T
BEs WER IR B Edimsi ok, RN L T %k
P, TRAH R IR KB4 TR
WA KB AIG T AR S 2R T e SR A TR BB FE

2) W T REREAE ) A

TEMR AR e, A B RRRAE,  BIRAAE TS 5
I3 FScore=0 IFHRFIEA S T3 BIUEAT 1Y A,
BEREAIA SR Z BRI, Bk XGBSFS
FEAS BIRFAE ) B B S e D S DE R SRR AE

3) TR (1 A Ak B

MG E SR MBI &, X AR E
EREATHEFF . IR B B R W R B M, K
XGBSFS X AN R] R F 221 B B X AT 48 2R, LA
AT U IIROR o
32 MEMERHEEE4ES

AP XGBSFS fEM @ (i e, [H] i
XN R ATV, B ED RR .

1) KR /TR, R — 5 s #3 Jy JT A7 1)
FFAL
2) WTHHE a; € A, SCIRIEFEAMIEATHE T
(alV, o, @™y, SR @ e R R (5 ) A
(@, gain)).

3) I BT IR AE 7 81 0 b 2 UK 25 fe
w1 IR AEREAT 23 %) max Gain(a(™,---,al) , FFHIHT
FEAS SR Y 5 (R 50 AR o

4) —HFI BB, JF SR AR
52 .

5) KERUR T WA, 50 s AR )
[af=

6) R 0(5)~2(7) T B T

7t XGBoost MIAHIAH T, V224238 DA gk
T AR (5 R L i B R U2 A
dedeaiz b, ZE Pprie i ISFFS 2 5ng, 1%
XGBoost {4 AIE 5 ] I SR Ag h EAT T S8 19T
JEN o

2019154-3



. 104~ Wt % W

40 %

3.3 ISFFS # &K

A TR AR AR T S AT, AT DA
FIFAR L T4 . LML RN 3 Fh: mr
{828 (forward search). Jii [1]## 2 (backward search)
XL A3 2% (bidirectional search) . 32T I AH s
U SFEm Rk i g 4 2 R eI i S 1
TERSE Rt e, kg —RRRnmn—"
FRIE, PR AR G R LT E—%8, 2
T, R AR R Bk e AL, W
IR %R, Ik bk AR S A R IE £ 1)
g U8R, SRR IR B TT R, i
IR I AN TERFE,  AGOXRE 1 T DAL (1) SR
Fr oA Ja AR, R A A TR S R
RRNE, RFFCARYE VAN B2 AT Mk ) S s fiE A
TERFFAIE: LESG IAH SRR AR IR R I s — AN
FHFAE,  FUBOIA AR AT 5 S R FE A 24
T NN T b 5 1 287 N i85 7 R
AN SCIR I WA A R S T, PR T Rkt
(K 7 537 sh A 17 8 R J732: ISFFS. — [ (KP4 iF 5
1) 98 2R 7592 A — o o S A R bR A R A
LS, 1 ISFFS [AIAEH T 2 FhAS[R] () 8 220
Wi R BT R, AN G i B — T L S T
LW, fE— @ FEE LD T SR R . 1SR
FEAE 24P, BAAWR.

FE1 FHIRTARIN. B AN A
HARRHIEEE &, BRI RUG MBI T3, AKf &
TVERE & i) WK BN R — AN e RIS n 2
HirgeA, MEXAMEEMAZG, BinEEM
IR PERE

W2 RGN, A E RS AR
TMERE R i WDBIRIERIFHIER— AR, {2
BRZFHIEZ G, HIsEER KM, —H
i BUAAEAE BEATHERA M3 S R, IR IPDDER 1.

ST IRERIG, B2 2RI A H
WNE TR NS R Y S 1 S (B LR (T8vin
PREi R
3.4 XGBSFS {4{t#3

SEAHTSCRIR, ARSCE T XGBSFS Hik, I
PR WL 1 TR

B3x1 XGBSFS

BN URRHIESE S 4

Wi HARIEES O

O «— J; depth < 0

HIUR A B B
TR Y A
while depth < B [F 5 KRS do
for each a€ A4 do
AR BN o I AR B
ST R
end for
depth «<— depth + 1
end while
AR 2 (4) K T A I AR ASE TR v
for each tree do
for each Z3%I797 & do
TR B RO AR 2 gain
WAL FEA AL cover
SRR NMRHIE R R
FScore « FScore + 1, Gain « Gain +
gain, Cover < Cover + cover
end for
end for

for each a € A4 do

. Gain
AverageGain «—

FScore
Cover

AverageCover «—
FScore

end for
AR B S R R AR REAT I
ML 2 AMBEIERFIE ¥4 1 A0 L, b 1 AR e
HEMEEE ) ANRBVNRIISES, L2 RiE
PERE & i WNBLRHEB AR
MEES I FIRIURFE xp (EEFRSES O TIA
xp Jii s HERTE VPO BRI J 32
while x, /77E do
O «— OUy,
M L PIRBURHE x,,0 A O BB X, )5, oS
while x,, f£7F do
O—0-x,
FEM LR x,
end while
FE M I PIRBURFE x,,
end while
return O
3.5 ERESH
F e D AR CRIREE, K RN, 4
ToER RAE B AR, JREAR N N, FHEEE ) M,

2019154-4



%10 )

FHLEMREM LG B, 2 m=MB, WIXTK;
P AE 5k Cexact greedy) 2R (194 R AE TR FE
HHFE A2 O(MnlogN)s T 5 177 5 43 24 #8
LA A R TR 2 R, AN TT B FEA S R I
[REATHE R o R T AUA g IR R, B2
[ 53 8 SRS T S FE R O(MIN), 8 ST. KRR T
I ) 52 2% ) O(MNKD) . T3 % 5 B PR AE
TERMATHEY, KA PO HE P 5L 1) 34 I ) &2
FEH O(mlogm). {E447 g SFES 1, JF 51T s
I Rk D, BT S=m, WA i R A
BAREEN O(m): F3l i ) i Bk BN e g 3105k
T O1<m, HIHER L FE N A 2 A% 4 O(m); ISFFS
BRI RS Z4 BE g O(m?®) X HE 43 S5 48 (¥ I ) 53 2%
o MEL 545 KNN (k-nearest neighbor) I,
FEVRIT KNN 7328883 R 455 KD tree 5,2 ball tree
YA JE i), FE 2RI 7R O(mNlogN). JiT
DL ISFFS I B2 1) I [A) &2 2% 5 ] 3 8L 36 7R b
O(m’NlogN). il XGBSFS .3 it I I 5] 52 2% 1 7] 3
()

O(MN log N + mlogm + MNKD + m’Nlog N)  (8)

4 LGSR

41 RHESTE

AL UCT HL#s 22 > 48 2 (UCT machine
learning repository "% £ T 8 N HHEAEHEA TR,
X O HG A R IR R 28 FEACEOR 2 R B 6 1 o

=1 UCI HI8iE S
BIGIES FAAEHUA FEAKA VeSS
Wine 13 178 3
Vehicle 18 846 4
Segmentation 19 2310 7
Tonosphere 34 351 2
Sonar 60 208 2
LSVT 310 126 2
CNAE-9 856 1 080 9
Arcene 10 000 200 2

T Bk ISFFS SEmg (A7 2eve, 23 a4
FScore. AverageGain 1 AverageCover i T J¥51iF
AT EER, XFE SFFS SRS VRN v Bk 2 fir
IRo M AT A FE Ve R, i HE A
HATRERME R R B A AT B, 6 EEEEE )
RS R 3 Fror.

ZE 1%, 35T XGBoost IEFIEGEIR 1% <105«

&2 Xttt SFFS SRR% B 14015t AR

SEFS 5l R 7B A

SFFS1 XA FScore REAT B Bl 11148 %R

SFFS2 XA AverageGain HEAT P41 i ) 4 R

SFFS3 {UE ] AverageCover AT 75V ) 1T R R

ISFFS O FH A SCHR S 1 5t 6 503 Bl i ) 4 R
=3 L ECERIEEER

AT S ik REF

Rc-BBFA! TR AR A U IR 3 2 172017

FSFOA’ ST AR A S 1 HE 12016
mP ST B R EE 2012
MIM* B BRI 2222012

7: 1. Re-BBFA (return-cost-based binary feature selection method based
on firefly algorithm).
2. FSFOA (feature selection using forest optimization algorithm).
3. JMI (joint mutual information).
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