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Abstract

In the field of machine learning, support vector machine (SVM) and logistic regression (RLR), as
two supervised classification algorithms, have different classification effects in different situa-
tions. This paper aims to compare them through data analysis. The numerical experiment re-
sults show that, with the increase of data sample dimension, SVM has better prediction accuracy,
stability, calculation time and calculation resource occupation than RLR. When classifying the
sample data with outliers, SVM performs better in terms of stability and classification effect. In
high-dimensional small samples, RLR has higher prediction accuracy and better performance than
SVM.
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1. 518

MLas22 IR R EE R TA WEB R2E k. R LB X S, R =AHL(Support Vector
Machine, SVM [1])>%H hinge 45 25 B %, 5 ) 73 R sk 75 1R )32 %5 [H] ) (Regularization Logistic Regression,
RLR [2])R AT B R bR A, 2 S R 2 PR o 7R FH J5 1T 1) SR ZEIX )& SVM B[R] 73 2R s R I
£, RLR B R 2Ra8RBUEE. 6T SVM A RLR BAh 28500k, HaToa — S S i 70 AN S ik

XFF SVM 43353, 7E 2007 4F Steinwart £ Scovel £ Hi#45 hinge #1451 SVM 43285032 . 2009 4
A1 2011 4 (A48 L0 AR 4R AR T s WA I 4 2 4 2R [B10E e, 45 tH hinge (™4 2% bR 85 T P AR A% A /R AR R 2 1]
H SVM Jp K2R 05 23, 45 %5 ) B 5 7 ) 4E BE AR AR A OC[4]. £E 2010 4F Jeongyounahn [S]fF7T
T SVM TE i 4 /INEARBE o= AR 1 K B AR HER R, AR KRR 7 . SVML DWD. RLR L
HHAT 7P RIAR D RN T, WTE 2011 4, Yufeng Liu [6]55 NAEMH SR /> e HIN R L, %
SVM B 73 S840 ) 18 F FE AT 43 SR AR IO s AR 3 RS S A = E SR A TF . X T RLR 40385
%, fE 2010 FFFTEZLN T ICE AU logistic 451 5% bR HOM 5 7 R EEM H R Z 0 [7], BB H 1% &
TTHEOL, 45 H RLR 7 R85 5 S R, 15 815 ) B 5 25 [ 4 B RIRE ARG 0% [FIAEAE A AR N
W, 45 RLR 20K EE NP 11R oy 28 bl A 4R AR eSS TN T M BT L, H BT R A &
IR TE AN SOW X B Rl 2 AT LU 78, A3 BIFEAS RIS 00 N R o R SR I R B A

KRILGRN =, A4 hinge BUR KA SVM 73 K EERFE. 55 8 44 logistic 512k
PRZSURT RLR 23 53 o 55 =047 07 SR, @it PCA F&4E, 15 267E 699 M B RHE M 2~9
YEREARRG G, 1S3 TUNAER R E A B, HRPIRN - B EE IR 7 RAICR . FLIRAE 1060 A5 A B BEAR 1 4
AT RS20, R RR SR I B s SRS TE R /R 240 BRAE = 4B /AR B S b, R R L
(A E TN 23 AR AT R L s f i 8 I SRR IS AT I (R A (5 N AE, b BIE SE A FE A LT

2. SVM 4y 28 5% [ 38
2.1. SVM

FLTE 1995 4F, Vapnik [8]atie 7 Frm=ENL, ML FHALM - 2RE S, A E R EIZ R
—HAEWFEARLEV = {(xl, ANC R ARHENA )} » X A DA SRR B B o] DA B B R e, XA

WUEA£L. SVM 73 SREIE 1 H ARAE T ST UNZRFEA SRR BURE AR 2 1R ) ) 70 b1 10, SEPRPAS RIS 50 I F o
SE SCEETTEN :

w'x+b=0, (1.1)

b, ERQD T w= (w,wy, o w ) AR, Yo TRFTN, b R, YR TR
2 IR B . KPR et TR IR, ST AR T (w,b) o (LR — /MR AU E T )
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Figure 1. Support vector and interval
1. XFEESER

RO T REE ER 7028, SCELORUE M 2R AR TR) (R TR) BB I B B K,y KIAIRR IR 23 S8 1,
NNERIEIRGE, ANTEEFTEFEARERI > B ST R 23 SR T AT E 25 SR an F Al Sk
max ——
wb v (1.3)
sty (WX +b)=1i=12,,n

LA AT 70 SR R B LS TR R A 1]

I P
min = |w|
wo 2 (1.4)
s.t. yi(wai+b)21,i:1,2,~-,n
2.2. hinge sk /¥
# (y(w-x+b))=[1-y(w-x+b)] (1.5)
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35 hinge 15 2% s ¥ (hinge loss function [2]), W& 2 s, Fhr “+7 FonBUEE KRS
72> 0
[2]. = 0,2<0
XA U SRR 70 280, 51508 0, IR N1-y, (WX +b) .
UK 2 AT RAE ) hinge #512<HE%) T logistic I IR SR E E &, 78 1 AT S,

N

\ Hinge Joss
AN
0, 1)

ik

0-1 loss

0,0) (1,0)

Figure 2. Hinge loss function

2. hinge #i58 F#

2.3.SVM 4r3EE
A (%) =w-x+b A YIZREEE S ST MM 268, BT sead G, N IENT. B
BB 2 UAERAGA RMARE ST, feH, , kKREZERLL
N34 hinge #5121 SVM 432588 M-
f,=argmin,_, {%Ziml(l— v f(x)), +/1||f||i} (1.6)
f R A RN IENES
3.RLR 9K E %R
3.1. ZiEMET

AR BARZ OGN, JEYR Py STk, BT KA, %0 ST K R
o)A P(Y]X) Fox,

exp(w-x+b) 1
P(Y =1x ) 1+exp(w- x+b)’ P(Y =0fx)= 1+exp(w-x+b)
St w= (WO W w0 b) B R, b IREL, x=(x, X o 1)Tjj$au)\E@BiE1‘IL’3§io %

w Al x E‘JW*EEME&%EE%ﬁ LR 1, |29 0, NLRIERERM . w R El I 28 22 ST [
PR 7L B AE AR R [ 2 AN W], U5 0T SRR B AT 2 A 4, N iR IO, SR ke v
FOUF AR LR ETE, ARt mT 2
A h(X0)=b+WX +W,X, + WX, +W,X5 + Wy X, X, + WX, X5 +

h(x;0)= f(HTx),

Logistic 4345 A (I sigmoid R E) a1 3, B N:
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Figure 3. Sigmoid function image
3. Sigmoid EF#E&

1
f(Z):1+e’Z

W R f(2) %O X HEAT AR, KBS EFI[0, 11X A P -

1

0" FRBHE.
h(x;0)=f(6"x).
MOTX200, h(x0)=05, WHANEG, ikl &z, HitH 0.
3.2. logistic 5 &K ¥
# (=¥ (x)) =log (1-+exp (¥ (x)))
&l 4 AT LLE ) logistic # 2 AHXS T hinge 1012k [4F M2 1A F AL, 7R 1 ALAT .

N

Logistic loss

S~

Vv

Figure 4. Logistic loss
4. logistic gk

3.3.RLR £ EH*

BT LR 7RG, e s, SIANER. %M L EN. AL IE
YT 75 7 15 21 i (The sparse solution [4]). tAIEA] L, IEMIE. SIS E 2 >0, FiETA sk
W58 AR /RAR T, | eH, , kARKERE.
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454 logistic #1251 RLR 72848 4

_argmin] LS v f (% 2
f, _arger}ntkln{miz;log(hexp( y,f(xl)))+/1||f||k}

4, {FESCIE
4.1, HRGHER

SZUS IS python3.0, sklearn.

K FH B BT SR P A R TR K 25 R Ao SR I 9 BT i 4 14 JR 0 = LR 504 £, H python3 H1(1)
strategy Z8UAE, B RAE 2SI RIIE B ¥, 133007 DL e BT AT SEIS I R o B B R 1 Py
TN

Table 1. Partial data of breast cancer dataset
= 1. ARERIREEBIEIE

Mean_radius Mean_texture Mean_perimeter Mean_area Mean_smoothness
17.99 10.38 122.8 1001 0.1184
20.57 17.77 132.9 1326 0.08474
19.69 21.25 130 1203 0.1096
11.42 20.38 77.58 386.1 0.1425
20.29 14.34 135.1 1297 0.1003
12.45 15.7 82.57 477.1 0.1278
18.25 19.98 119.6 1040 0.09463
13.71 20.83 90.2 577.9 0.1189
13 21.82 87.5 519.8 0.1273

DL 5 K & 1 1 — 43 B R T AR P JEE s, T 8 2 T R A DG P F Bl el B o TR H
mean_radius F1 mean_perimeter 2 [A] 4 B & LR EMI L% & .

HE LA 1060 178E, 30 M@, 4y 2 K. BT B R AN, 1EH PCA (T4
7, principal component analysis) AT RHIEFR AL, S RFEFE R BR B AR15 8. A JERT 30 NMERE, 73l BRI
B 2~9 NEAFHRMYESE . BJa—d8dE v, BT H5ESIEXAMER, Ko HSCh 2 K8/ 1H
BOH 42K, 9 4EEUR G- RiR Ik 2.

WoaddEgt s, mHAEREE AR, W6, HE RN B R

4.2. FEARRBEIRER LA 5T FHREER

K 6 RIS R], ZHIRET A ESAE, AT IWREREHMERE T, SVM Al RLR B4
RNV 2 2R, AT T N SRR .

1) MRk B HE(E HE 5

VEREMERG, 1592 699 MEEAKE, AT T XIIE, HEHL 2 HAE AR, F& 8 HIEN
WEREE, MRNWFPREIL, THEAFBI TR . i BRIE BN R AR T, B UUEIAFT
B 2 41, — 3T 45 .
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Figure 5. Scatter plot of partial attribute correlation
5. o EMHEX M SE
Table 2. Statistical description of PCA dimensionality reduction to 9-dimensional data
3 2. PCA PE4ER 9 EBUR S iTHHEA
@)
CD CT U_C_Si U_C_sh M_A
count 1.060000e+03 1060 1060 1060 1060
mean 1.012428e+06 64.22 63.37 63.42 63.15
std 5.077446e+05 103.14 103.63 103.60 103.76
min 6.163400e+04 0.00 0.00 0.00 0.00
25% 8.975498e+05 3.00 1.00 1.00 1.00
50% 8.978145e+05 6.00 5.00 5.00 4.00
75% 1.200180e+06 95.25 95.25 95.25 95.25
max 1.345435e+07 360.00 360.00 360.00 360.00
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(b)

SECS B C N_N M Class
count 1060 1060 1060 1060 1060
mean 63.42 63.57 63.19 62.35 2.77
std 103.59 103.51 103.74 104.21 0.97
min 0.00 0.00 0.00 0.00 0.00
25% 2.00 2.00 1.00 1.00 2.00
50% 4.00 5.00 4.00 1.00 2.00
75% 95.25 95.25 95.25 95.25 4.00
max 360.00 360.00 360.00 360.00 4.00

101 [*) 0 8 10 [+ 4 4

54 5+ 5 31

. ; — Z4 .
B C NN M Class

Figure 6. Nine-dimensional data distribution diagram

E 6. NP HIEDHE

£ 2~9 defiladert, P RIINZREE . W] LAS 215 1 SRELE T ER R AT I . DU 6 4R 702K

BT AE TR R A A
WL 7, A& HAAA L IENI RLR 20 2R HER R P EME N 0.955, 44T L, IEMII RLR 432K5
EHER BN 0.961, SVM S BEUER R FME R 0.97.

Algorithm Comparison

o T 1 1

0.98 -

0.96

0.94 1

0.92 -
1

0.90 1

0.88 - o

LRII LRI2 SVM

Figure 7. Box plot of the test accuracy of each six-dimensional
classification algorithm
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Figure 8. The prediction accuracy of each classification algorithm increases with the dimensionality line chart
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TR TR HE R RSB T, H SVM B33 5 B EL A 11 70 R0
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Figure 9. The prediction accuracy of each classification algorithm increases with the dimensionality line chart
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4.3. S MERBIRE EM S XM RER
H T AR SR AR T =g NEEAREE, DRI R R B R K S B 23508 R A B B JR 24 1 BRIE £
£, A 111 MEEAREHE, HAh AN EIEA 11,340 MHEAE, 0 HdE R 3.

Table 3. Partial data of Alzheimer’s disease data set

3 3. F/REBRERIREB IR

Left_corticospinal Right_corticospinal Left_IFOF Right_IFOF Left_uncinate Right_uncinate
69.3 69 72 71.3 78 56
72 735 58.4 74.2 73.2 63
75.4 66.7 81 77.6 58.9 78.6
70 72.4 73.2 58.2 68.5 72
78.1 75.3 65.4 65.5 60 67

HT4ERE R, RERin g R gt g, Wk 4

Table 4. Statistical description of some data of Alzheimer’s disease
= 4. FRZEGEAER 7 BiR G HEIR

0 1 2 3 4

count 111 111 111 111 111
mean 5717.12 557.98 198.63 5329.86 9658.26
std 1300.30 330.63 166.52 3743.59 5089.43

min 3402.60 0.00 0.00 0.00 0.00
25% 4769.10 313.82 97.15 2611.55 6544.85
50% 5531.90 513.01 132.62 4913.20 7762.70
75% 6406.25 761.32 226.36 6961.60 12001.5
max 10147.00 1799.30 924.61 21019.0 28525.0

X — B EIAT NG, FRER 38 AE, 3% 2 A ARegE, B0 KmmE, DAL
KR

10 HATLAEH, 7 1 28T RLR 7 R EIE M TRINAERG 207 2h Bk, ffRh 0.8, fmily 0.93, “F
YIE 0.901; A L FETT 0 RLR 40 AR T AEAf 267 30K, ik 0.865, fxmiN 0.962, “FH51E
N 0.903; SVM J3 ZREVE I TN NG K — E7E 0.89 i . thIiZ4h R R &, SVM R hinge #i%%,
2 HIREAER, EREFEAEIRE DN T, 5% 0K R8s ssmmd, Rk, g
FEARK R, SVM RILSIRZE, 1 RLR Z U N F5 () T .

4.4, FREZERMELE
R B e P Bt £, AT DUAS IS AT I IR 5 T A, 40 5 R
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Figure 10. Box plot of prediction accuracy of each classification
algorithm

B 10. &5 XKEETNERHEIELE

RS HATLLEH, ERSEHL T, SVM AT AR S NAEBN, RLR AT (R4, (25 F
WAE . EIRAERFEAREILT, SVM IRIVELF, R4/ MEATEIL T, RLR (RIEL . 1X53CHK9]
i S DL 4 R AT AR R B

Table 5. Algorithm complexity
F5 BEERM

ik IBAT I 18] A A RSz S
1;-RLR 0.0019872188568115234 3.0517578125¢e-05MB 0.764
1,-RLR 0.0019872188568115234 3.0517578125¢e-05MB 0.758

SVM 0.007014751434326172 2.288818359375e—-05MB 0.805

5. &g

FENLES 22 20 rR, SORF R EEALNLE 8 B P R HE 1 28580, A TR AR X 2
BRI, SVM R hinge 51 < %, RLR RADW B ki8R ELEAR KB E THEA
[ RRR . LR TEPI I DRI AN 3 5O R Rt AT SRS . 72 2~9 4k, 699 AT B
EFA B REALIE T, 133450 B E 4R R T SVM [ TRINAERS 23807 5 T RLR: I\ BSHE(E 2l
733 1060 MFEA, TEHBEBHMEMRM T, SVM 2IFERMERE, Fik SVM 7 REEE R EE: 17
11,340 2. 111 MEA R R/ NEASBT /R 25 g BOE B 46 v, AT A2 )ORAIE, B RLR HIAREVEE
SRR TEBU R AU AR S, SVM B R E R E L R, BATRIEE K, AN
B, M RLR SATIS (A SR, 5 A WA

SE Tk
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