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Logistic Regression with Regularization Based on Network Structure
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Abstract Logistic regression is widely used as classification model. However.as the task of high-dimensional data classification
becomes more and more frequent in practical application, the classification model is facing great challenge. Regularization is an ef-
fective approach to this challenge. Many existing regularized logistic regression models directly use Ll-norm penalty as
regularized penalty term without considering the complex relationships among features. There are also some regularization penalty
terms designed on the basis of group information of features, but assuming that the group information is prior knowledge. This
paper explores the pattern hidden in feature data from the perspective of network and then proposes a regularized logistic regres-
sion model based on the network structure. Firstly, this paper constructs feature network by describing feature data in the form of
network. Secondly.it observes and analyzes the feature network from the perspective of network science and designs a penalty
function based on the observation. Thirdly, it proposes a logistic regression model with network structured Lasso by taking the
penalty function as regularized penalty term. Lastly.it infers the solution of the model by combining the Nesterov’s accelerated
proximal gradient method and the Moreau-Yosida regularization method. Experiments on real datasets show that the proposed
regularized logistic regression performs excellently, which demonstrates that observing and analyzing feature data from the per-
spective of network is a potential way to study regularized model.

Keywords Regularized penalty term,Logistic regression, Network structure,Feature selection, Proximal gradient method
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Table 1  Statistics of the datasets
Ak A HAE 2K
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Fig. 4 Visualization of the community structure discovered on

datasets of Credit, Arcene,Dexter and Gisette
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Fig. 5 Distribution of the weighted degree corresponding to

datasets of Credit, Arcene,Dexter and Gisette
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%% 3 NsLasso [i&E 75t

Table 3 Application scenes of NsLasso
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Table 4 Running times of different models

(AL )
g E FN CD NsLasso Sglasso Wlasso Lasso
Credit 0 0 71 69 70.6 70.8
Arcene 71 2 176.8 185.6 172 151.4
Dexter 268 0 363.6 349.2 367.2 360.6
Gisette 628 0 3060. 2 3265.2 3132.8 3273.8
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43 B AT AT 2 % 25 B 00 5 A AN A, B O FR AT A R AT 2 TE Y
FE T HL AR AT (4 MR AR HERR T 51 BARE) .
F 5 RO ARE B R i S 91

Table 5 Examples of feature groups.features and selections

id % #r

NsLasso Sglasso  WLasso Lasso

48 1A A B R 0 0 0 0
% 19 I 6 A A B R H 0 0 0 0
oS0 SRR 0 0 0 0
1 52 I 6 A A A H 0 0 0 0

53 I 3ANHA AR 0 0 0 0
g 54 HINAZAHEHEH 0 1 0 1
fE 55 6 MNARAEEAH 0 1 1 1
456 AINMNARAEEHAH 0 1 0 1
Z 72 FH D4 H 1 1 1 1

5 T 4 FIF T A BRI 2 R AR Y B R R,
“IPRINEFE TILRFE 07 RN HERR TIXRFAE . SR T LU
EiL AR — AR TR HERR 1. WX TS 2 AN
fE, NsLasso HEBR T 54,55 Fl 56 5 4 1iF, WLasso HERE T 54
Fl 56 F4E1E , Sglasso Al Lasso M — /AR HERR . BAIRUL,
NsLasso HE B 00 45 1iF fix 22, WLasso K Z , ik Ji 5& Sglasso Al
Lasso,

BETRIE R SCNG R B 5% 4 O R AR I 4 AR R A ) 4%
B2 00 £ B X BN R AT UL EE AN A3 BT & B0 . 1) KL BB R AE R 4% 17
TEAL X S5 A8 B iR BE AR DG AU RRAE 22 SRR LA 5 2) 19 sl A
B 2SN, ZHE L, AR T ML Lasso il
PRERC o I LA Sy TE DU £ 57 T T 45 S5 4 Lasso 2 48 19
VA, DATR] I 3 SRR S P AN 0 2R B2 S R H g, dE— 203t
e TR AR AR R RS R BRI AR B AR D A
RUBEAT 7 OB M AT . S 30 45 2R R WL A L A% gt i aE ) 4k %
BRI, MK E5H Lasso 2 45 | H 707 B DA AE 10 00 T
RV E BT 3 U8B 26 39 4L A BF 52 A 1) 1 U Ak
SR — A~ B AW RE R T7 1]

BARASCHR Y 46 25 7 Lasso 12 48 [0 )4 B A — & 14
B, E TR R AR R 2% o g 22 R W H I b
F W RRAE P 462 A 5 00 I B ik X A5 A . PR A He AR S
F) IF DI Ab 3% 58 a1 051, 9 4% 45 4 Lasso 32 48 [ )3 75 2240 A8 (1 T
PE B RRIF B R . 53 Ab AN 2 I A R AR R X 1 19 RF A
o 2% 15w SRS R A P A HT AR . RO TR — 2D Y AR R A R
Gy BT 20 BLSCBOHE AR L DL AT AT 2K G5 ) Lasso 1) 38 B 453
IFA5 B B & P A5 .
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