wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

— B AR R E R R T iR R R
ke, R, FiEe, XER

5IAEX

KL, IR, FEe, KSR MEUHRNSEEREEEMAT RPN BRI, 2022,
49(11A): 211000028-5.

LI Yong-hong, WANG Ying, LI La-quan, ZHAO Zzhi-giang. Application of Improved Feature Selection
Algorithm in Spam Filtering [J]. Computer Science, 2022, 49(11A): 211000028-5.

BN EEE (SERXINEE IE JIRNBREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETEANERGIAENINERETEIT NI

Detection of Malicious Behavior in Encrypted Traffic Based on Heuristic Search Feature Selection

HENRIE, 2022, 49(11A): 210800237-6. https://doi.org/10.11896/jsjkx.210800237

MIF-CNNIF: —fEFCN NI AFERI 2 5 K EGEUEIEZR
MIF-CNNIF:A Multi-classification Image Data Framework Based on CNN with Intersect Features

HEHNRIE, 2022, 49(11A): 210800267-8. https://doi.org/10.11896/jsjkx.210800267

ET—MFAdq-rung orthopairt&EfiZz WIBHIBMELIEEE
Attribute Reduction Algorithm Based on a New g-rung orthopair Fuzzy Cross Entropy
HEHEIE, 2022, 49(11A): 211200142-6. https://doi.org/10.11896/jsjkx.211200142

HSEBDIRICR G EIERIBENUHDEERE

Incremental Feature Selection Algorithm for Dynamic Partially Labeled Hybrid Data

HEMNEEE, 2022, 49(11): 98-108. https://doi.org/10.11896/jsjkx.210900076

ERNXADEHNEN XS BRAYRBETE

Class Discriminative Universal Adversarial Attack for Text Classification

HEMNREIEE, 2022, 49(8): 323-329. https://doi.org/10.11896/jsjkx.220200077


https://www.jsjkx.com/CN/10.11896/jsjkx.211000028
https://www.jsjkx.com/EN/10.11896/jsjkx.211000028
https://www.jsjkx.com/CN/10.11896/jsjkx.210800237
https://doi.org/10.11896/jsjkx.210800237
https://www.jsjkx.com/CN/10.11896/jsjkx.210800267
https://doi.org/10.11896/jsjkx.210800267
https://www.jsjkx.com/CN/10.11896/jsjkx.211200142
https://doi.org/10.11896/jsjkx.211200142
https://www.jsjkx.com/CN/10.11896/jsjkx.210900076
https://doi.org/10.11896/jsjkx.210900076
https://www.jsjkx.com/CN/10.11896/jsjkx.220200077
https://doi.org/10.11896/jsjkx.220200077

R iF L8 http: /www. jsjkx.
1+ﬁ-*ﬂ13+¢ ttp:// isj com

COMPUTER SCIENCE DOI:10. 11896/jsjkx. 211000028

— M RHEE R R R RS IR ey M A

kg F OB OEREE BERE?
1 R AFEFK EK 400065
2 EREp B AFERMFEFRE  EIK 400065

H E BRMH—BABAZAPFFRBRALIA P L TREATHOALESHTH REFATG L T4, A ART LS
MR E, LAEIBMERREXRAE, Bk, A AP S EF X LHRHEF T, BRIEFTERNLYERL ALK
KR, AR RGORIELE, BFRETABRA S EA TR AR RF-ANSEGRB A EINRBELEGHFIETERAN
BT LB AR, AR ERAF T EAE— TG ATRE e FEZ AN AETHR HRAFEERREE, R
A HERABE, RSN IAF LR R T R — ks AN T E RE AR TREEREFT F B ER
ARIRALAE R 7 R 0 S AT AR 7 i, 8P IGGBNRS fik, id A RF 4 A4 A Legab b B8 AW, i Lk M T A, B4t
B,

KRB B AR R A AR AR B2 5 UK 4 % ;IGGBNRS

REESES TP391

Application of Improved Feature Selection Algorithm in Spam Filtering

LI Yong-hong' , WANG Ying',LI La-quan' and ZHAQO Zhi-qiang®
1 School of Science,Chongqing University of Posts and Telecommunications,Chongqing 400065, China

2 School of Software Engineering,Chongqing University of Posts and Telecommunications,Chongqing 400065, China

Abstract Spam usually refers to e-mails with promotional materials, viruses and other contents that are forcibly sent to the user’s
e-mail address without user’s request. It has the characteristics of batch sending,and will cause great harm on the Internet.
Therefore, it is very important to filter out these spams for users. The essence of the spam filtering problem is a text classification
problem, which has a very high features dimension. But not all features contribute to classification,so choosing a suitable subset
of features that can reflect the entire data set is the basis for constructing a good email classifier. Existing feature selection me-
thods have some limitations, such as redundancy between features, unstable result of feature reduction and high computational
cost. By studying and analyzing some of the advantages and disadvantages of the existing spam processing methods,a new inte-
grated feature selection method based on the information gain method and the granular ball neighborhood rough set method is
proposed.named IGBNRS algorithm. Through the experimental comparison on different classification models,the proposed algo-
rithm simplifies the model and has a good performance.

Keywords Spam filtering, Feature selection, Attribute reduction, Text classification, IGGBNRS
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Fig. 1 Classification ability of all features in SB corpus
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Table 1 Reduction of model under 3 reduction algorithms
(AL )
o 41
#xE 1G GBNRS IGGBNRS
BP 31.58 22.81 38. 60
KNN 31.58 29.82 43. 86
NB 31.58 19. 30 38.60
SVM 31.58 33.33 47.37
CART 31.58 19. 30 42.11
LR 31.58 22.81 42.11
GBDT 31.58 22.81 40. 35
XGBoost 31.58 22.81 42.11

%2 SBIERHMETE 3 AR B L THEEM F) E

Table 2 F; value of model under 3 reduction algorithms

CBLR7 . %)

fkB . o . -

1G GBNRS  IGGBNRS
BP 91.61 92.16 91.89
KNN 84.07 85. 46 84.65
NB 79. 46 81.89 78.73
SVM 72.52 73.52 74.61
CART 87.19 88. 50 87.92
LR 83.37 84.88 83.71
GBDT 91.84 92.39 92.16
XGBoost  92.55 92.76 92.32
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