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Abstract

In the field of machine learning, the problem of redundant and irrelevant features is usually faced
when dealing with high-dimensional feature data, so feature selection becomes an important chal-
lenge. For high-dimensional data, Relief algorithm, as a commonly used feature selection algorithm,
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has high computational efficiency and good stability, and is heavily used in practical scenarios, but
the feature selection results of Relief algorithm have randomness, different initial sampling will
have different results, and it may lead to inaccurate results for data sets with strong dependencies
between features, such as covariance. In this paper, we propose a feature selection method, called
X-ACO method, which combines XGBoost and ant colony optimization. The method uses the fea-
ture importance of the XGBoost algorithm as heuristic information for the ant colony path search
process of the algorithm in this paper. Meanwhile, the Pearson correlation coefficient between
features is used to adjust the pheromone concentration in order to better control the relevance of
features. Experiments demonstrate that the X-ACO method can reduce the number of features,
reduce feature redundancy, and improve the algorithm performance while ensuring classification
accuracy.
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1. 518

FENL &S I AL BESEPR A R rp, AEAEAAAER KEIUR . TERMALERRE[L], X ERHIES 5 KR
FfEfg sl T EBHEAIN A, RIS & S BURE A S M AR ) R RE. R, RRIERIE[2] [3]
CZ RN T HLE A S U BT FE R A — o i S R E IR B, T DO DR ELERE BRI
A RRREEANZALRE T, AN SE 4 M A e SE B il . ACSCHR M T — PR IE G £ VE (X-ACO T7i5),
XGBoost AUHERLILSE G 42—, M4 XGBoost [ P4 B AL ZAEVE 2 BEATRAEHE A [4], TR A IS AE
[AJF] Pearson #H % F HR R RFAE IA] RO R 25, AR AFAEAR SS 1k R EOM 195 BRI, ] B R IE H Z A
ASCWHE TR R KRR SCURR Y], XA i m] A DR IE B R AE 2 TR AN 27 A2 5 2 AR 2 156
BE, JR/DRFIETUAR, S8l 2 ARSI dE, R m] DL/ B A R R R

2. ARER

FESKBR LI, AR £ A2 s TAL B R rh AR 2, ) DA Bh B BRUAR AN RAHIE,  $ i Y
RIEREVEMIZ AP RE . RRADIEFE AT RO 2GRN L, JFE—EZBZARFM I K2 Rt
AR, B LS o ) SR AEER B2 BT B2 N, R IR £ ) B 2 R . SR, iR T
DU A I W A & K EAE, DI T RAE P AR A S T e — 2 Bk 180, WTREAAAE i FEAR G
FAIE, X FBOEME EME MR T . 75h, RERETRASUSWRARERER, KB
T FRRS AN fif R o

N T RIXF IR, AR T DAL S SR Y 1 VR 2 AL R VEMAIL[S] [6] [7] [8] [9]. iX4LT5
EATDURAE AN 0 B AR AN R, PR AL T4, DR I TEREAIRR . — 289 F (R AE L %
THREOAERE T U 755 ST RS TR AN TR AN SR 757555 - Relief SR AUE — M i AT ROHSAE
WS, BRSNS 2, H Relief SIARRHERFESS REARILE, ARKY)
ARFES A ARG R, HXTRIEZ BB R ISR, ks, raEs FELIRA
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HER .

N TR LR, ASCHEHY T — el XGBoost 5 WUHESLIRA 45 & RIRFIEIE $757%, FFSIN T BUR
Fx (Pearson) R BURF R FHALIF FIH R 1E R B, ASRIGINIE, AN TR GURMIEIR BT i, A SCRHIEIEHETT
2T DU B st A A AR 1) % A E S 2 AL RE

3. {HxXER
3.1. XGBoost E3%

6 P HR T v 4 (Extreme Gradient Boosting, XGBoost) Bl — il i 8 (kR BE - THk S B0k . e A
(1) GBDT H&fii AT 1 ol (EARRERIRRAT BRI T MRy — Ml e ks Y, Al A% O 2 R AR
A ——Boosting BAR, 4 EZ A5 ]Sl B ARy ). B Z M SLRIE, I S
B 25 R O E S Z AT A MR  R 2 2, FHEMATA SR, BRARANSR, DtEs
FEAERCR B $ETH[10] [11] [12] [13]-

XGBoost & H Z #f CART (Classification And Regression Tree), B[ AR 2k, B e al LLAL R
YRS ). BEAIER, 7R 4EEE A B 5T, XGBoost ik AT LIRS R B B [ IR FEARHE,
Bz AGRE ), ARG
3.2. XGBoost $$EEEE

AT XGBoost 5% 13 )8 RECKRE ERHEEZM:, BAAREE AT

PR M AL Xy, X, Xy, X,y J V FORRHE BB, o S AR M X | 10 Gini S8EGEA VO™
Gini FERL 5 A 5

G, =

S K]

Proic Pk =1— Z P 1)
k=1

k
Vo FORKFE X ET A m B, B m AT S I Gini SEEUE L R
V" =G, -G -G, 2

1k'zk

X SRAGI AR AE 1 B ZE VAT 0 — 1k
VjGini _ j (3)

Z:::lviGini
Horp, VM RKRE X SRR, Y VO RAHEM I R A
3.3. F/R#FR(Pearson) R&¥

S IR FRAH 5 R BRI B IR #RFAAE AH 5% & $ (Pearson Product-moment Correlation Coefficient), &% F i
—FRRPEAR G R AL RPN B X R Y I A SGRE L, 4o (L A K 3 B Ja 1k TR A DG P g

PR JB M T ) B2 R AR SR BOBR Sy, & IR ) (R AR O P, AERPIE IR RN, R s [R] IR RORH S M
SRERFIE . RERAR R B THEA T

:cov(X,Y)

Ox Oy

Px .y 4)

Hrr, cov(X,Y)FoREYE X, YHIWTTE, oyoy FREEX, Y FIAREZE K.
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3.4, WIBEE

WU 52 (Ant Colony Optimization, ACO) H1 = K %% Colorni 45 AT 1991 FF42 Hi[14], & —FhZET
WS AT N A R AR o AL TS B R AR g NI E SR e R R, SR
M= R ——(E B2, H AR I 2 F e i ORI 5 B 2R . S [A) T I X R E B ORIk
PR, (50 RIRAE, X RL 2 4k 328 1A 2R 5 bk i [ 15] o

WO R IR BRI RS Tk R g, W T i 6], s/ MRS, S48
A
4. BT XGBoost FM B HERIFHEEFE %

&4t Relief deff 8200 2 4 BEAIR R AR B AME 22 . AR BRI BIOC R IR R £ 45 R A
RS ) B, ASCHRH T — R XGBoost AR L KR IERE B, fRIFR X-ACO.
41 BEEBEETH

X — R Bck i, el MR, EAPIRCRES: 0 B 1, 0 Rk siRE REs,
1 RGOk HRES . X T8 R NWIGE 6 B H & B4 B AE b, XETRME § A j, WIAEAE 4 %] fikik
BEHIAR, il 00, 0—1. 1—0. 1—1.

X A 220 B AR B R AN R, H R RS T

a B
il .
< . 5 J€C
Pii (1) =1 X e Tt ®)
0, =N

Horb, VROREATY G RS T MR R C RN ISRENE T 1) H M AR R B RS o R
AHEBEER: o RERRBET: n, TrTRPBEEKEGEE: pRBAAEEET.
42. BYRESEEZEZNEHN

BAIEGIS 2046 n RU4a, FFRELRIAAIE n RIS YIGRAL B, & %R ERIE B R o IR HEAME.
7,; =V, XGBoost FHEE LN V M AR NAK(2), G t N2, ORI A 5 A 8 58 B — U
Ja, RS KHA LE R KR8], RS RIE LERRNER, AT

£ (0-(-p)75 (- ®
Hrh, p NMEERERRE, BHEEE<p<l. HXEEBECIISEd ERERER.
() =7, (t-1)+ 2, An, ()

b, Arf RS k R g 2 AR E B R, ESU8:

Q n(i ) EE -

ATilfj = pi'j (8)
0, A
Hrp, Q ME B RFH, Tt ABURA — KBNE SR B &, p  NEREKEE, R ERBRM R R

W) GG nXG)MAKG)ATK, FIRARLYEA R KL, ZBE LG BRI, HARHE
TR, ERAR A A R A 5 R R
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4.3. BEmR

G A XGBoost HIEMGHERE, I 51 NBURFR R BT s A O BR AR, S — PR £
Jiik, X-ACO Bk, HEH AW F: 15612 F XGBoost H ik K it S NMRFIE 4 IE EEE Vs AR5 FIH
BORRABOH AL W (4), FHRHERIFIMRIE RS p o PRI X-ACO ik, T &RHER
PR P, JF T S BN WAL RIS B3R « BB B a1 F X-ACO J7 7234 th e 5 1) e SRR AIE 748 Sy

N T RARSCEE AT Oy B RO HE , B4t X-ACO Hyk DAY A% 1.

Table 1. X-ACO algorithm pseudo-code

= 1. X-ACO B AR KRS

BN BHEES

fth: BRI TR S,

1 AR R AL 2 Vo

2. g X-ACO Fiik:
a. WIRHER R o), WA n, BRMEREY, WBEEHHIEAE, HOERRE max.
b. iz 13 (4) T SRR A I AH S R 8

c. fori =1 to max do

for i =1tomdo
33 A (5) VB ISP A S B 12 L SR P
End for
ZHA(6). (7). KEEHFEER .
End for
d. i e PUARFAIE T4 Sy

5. KWMERSFHh
ARSI UCH B i rh e T — Mo S I SR 0 SUEHEATIRAE o 20 B A 22 2,

Table 2. UCI dataset description
2 2. UCI BB SR

EVEITE S AL FHIE%L IrRH
wpbc 198 33 2
wdbc 569 30 2
Sonar 208 60 2

Spambase 4601 57 2

Wine 178 13 3

5.1. LB S Gk

A SZIG PR A ThinkPad E550¢ 223045, Intel(R) Core(TM) i3-4005U CPU @ 1.70 GHz, 4.0 GB 4
1%, Windows 10 64 fi#/E R48, i3855 Jupyter 6.3.0. Python 3.8.3.
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FEPRESUEFE b, JEBCZARRIAE 288, WA R B . 5 IR A B R b AT 1 703K
FRMAER A LLBG e X SEI B AT PR B, s B Bl AT A — A, R MR S 1271 0 K
A —R[0, 12 18], SRJE XS FAL B 5 BBl AT AR AR F 5206 . A S5 925 Bt 4R IR AR R e B dle A2 12 48
[ U 43 28 35 1K) 43 AL A R FRFAE S B 0 B 25 SR L% 3

5.2. KBS

PO RRERE, A 3 AMER, 1R UCI Bilafk b, ASCT5 750 e R ZA AL T I an Hodhs 1) 70 2 v
R BB BIIET . ASCTTEIEAFIEE D, A HOREM . WX 4 PR R, F1 280k
AUC =IO bR AL X-ACO HE K Z UG UL T = IIPFH fR n s & T Relief 53k,

Table 3. Comparison of classification accuracy and number of features

%< 3. PEEHEFFIE BT

EVEITE S S @IRFS EcEVEi AR HURFAE %K 8 GER R
wpbc 0.929 0.901 3 33
wdbc 0.952 0.936 5 30
Sonar 0.807 0.692 6 60

Spambase 0.925 0.894 5 57
Wine 0.981 0.944 3 13

Table 4. Experimental performance comparison between X-ACO and Relief algorithms
= 4. X-ACO B 5144 Relief BiESLIO M REELER

(=A7S L wpbc wdbc Sonar Spambase Wine

ACC 0.918 0.941 0.814 0.880 0.962

Relief F1 0.892 0.912 0.826 0.856 0.956

AUC 0.902 0.933 0.765 0.877 0.952

ACC 0.929 0.952 0.807 0.933 0.981

X-ACO F1 0.905 0.930 0.852 0.918 0.981
AUC 0.924 0.945 0.781 0.929 1

% A NAERICTTIE X-ACO 5 145: Relief FRFIERHIATE UCI FIBWESE L& IO Fabrxf Lbas . 5
Relief ML, ASCHT A/ EMERR . F1L 0%, AUC &t hrtEfg E#T DR 13s . 7F Sonar $#E
f b, ARSCTTE S U R IE KT Relief Sk (HASCER FL 40408 0.852, &1 Relief 5Hy%: 1) F1 4
#5 0.826: 7 wpbc. wdbc 1 Spambase %4 £E |, AT 550 KR L FL 408 AUC 3L T4 4t Relief:
TELZ KRB Wine [, ARSCIPVEES MR B FL 5%, AUC =T FEFs FI9E T Relief
Hik,

25 LATIR,, AR SC X-ACO FHAEE £ 7 VELE 73 K HEHR 2 F1 7040, AUC ISR T4 SRR 5 5002,
AMUER] T B BEAE H bz, FIR3E S T EIERZ RE

6. &&ig
ASCHEH 2T XGBoost SHyk A R M RFIEILE £ 7775 (X-ACO J5iE), iz FH & MRFIE ) XGBoost
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