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A review of feature selection methods

SHI Qijun, PAN Feng, LONG Fuhai, LI Nana,
GOU Huipeng, SU Haozhou, XIE Yuhan

(School of Data Science and Information Engineering, Guizhou Minzu University, Guiyang 550025, China)

Abstract: In the era of big data, feature selection is a necessary part of data preprocessing. Feature selection is a
data dimensionality reduction technology. Its main purpose is to select the most beneficial relevant features for the
algorithm from the original data, reduce the dimensionality of the data and the difficulty of learning tasks, and
improve the efficiency of the model. At this stage, the research on feature selection algorithms has achieved initial
results, but it is also facing major challenges. Among them, the disaster of dimensionality is the major challenge
faced by the feature selection and classification problem. First, the basic architecture of the feature selection
algorithm is introduced, and the four processes of the generation of the subset, the evaluation of the subset, the
termination condition, and the result verification are described in sequence Second., the methods are classified
according to evaluation strategy, search strategy, and supervision information respectively, and compare these
traditional methods, and point out their advantages and disadvantages. Finally, the feature selection is summarized
and its future research direction is prospected.
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Fig. 1 The basic structure diagram of feature

selection algorithm
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Fig. 2 Feature selection method
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Tab. 2 Comparison of three search strategy methods

HRKEm I SSHERAE RELIE R Hems RO R e
[Edjik7pas I T IRHGEE R4 bl By
y - o SR R R R AT AR e
U QESIEIHind T I i 52 % JE A 1
Bt RAERGER R A R (i I A1 AR PSS PR TR AU SR i 0t

3.3 ETAREEEBHEHEERE

RAAE VPR R b B R BB (0. R
P W BHE BN TR AT DI R AR e 07 1 00 A
B AL T 5 21 R B AR R B R G M B R AR
PR

(DA BB R IR e

A B R IR e T EAO TR AR B2 IE
7 EETHRRRE 15 28 1 ) 5 2R f 0k U PIL e ik 1 2.
FUR S 2T B3 B B RRAE B 4 7 12 R 2R A i 7
B R A b 3 o I B R 2 ) 2 ) LR
TIE55 AR 2 1] B8 5 2R 0 R R AIE 14 FEr AR5 B
T TARZAT SR B AR R 58 OR 40 Wa
XAF AL — Pl Top- Sk S A IENILTT %
FIT R AR AT 55 o i) B R AE R

(2) 2 Wi B IR e

F T B R R PR A P AR BUR S UARICREAS
3 B E RS L i L — eI N BORE 1 ) e 7S B
TR RE RS b o B R IR e R T ik B R
JEATA A AR TE CRA 2R D FEAS IR R
FRic ORI B REA BEAT 20 262 ST Y 1R) L, H
ARSI R 5 O s — ELAL T R LERT
FEMRTHT. Wang C 55 AR H T M BT 55 19 e-drag-
ging AR P W E AR 55 b 4R T —FhBA
A 31 fi /N3 [ U ) 2 M A B 5% L AR LS

B AR FSIE T O EE A LB Wa XA SR X
BT R BT7 5B [R5 08 S5 AL W8 7 0 o e A
METCARSF LA R A ) $E 7 —Fh R TR E A
R AR /NTUAR A T 0~ M B R AR B 4 5 1 107
ARS8 D0 R 15 23 B A EE . ol B e R IR
AN I HLARRRAE BRSPS AT s AL A
THALT] LA X 43 BE AR CAR B

(3) JC B APk e 4

AT 7 VR R A 2 SR AT AR AR R R
SR 75 e 2 JOIRARAT L 08 10 S0, TG B
I PEFE I — i T R 44 ) B0 0k BRBOR L 12%07 12:
AT EAEAEATAR AR B o B R XA 25 8] i R A
PEAT RIS W B = ) L VX R AT 20 2 T4
AR T PR FEA T DA o AR 0 A ) R A A AT
FHIEERE. Kumagai A 55 A FBAR ) BEALAZ 18
TR RE T RV BERAE , $2 1 — P T AR AR 2 o)
40 M B R MR 4% 07 1 AT a o S B e W] T %7
LT U MR AE R

(D) BT AR W BH5 BT i i H A

BT AN B 15 B B R AR e 7 125 4% A 4% 1Y
DUk AL B T E 245 5 — S8 A BHIF R X A 1
BRI OB =R AR 1R R T U B AT A 2
BT T =R AR T T A — A LB Ak 3
FioR.



6 WOl S 2022 4
*3 ETARKEREEHMEEEFENRE
Tab. 3 Comparison of Feature SelectionMethods Based on Different Supervision Information
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