¥R YA 10384 a
25. 19020141152625 ubc__

4

Dk
|

B R}

{70 S VA DS

H T2 W ER RS E|astic NetiE NI I RP#H
ZWBIESX AT L RN B

Improved BP neural network combined with
semi-supervised algorithm and its application on
text classification

% ik
WML E B #
= W & Ao oBORA % %
LR BH: 2017  F A
WAEF 2017 F A
F24T B M 2017 F A
EE R TIE
PP TN

2017 4 H



BIIXFFMIEIR G SR

ANEZH AR SRANAE T IR T R IHLTE I TSR . A
NER L EEF S5 HADA NS 2 R R BT R, I L
& 77 AR, IR AT (TR e AL e AR s e

GRAT)D

AN, ZEEAR IO ( ) W (4D WEET
A, A ( ) PR (4 22 B e = 1 B,
£ ( ) SEERE ST . GEAELL L5 WIHE R

SRR S 3 AR S S AR, AT BT A, T LR AR
#.)

PN (%42):
£ A H



BrIARFFAEEAFERFRA

ANFZETTRARIE (b e N A [ 2267 26 1 B AT St %)
SEE DR B AN e 22 015G, IR A 28 AR T B AR e WL IR AL A AR
3 CERIRARB R L 1RO SV AL 1R SCREN TR 5 B R TR e LA
EERE R . ANFBEETT RS AR SO 2 E L it
FALIe SO AR PEREAT AR 2, 5 S AR SC AR AR 47 I 2 AL
KHFCEL 4 BN e 7 NG B S A 30 AR A Ss 1

(D IaENKEREZRSFEGEMREAMLRL T
A Hfis, fiess e i i BRI

C ) 2AMRE, &M BB

CGEELLEANEE T AT v 7 B8R BN AR, RE AN
e JITRARER A ZHELN AR, REFETTRERERR
=W ARSI AT AN S R EAES R, BRI RTTF
FAR DL, BIE ] EIR AL

FIAN (B4
A H



A 2L

PR

Bt KR ARG, F2 IR AR E B o T & e . TAEH SN
FHFAMEEZ —. SCREIEARE KENEE, SIRSURD BE N IR &
BRIz —, BARCER T KEMEKRE, HIRFBF ARSI — HAR 2
MTERFIH bR BPHEM AR —MARE AR AL AR, SiEd il D)
M2, W] DL LG VAT o s, AT 4 i A A 2 —
WA, ARHYE BEERINK, BRBEEE R, &SGR, “ARET BiED “Kis
B Bl 2 S T, G IBPA A 4% CN RE AR A MU s S e L. AR 1SR,
TR S 5 I BP A W 28 JEAT U803, FRES A JE T B I B 5 2] TR B RO
YIS AT SUE AT o AR ST 2 BEATE 7S N 28 B R T

(1) X TAEGBPHEAM AR, TN T H & RUFH5 FElastic Net 1 U 75 PA
Bi 1EBP A X 2 76 T e eSO e R B “ LA A, R4 T i Elastic Net 1E
DU I Y B P £ D) 24 L 2% 2H R0 S VE T A IE B, [RIENE,  fEZhang [7]. V4R (8155 A 1t
FLEA b, SRET 6T R EUE T (1 5 155 A Elastic Net 1E U 151 I BP# 28 R 45 (11 8L
YEREAT 7347 o

(2) PPREET BRI B 25 21 5%, 8 i Elastic Net 1E U TR BP## 22 /5 2% 45
ST B B S AR, ARSI AR BT IE T, g R
RKIL, iElastic Net IEN B BPHHZ ML /EANEE “IE G MR FAE T BPHZ M
SR T HAREYE, FAGETEM WS IEEG, 2 SRRk A S 2
TITE, WAE T ZULE IR R .

X217 BPHIZ M4, Elastic Net, T K72 158



Abstract

Abstract

With the advent of the era of big data, mining the potential value of data has
become one of the popular research topics. Text data is loaded with a large amount of
information, although spam text classification is well developed, which is one of the most
well-known subjects of text mining, improving the accuracy of the spam text classifier
has been a goal pursued by people. BP neural network is a effective nonlinear model
neural network, can better fit the non-linearly separable data, is one of the commonly
used models of classification problems.

Today, we have a large amount of the text data with high latitude, but there are
few labeled data. The traditional BP neural network can not solve these problems well.
In this paper, I have done the empirical analysis on the spam text classification with
the algorithm of the improved BP neural network and the graph based semi-supervised
learning method. The main research contents and results are as follows:

(1) For the traditional BP neural network, I added the Elastic Net regularization,
with good properties In order to avoid the over-fitting problem of BP neural network
faced with high dimensional data. I gave the prove of the group effect of the BP neural
network with Elastic Net regularization. On the basis of Zhang’s[7] and Fan Qinwei [8]
research, I discussed convergence analysis on the BP neural network with Elastic Net
regularization.

(2) T discussed the graph based semi-supervised learning algorithm, combined
with BP neural network with Elastic Net regularization to make an empirical analysis
carried out on the spam text classification. It is found that the BP neural network with
Elastic Net regularization term is more effective than the BP neural network in dealing
with the over-fitting problem. After combined with the graph based semi-supervised

learning algorithm, the accuracy of the classification model has been improved too.

Key words: BP neural network, Elastic Net, graph based semi-supervised
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2, IR Z IR SRR i B AR PR 2 R E R, IR YR B A [F]
FRAE LA AN B 55 3 5%, M BB 290 55 047 738, nar e, RR. BIA%.
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FLIRIY ey S AU ST B A

Sy RSB T 5298 T — DU BN ORE, EHE AN, BREE
W53 SRR R, GnARHE FH A B RS . AR ISR AT N, RATIEK
AT NEEFAE T 12 PR 2@ A . BERIZ I HR WO R Dt 28 ) 4t 7 2
FOASE 500k, 8 F 20 R 07A Fh 2 DU 7 (Naive Bayes). Logistic[#] 5 (Logistic
Regression)s SZHFAEIEML(SVM). BPHIZ R4 (Neural Network)Z% .
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