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Abstract

We use the multiple linear regression model to deal with the classification problem of two popula-
tions. Firstly, we assign the response variables and some corresponding values with certain rules,
and then construct discriminant function and criterion via least square method. On this basis, we
discuss the effects of different response values on classification for balanced and unbalanced data
in linear model. In addition, we compare the mentioned discriminant method above with classic
discriminant methods including the classical Mahalanobis distance discriminant and Bayes dis-
criminant. At last, we find the inner relation between these methods as well as their advantages
and disadvantages.
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(ny=n,) FEAT U, RIS 2 1) F) AR il o 450 p IO BGnmg B omn, B0 ORI

3.2. AEEHIEEN

T L 31 PRBIFEEGE, B4 HE p = 10,50,100, F4 5 EIX =FENL N EUn, =100,
n, =150,300,600 . < J573m FIEEES #0570, Bayes HI5, F%m -1 X FuA 7520 qi T 9 i skl ), 3K
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precision + recall

Table 1. The misclassification rate of four discriminant methods

= 1 DFFIR) TR EF R AR

p ) UG R R FR ] 2 HUS 0 2
10 0.0925 0.0925 0.0925 0.0925
30 0.1153 0.1153 0.1153 0.1153
50 0.1430 0.1430 0.1430 0.1430
70 0.1741 0.1741 0.1741 0.1741
90 0.2095 0.2095 0.2095 0.2095
110 0.2542 0.2542 0.2542 0.2542
130 0.3089 0.3089 0.3089 0.3089
150 0.3910 0.3910 0.3910 0.3910
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Table 2. The discriminant outcome comparison of unbalanced data
7 2. NEEBUIRRF RIS RELR

(n,,p) F R HE PRSI 5] Bayes /5 F50 1 F50 F0
LE e 0.0897 0.0938 0.1062 0.1062 0.1062
(150, 10) F-value 0.8903 0.8738 0.8782 0.8782 0.8782
G-mean 0.9090 0.8886 0.9004 0.9004 0.9004
3] 2 0.0863 0.0942 0.1919 0.1919 0.1919
(300, 10) F-value 0.8417 0.7716 0.7212 0.7212 0.7212
G-mean 0.9117 0.8019 0.8567 0.8567 0.8567
3 pead 0.0840 0.0687 0.3002 0.3002 0.3002
(600, 10) F-value 0.7586 0.6874 0.4876 0.4876 0.4876
G-mean 0.9137 0.7328 0.8027 0.8027 0.8027
L e 0.1279 0.1292 0.1439 0.1439 0.1439
(150, 50) F-value 0.8438 0.8259 0.8364 0.8364 0.8364
G-mean 0.8693 0.8497 0.8627 0.8627 0.8627
% 0.1058 0.1078 0.2124 0.2124 0.2124
(300, 50) F-value 0.8065 0.7363 0.6972 0.6972 0.6972
G-mean 0.8871 0.7766 0.8377 0.8377 0.8377
) 2 0.0921 0.0743 0.3088 0.3088 0.3088
(600, 50) F-value 0.7346 0.6582 0.4792 0.4792 0.4792
G-mean 0.8960 0.7118 0.7949 0.7949 0.7949
L e 0.1868 0.1833 0.2020 0.2020 0.2020
(150, 100) F-value 0.7735 0.7559 0.7727 0.7727 0.7727
G-mean 0.8085 0.7932 0.8039 0.8039 0.8039
LT pead 0.1369 0.1264 0.2406 0.2406 0.2406
(300, 100) F-value 0.7514 0.6922 0.6642 0.6642 0.6642
G-mean 0.8482 0.7480 0.8098 0.8098 0.8098
L pead 0.1047 0.0833 0.3199 0.3199 0.3199
(600, 100) F-value 0.6985 0.6135 0.4675 0.4675 0.4675
G-mean 0.8713 0.6815 0.7836 0.7836 0.7836
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K, precision : EHER., MErRE[10]48H: F-Value BEH% & T AR U LR T AR, HEHETEEM
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FPERE I PN B VEIIFE R o
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UEAh,  AHE 4R p [ e AR, B B AN PHTRERE n, /n, (3G 00, FE B A0 2% Bayes I (4
FIZ ., F-value 1 G-mean {EASALARXS AN, BISZAFHTREFEISZ AN, FIM AR BT S8R A T4l
FEEE n, /ny [BEEAARS, BHE AR p 3900, BEESHIAI K& Bayes H R4S FI 2 4IK H F-value, G-Mean
RS, FUASCRESS: SRIMARATA] LGS A AR A AR Bk #0775 0: - Tibshirani [11]#2H 1) LASSO
(Least Absolute Shrinkage and Selection Operator). Fan #1 Li [12]#& t # SCAD (Smoothly Clipped Absolute
Deviation). AIC. BIC } Fan 1 Lv [13] [14]#& H A SIS (Sure Independence Screening)2s /541 # & H AL &
YRR L, HUCER,  HZMERNAR I ERSERE S . Rk, FRATTHE BRI [ B o) s
A, AT RE AT -1 R RORAS B3R &, SR AL A 15 AT LA S gt — 2B it 9

3.3. SEflsrHR

AL, F-ATTRE “Wisconsin Diagnostic Breast Cancer (WDBC)” H I ELSEHUHRE HHT T 40T AR
H 5 KIET http://www.datatang.com/data/515.

ZHREAE TR T NARGIAZI 30 MHTR (. A B, I AR R EHTE,
PATEE — R CR B FLIYE) AN B 2R R L) DM R A HR &y« n, ANFE S, L3728 IR E [ 7732,
IF4r I FIEE B U5 . Bayes HU5. U5 -1 X FAPOVERTIX (n +n,) /5 ANFEM <R BA AL 24T
Frfls, JE331& B LA R an & 3.

Table 3. WDBC discriminant result comparison
52 3. WDBC #|BlZ5 RELER

(n.,n,) 5 b R Pl Bayes %7 F50 1 F50 N F50
B 0.0375 0.0375 0.0375 0.0375 0.0375

(200, 200) F-value 0.9632 0.9632 0.9632 0.9632 0.9632
G-mean 0.9623 0.9623 0.9623 0.9623 0.9623

o 0.0467 0.0867 0.0700 0.0700 0.0700

(200, 100) F-value 0.9651 0.9389 0.9445 0.9445 0.9445
G-mean 0.9417 0.8630 0.9412 0.9412 0.9412

AR 0.0320 0.0720 0.1120 0.1120 0.1120

(200, 50) F-value 0.9805 0.9577 0.9243 0.9243 0.9243
G-mean 0.9216 0.7803 0.9198 0.9198 0.9198

fiipR ES 0.0292 0.0583 0.1417 0.1417 0.1417

(200, 40) F-value 0.9831 0.9670 0.9069 0.9069 0.9069
G-mean 0.9121 0.7734 0.9010 0.9010 0.9010

PRI 0.0318 0.0409 0.1818 0.1818 0.1818

(200, 20) F-value 0.9825 0.9782 0.8884 0.8884 0.8884
G-mean 0.8817 0.6811 0.8719 0.8719 0.8719

iR ES 0.0143 0.0238 0.2524 0.2524 0.2524

(200, 10) F-value 0.9925 0.9877 0.8465 0.8465 0.8465
G-mean 0.8811 0.6811 0.8130 0.8130 0.8130
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HOth, BE SR Bayes HIMIMH HIZET, Fvalue [HcE. R MBEMIRCN,
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4, B4k

AR SC B GT T A IR YA R R e o A PR DO 43 S 1) AR R o S, FRATIRT e AR A —
H RIS, AR5 /D ikl G, AL R B HAEN, IS B LU PN EE R 1) iZH5)05
FENIH AR R S sgn (& —n) A%, BV sgn(&—n) AR, FHRCHIRI 0 Es Rt AR . 2) 2
n=n, Hsgn(&—n) <O mF, FIZHAMITERIFIN A R SRR G RARE . tbsh, BATH r 15 F[15]
TS PR . AN T EOE [ SEHE WDBC #EAT TR, 153 15 A A S5 TR AR AT AR

E&UH
R R AR 55 B LI s AL ARUe S AR SF S TR
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=200 =E -0 -9)+ S -5 -)
z(wy) [§_<n1§:nzn)]+i§1[xi_<n1ﬁl;nzﬁ»J[n_(m«::nZn)J
z[ul“‘lﬂ)](“)z o el ﬂl)j”l(én—n)
nd (6 on)(f =) (e =n)(m) i (e=n)(mi)

EmAiﬁmzaz=;EmJ%u{m—ai+%%246“=“”“‘"XM_“”o%§=—Wm,n=Wm’

n

Bm%&ﬁ%kkaiﬂ%QJWunm,@y

Theorem 2.2 (1)JUERT: | (2.3)= 50

Spols _ | MMy o T i nn,(&-7) A a
2b { n(n_z)(ﬂl i) b a2 }(M iy (A2)
BLAEANG; &
___hn ~  ~\Tols nlnz(é:—ﬂ)_ nn, i~ ATl
A= n(n—Z)('ul ) b+ n(n=2) _n(n—Z)[g n—(f~f,) b J (A3)



L ] AR v A R B RO — 73 288 1] 3 ) B2

WS = A - ) M3 TEEN: 6% = A5 (- i,) . FRA(AI)RE:
_ s-n
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XS VERE, B (a-i) S (- i)>0, Fiksgn(2)=sgn(E-n). TiH b AS =y - ab™,
60Is :ii_l([ﬁ_ﬁz)?%:

Y= B+ =Y+ A(x- ) £ (- ) (A5)

& HA w (x) = A(x-2) S - i), WEAHREN T
iy G, Hw (x)<OHf

€
G, Hw(x)>Off
Ik, Toie & Flp BURE, R Esgn (& —n) FHIE, DU e BorH ), B B3l D7 i0:05 21 0 40 73 45 SR AH I
Theorem 2.2 (1)731iF .
Theorem 2.2 (2)(FIERA B 25 4 51 (40 0 5 B BN -

WAX){X—@JTT(&—%) (A7)

(A.6)

S A 30 ) ) A A«

. {Gl 2w, (x) > Offf A8)

G, 4w, (x)<OHf

Y =, I, ﬁz(“l’f‘l;r‘zf‘z) ARy g (x)= 2w, () FRATHITCE sgn () =sgn(& -7) <O,
BRBLAS)RAE I T-(AB)R . [, 4y = n, B, FFLEE 9155 4 1 B L0 L 5 b D

U, B, ﬁ:<”lfﬁ;”2ﬁ2>¢@2ﬁz, e w, (X)  Awy (X) » FELEE 85203555 8 24 LU 07
B B 45 A H . Theorem 2.2 (2)F5HIE.
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