Ch. 3 Logistic Regression

Categorical Data Analysis
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Categorical Data Analysis Ch. 3 Logistic Regression

3.1. Generalized Linear Model

Neder & Wedderburn(1972) 2loli HMieteEl Z&ES 2Btg st GLM 2 3 JIX 820
(component) 2loif &H2lECh  1)random component: BISH 0] SEFZEae Q1A
2)systematic component: &FH 2| (predictor 2t1E &) A 4+ AE 3) link
systematic &Z 1t random HZ2| JIHgt AtOIS &+ Z2HE HE.

3.1.1.GLM & &ZF (component)

Random component

giE 4 F2 natural exponential family(Xt& CH ZE) EXE=2RH F=EH Mz S0
Z2EX Y =(Y,Y,,.Y) 2 FEEN UL 5 2 25X v, 2 2EUSE+= (S 20

f(yi;6;) =a(6,)b(y;)exp[y;Q@)], 0; = 2=(parameter)
| =), Standard Normal &%
B

ol gte BEXIO

LI
fol

Poisson 2% (2&H2 49 &#=BIL), Binomial 22 (&
(28t A E4)It natural exponential family Off £&HCEH 22(

= AL Q) E N U= Z==ct &Lt

D

Systematic component
dyuia~gz PHE P X ( AE #HE data matrix =2 design matrix), 282 2=

=2 o T

HHE Bt StA LhS2 linear predictor (& MI=XI)Jt GLM 9| systematic & & 0ICH

n=XpB=mn;=Po+PiXy + PoXip +.. BpXip =2 BjX; for i=12..n
j

Link component
Random &&1t systematic 422 HZ

FSIRE. OF T g = =g() 201 QA8 5, & HZECH link B2 g= 02

Y, & JIUXIE

te d=2= 20/stt. 25X
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A g9 2tttst dEi= identity link (&S 21&)@l g(u)=wu OICH OlAR2

ol

72 M U 222 HESGl= H3Z &%Z2 Canonical Link 2t StCt. = Canonical

Link MIA= g(u;) =Q(6:)= 2 BjXij = Bo + PrXin + BaXip +...+ By Xy OICk Canonical Link It
i
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Categorical Data Analysis Ch. 3 Logistic Regression

3.1.2. Logit model

HFOF 2 Ol Z< (O, binary 0fl; 8=/, &= gt= 0, 1 2 HZAIE = ULt Ol&
4= 4B SHBO| Pr(Y=1) =70 Bemouli 2EE [ECH HF %8 U ot
fyi; )= @-m)"7" = Q=7 [A-7)]” = @-7;) exply; |n(1”i )1 - NE Family
-y

el e 24 Q(ei)=|n(1i’—i_ 2 odds ratio © In 2622 72 Logit 0l2t &Lt 0l Logit
I
HZZ2 AIZ20lE GLM 2 Logit 2&0l[2t StCt.
|n(1firi)= Zj:ﬂjxij = Po + BrXin + BoXiz +..+ BpXip
3.1.3. Log Linear model
28 Hol Mol BT pn, = Poisson EXE [ECtD JFMSICH & n o IO BIES

=

[
=
[—

= = N
SEUTE

E(nu)=m| al’ 8FD|_:| n|9«|

w = exp(-m, )(%) exp[n; In(m; )] : NE Family

Xel 4 24 Q(8,)=In(m,) O Ct.

f(nism;) =

In(m;) :Zﬂjxij = Po + BiXin + BoXig +..+ BpXip
j

=133
==

3.14.GLM B8 &4

Random & &, Systematic &, Link &0 2/of GLM 24 2H= HelotH OS2 20

Random HZ g Systematic & & Model (24 &)

&84z (EgH =)

(BrESH =)

Normal Identity (& S) AL (B8) Regression

Normal Identity H=E= ANOVA

Normal Identity Mixed (H=+8 )  Regression with Indicator

ANCOVA

Binomial Logit Mixed Logistic Regression

Poisson Log Mixed Log-Linear

Multinomial Generalized Mixed Multinomial response

Logit

dSHQ A YHEs SHs-E HaolH 238 28 e 220 2AE AlA
zlA A= P S (Least Square Method) AFESHCHE BHE QI 3| HZ2AM). 0l2tsE HXE2Z
GLM OlAdE BISH4II O 04 HA2ZIF OfLIJLE Z2AGHK 222 =3 gge
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Categorical Data Analysis Ch. 3 Logistic Regression
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3.2.1. Linear Probability Model (88 &E& &)

OIF BISBIA0 ol N8 28 EY)=r()=f,+fxS &L 8 2H0l2 80+ 0|2
ldentity Link (S ©Z)0lgt BHCh. A2 50/ AHoE#s  x o ol me
HE(lineanS2 HEICH 0] 2HS 0/8 e H21 58S O1Z B4 2= GLM OICH
0l @S x o 2 g, =2 ol M2t 42 8(7)0 2409{LF 1 0149 o2
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3.2.2. Logistic Regression Model
g =8 ZE=2 FAX® 2MIt UL 43 =EE(
i

2 x o d"HEel 20t
UCHIIECE HIEE tEE = JCH x 2 #Hstgds I8 0 OlLh 1 0 O

L0l A=

dsk0| M2 210ICH O Z2HE S-EH 2822 UEE &= US 240IC
1— P >0
. 7(X) 1
logit(z(x))=In = By + B X
git(z(x)) (1_”()()) Bo + Py
7(X)
7(X) = exp(fo + A1) <0
1+exp(By + B1X)
0 X
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Categorical Data Analysis Ch. 3 Logistic Regression

f2l HEZ log odds HE Z2HZ Logit 20/t StCH.

= xOb o2 20 Tt 42
stEo p o 2500 et 0( B <0) B2 1( 4, >0)00 2A

StCt. gtef B Jt 0 0l
or(X)
OX
tH (AW) | B, 101 25 JI=J10t oL

HSHe= 8B x 2 SEOI(EEs X ZeOh).

=pr(X[L-7z(x)] 0122

OII

2()=1/2 0K 21210t & 2
Inference (F3&)
Logit 2EO0A =2AH H=( /)’i,i=1,2,...,p)9| =8 2 ZE¥ MLE (Maximum Likelihood

Estimate)0il CH8h Wald (1943) S22 H 20 e HE= dP242 s £0h

Bi £2,,2ASE(S;) : ASE = Asymptotic Standard Error (2AF & 2X})

D pe=(B By By) =08 ZEED FHX.
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(E =9 HEW 23 H=0 RoAds ZHolAH Hp:p =0, 2 23N, 38N €9
0

ICh L & Ful-2E0Me 20 25 &=,
L, € Reduced-2(f«=(fy, fz..fy) =02 310 LES ZL)0M 20 & &4ef

otH CtS0l HE&tCt. 02 GLM 2| Deviance(H 0 &)t & 2I&tCt. Reduced 28
a8 X0IJt Mo ARINEUHAM Sootkl HCtn LFst

A
T
B2l Ha)e 8BS HeE RAXNCZ ZdoA Rotlhe 2A0I0H

|

~2In(E) ==2lInl; ~Inly]=-2L, - L]~ 2% (@)

GLM 2| Deviance 2 1

Qo] ZI= Theorem -29LEH ~ y?2 O22H (8

Wald(1943)= 2= FEX2 HE=2 37 X 2A 0180 2H5tH Ch

Br Cov(Be) px ~ 2% (@)

Wald SHE >

Logit 282 H= F=&O0 CHSt KXMS LHES Categorical Data Analysis —Alan Agresti

(1990), Wiley publication- page 112-117 & 116tJ| HtetCh.

AF ZDH HOIX 27 &)

= SZotLh
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Categorical Data Analysis Ch. 3 Logistic Regression

3.2.3. Inverse CDF(E &%) Links
HOIX 61 0N &H3 EE(#(x)) =2 SH

= ( &=
(cumulative probability density function)2| SEH2t R AGHCH 2t B <02 2= x Al

-x UiXlotH 28 B2 =01,
0f MAZ ( z(X)=F(By +piX) F = SHSEEUE &) 01800 SHUZ&=+9
AEH+E HE 42 2= GLME €2 = QUL

FH(z(0) = o + ux
p1>002 AR logistic 3l 2 z(x)=exp(Bg + S1X) [[L+exp(By + f1X)] 2 Logistic &2
SHELUSTE 2 SASHC.

+ Logistic 2B T8 (pd) f (x| i, f) = = — 2 P gy,
B [L+exp(—(x— ) B)] 3

1
[1+exp(=(x—u)/ p)]

* Logistic FHEE U8 (cdf) F(x |, B) =

p1>001 B2 logistic 3lH 28 7z(x)=exp(By + S1X) [[L+exp(Bg + f1X)] 2 Logistic & &2

SHEUTE 2 RACHH

Logistic regression &2 BteF F Jb 4=0,r=10Q HZF CDF 0I® z(X)=F(By+ 61X

222
3

2+
=

Ol Logistic X &2

EH

o
iy
rir

Ct. O &8 ZEZO0l -a/p 0111 Z4HOI
CDF OICt. & Logit H &2 logistic CDF 2 < &h==0l L.
Probit model

Dot F J} EZE3 FHAEZ CDF O 012 z(x)=d(f+fx) = Probit D OICH.
dA=E2 W2|Jb Logistic X2 NEIEL B2 z(x)IF O %2l 0 ol 1 2
s §

Probit(z(x)) = ® 2 (7(x)) = B + BiX

324 288 =3

Linear probability model: 7(x) = g + f1X

Logit model: |n(1_7%7([—AX()X)) = fBo + f1X

Probit model: <I>’1(7%(x)) = Bo + BiX
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Categorical Data Analysis Ch. 3 Logistic Regression

Thymidine Al & 49| ZAl 2 X2(LNY 2 X DE 235 o173 D=0

23tE 28 d20/2t] 2636t 0l 1 2 2Y oI”LCH LI 2 14 ==0lA 27 X =0l
(R=X) ZAEACH
LI =z 2k s 2tet &k =+ z(x) =X
8 2 0 0
10 2 0 0
12 3 0 0
14 3 0 0
16 3 0 0
18 1 1 1
20 3 2 2/3
22 2 1 1/2
24 1 0 0
26 1 1 1
28 1 1 1
32 1 0 0
34 1 1 1
38 3 2 2/3
DATA CANCER;
INPUT LI CASE GOOD @Q@;
CARDS;
8 2 0 10 2 0 12 3 0
14 3 0 16 3 0 18 1 1
20 3 2 22 2 1 24 1 0
26 1 1 28 1 1 32 1 0
34 1 1 38 3 2
RUN;
TITLE 'Linear Link Function';
PROC GENMOD DATA=CANCER;
MODEL GOOD/CASE=LI /LINK=IDENTITY| DIST=NORMAL;
OUTPUT OUT=0UT1 PRE D=YHAT LI;
RUN;
TITLE 'Logit Link Function';
PROC GENMOD DATA=CANCER;
MODEL GOOD/CASE=LI /LINK=LOGIT |DIST=BIN;
OUTPUT OUT=0UT2 PRED=YHAT LO;
RUN;
TITLE 'Probit Link Function';
PROC GENMOD DATA=CANCER;
-'I'- Sehyug Kwon, Dept. of Statistics, Hannam Univ. & s
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Categorical Data Analysis

Ch. 3 Logistic Regression

MODEL GOOD/CASE=LI /LINK=PROBIT;
OUTPUT OUT=0UT3 PRED=YHAT PR;

RUN;
DATA FIN;
MERGE OUT1 OUT2 OUT3;
RUN;
PROC PRINT DATA=FIN;RUN;
oz 49
» GENMOD = GENeralized linear MODel 2| 2-0{ 0| CI.
* Model 2 22 &SI USH=FZHSLS HEHE =0
e LINK = &85 XI&EstCh.
v’ Linear Probability Model Ol M= B8¥H = EAE2E &+ 4& (DIST=Normal)
v Logitmodel A= BtSHs ZELE Ol EZEZ &F
v Probit il Al= DIST JF 22 SICH
* OUTPUT ZE(statement)2 28 =8 Z2UE MESHC
e OUT SH82 212 M &ol= SASdata 0|52 X&SHLH
e HH =& ZUE MEEX XIFstC).
v PRED=YHAT1 = 0 =Xl|(predicted value)E YHAT1 B0 M&SECH P=
v RES= / U= /L=
Data Set WORK, CANCER
Distribution :
lﬁink Funcaiun e e | | EntG[ithB Linear Prob. Model
esponse Yariable [Events AN *
Response Yariable (Trials) CASE #(x) =-0.2507+0.0288* LI
Observations Used 14
Humber Of Evgnts 9
Humber Of Trials 27 ~2(L, - Ly)
Criteria For Assessing Go g 0f Fit
Criterion Yalue Yalue/DF
i 12 48145 o.4012 . _
Scaled Deviance 12 54,2159 45180 | €88 = LI= =20t
Pearson Chi-Sguare 12 2. 4072 0. 2006 orol = -
Scaled Pearson X2 12 27,1080 2.258490 2Ol £5(0.0288)E
Log Likel ihood 11,3542
JIXIEZ LI It
AN The relative Hessian convergence criterion of 0.22539714 SOteES Y 23l
than the limit of 0.0001. The convergence is guestionable.
H22 =0t&ICH
dnalvsis Of Parameter Estimates
Standard Wald 95% Confidence Chi-
Parameter OF Estimate Error Limits Square Pr = ChiZ=g
Intercept 1 -0, 2607 0.1380 -0.8212 0.0198 3.30 0.0893
LI 1 0.0283 0.0083 0.0166 0.0411 21.28 ¢ <, 0001
ocale | LI, 2ol . Uaed . Zadb [LGH}=ia]
T E: The scale parameter was estimated by maximom likelihood,
-IATG Sehyug Kwon, Dept. of Statistics, Hannam Univ. & 5
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Categorical Data Analysis

Ch. 3 Logistic Regression

Data Set

Distribution

Link Function

Fesponse Yariable (Events)
Fesponse Yariable (Trials)
Dbservations Used

Number Of Events

Number Of Trials

WORK, CANCER
Binomial
Logit

GOOD

CASE

14

g

a7

Criteria For Assessing Goodness Of Fit

Logit Model

2
n( y

1-7(X

))=—3771+01449*LI

1

T 1+exp—(-3.771+0.1449%LI)
A

7(X)

Criteriaon DF Yalue Yalue/DF
Deviance 12 15,6622 1..3052 _
Scaled Deviance 12 15. 6622 1.3057 Y84 LI = K260
Pearson Chi-Square 12 13.3333 11111 o= -
Scaled Pearson X2 12 13,3333 1.1111] &2 £5(0.1449)E
Log Likelihood -13. 0365
IRE=Z {2 AuAM
&lgarithm converged. LI Ot Sote==
Y 23t HlE =0&ICH
dnalvsis Of Parameter Estimates
Standard Wald 95% Confidence Chi-
Parameter DF Estimate Error Limits Square Pr = ChiSg
Intercept 1 3.7 1.3736 -5, 4792 -1.,0751 7.51 0. o0&
LI 0.1449 0.0593 0. 0286 0.2612 595 v 0.0146
Bcale 1] 1. 0000 I, 0000 1. 0000 1, 0000
Bata Sgt WOHE.EANEE?
istribution inomia .
Iﬁink Func&inn ble (E :I F‘ragé‘[c) Probit Model
esponse Yariable (Events 1,4
Respanse Yariable (Trials) CASE @ (7(x)) =-2.3178+0.0878* LI
ppservat [ons Lsed 1 #(X) = D(~2.3178+0.0878*LI)
Number Of Trials 27 4

Criteria For Assessing Goodness Of Fit

Il http://wolfpack.hannam.ac.kr i

Criterion DF Yalue Yalue/DF
Deviance 12 15, 4437 1.2870 _
Scaled Deviance 12 15,4437 1. 2870 &YH % LI = |26t
Pearson Chi-Square 12 13, 2661 1.1065 o= -
Scaled Pearson X2 12 13. 2661 1.1056| 22 £5(0.0328)E
Log Likelihood -12.9z272
IRE=2 229 AuAM
41gorithm converged. LI Ot Sote==
Y 23t HlE =0&ICH
dnalvsis Of Parameter Estimates
Standard Wald 95% Confidence Chi-
Parameter DF Estimate Error Limits Square Pr = ChiSg
Intercept 1 -2.3178 0.7795 -3, 8457 -0,7399 5,84 0.0029
LI 0.0373 0.03523 0. 0236 0.1521 719 v 0.0073
scale 1] 1, 0000 I, 0000 1. 0000 1. 0000
-'I'- Sehyug Kwon, Dept. of Statistics, Hannam Univ. & 55
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Categorical Data Analysis

Ch. 3 Logistic Regression

Obs LI CASE N YHAT_LI

YHAT_LD YHAT_PR

[ N N w0 Y B n ]

2

M — OO -1 o —
= ——— — I — LI LAMIMd

MR—o——oO—rn—oooo0

deilE Oeld|

-0,
03763
09837
15305
21074
26842

0193939

J2610
38378
44145
43314

. BhEE3
67219
12387
84523

0BT
05573
11519
14817
18857
23693
23320

2545
9733
. BB931
CT0EEd
JTE815
LB4911

oOooooooooooood

0.05316
d, 07s04
0.10319
0. 13932
0, 158084
0. 2307
0. 28747
35660 0. 35009
g, 41707
0. 45656
0. 55645
0.658914
0, 74829
0. 84626

SYMBOL1 I=L3 V=NONE C=BLACK;
SYMBOL2 I=L3 V=NONE C=RED;
SYMBOL3 I=L3 V=NONE C=BLUE;
AXIS1 ORDER=0 TO 1 BY 0.5

LABEL=('PHI HAT');
AXIS2 ORDER=8 TO 38 BY 10

LABEL=('LI LEVEL'");
TITLE 'PHI HAT BY MODELs';
PROC GPLOT DATA=FIN;

RUN;

Symbol: &0 CHEt S48
V= value C=color I=interpolate
Axis = 0| 28t Sd

ORDER= =3, LABEL=X 0|8

PLOT (YHAT LI YHAT LO YHAT PR)*LI /OVE

RLAY VAXIS=AXIS1 HAXIS=AXIS2;

N
PHI HAT BY MODELs

PHI_HAT
1.0

0.581

0.01

LI LEVEL

£

N

Il http://wolfpack.hannam.ac.kr i
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Categorical Data Analysis Ch. 3 Logistic Regression

Recall: 3|AZHUHAME &2 [1999¢ 18tD| Z9Q]

s SEHI BEFE B0 FR GBS Q1 2HE dHE=0 ASET

o ZEHAO £F0| 3 I 0lAQ ZR LOGISTIC 282 AFEdt= 2401 OfL|2t CATMOD S
MBolOF STt AZsh 20| QJUCH. Q4L+ CATMOD = CATegorical data MODeling <2l
oz EFHHL Nz 2ESI0IM, LOGISTIC L& 2 CATMOD JI1¥ 2l st £2LLICH

* LOGISTIC REES B H=2 £F01 3 M 0l&Q ZR0U T ItsdtLl SHESIt
F58 W= = ordinal(&EA8©ESE: nominal )2 ZR2H JISSHCH. &ME B2
Jlgel 321 (o, 5.,4), A2 &H (25, 28, 22), &&(A, B, ¢, D) & A
=AU 2 2FE &<

ODDs JH¥ (Betting & JI1&E0| & Ch)
* p/(1-p): T AFH0l LaE IIsH[p=05L &L 10ICH JIF]
e 5t=0] 2002 & 16 20l S{Z &E 0.10/H 1/9 0| Odds O|Ct. => 1% betting, 9% return
e H2tA0l 2002 E 16 20 SHZ E 0.8 01 4 It 0dds OICH. => 4$ betting,

1$ return
OLS Ygo &
c 2SI S R 2 H=2 t-ZESHEHE 01 KL
* E(Y)=Prob(Y=24)0|22 &2 =0l UCH &M @& 0, 1, 2 OlLt GIZEX= 1
20 ZMe =E0|C0.
c2EY B SH 4 0249 IHSHO0| &0

ODDS TRANSFORMATION

-

* p/(1-p)E odds transformation 0|2t StCt.
e p=Pr(y=1)2 &0/t otA.p= 01 1 AOI0IE2Z odds = 0 It «0|C}.
*Log B&S t® LOG{p/(1-p)}= -2t wAtOl2] Bt0OI22

LOGIT (p) = |n(1L) = Bo+ PiXy+ BaXg+.t BpX p+e
-p

1
=> P= 1+ o Pot X1 Bo Xt fpX pre)
Sehyug Kwon, Dept. of Statistics, Hannam Univ. & s
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Categorical Data Analysis Ch. 3 Logistic Regression

2Eo Hgd 33 € FAAHs rAd HE
e -2log L , AIC(Akaike Information Criterion) Schwartz Criterion=> Adjusted 2Z & }|==2t

= Abet JHE

« 3 AH2 Rod HBE2 Wald 2| Chi-square 28 SH 2 0|E&tHC.
The LOGISTIC Procedure PROC LOGISTIC DATA=LOGIT;
MODEL Y=X1-X5/CTABLE INFLUENCE;
Response Profile OUTPUT OUT=0UT1 P=YHAT,;
Ordered RUN;
Value Y Count PROC PRINT DATA=OUT1;
2 1 32
No Event

Model Fitting Information and Testing Global Null Hypothesis BETA=0

Intercept ~
Intercept and L 289 R4 HH =
Criterion Only Covariates Chi-Square for Covariates o= 5AHA= 00ICH
AIC 92.094 13.541 . P-gt0l 0.0001 Ol2=2
SC 94.268 26.587 . S o
-2 L0G L 90.094 1.541 88.553 with 5 DF (p=0.0001) HEHE JIA
Score . . 41.640 with 5 DF (p=0.0001)

H=3 A=

Analysis of Maximum Likelihood Estimates

Parameter Standard Wald Pr > Standardig 0dds
Variable DF Estimate Error Chi-Square Chi-Square Estimate Ratio
INTERCPT 1 18.4986 15.6692 1.3937 0.2378 . .
X1 1 -0.3601 0.4981 0.5229 0.4696 -8.229764 0.698
X2 1 -0.3064 0.2870 1.1397 0.2857 -12.092019 0.736
X3 1 -0.3442 0.3233 1.1332 0.2871 -8.376680 0.709
X4 1 0.00200 0.0624 0.0010 0.9744 0.205829 1.002
X5 1 -5.7610 5.9634 0.9333 0.3340 -3.416152 0.003

Association of Predicted Probabilities and Observed Responses

Concordant =100.0% Somers' D = 1.000

nrre p——>»»

Hdg8sx ROlHd HE => 3
Discordant = 0.0% Gamma = 1.000 H = _'(_)OIEP.l &l
Tied = 0.0% Tau-a = 0.508
(1056 pairs) c = 1.000 FC’;%Al*OI 0.05 0I5t2l HHH0F
o Sehyug Kwon, Dept. of Statistics, Hannam Univ. & 5o
NAM
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Categorical Data Analysis

Ch. 3 Logistic Regression

Classification Table

Correct Incorrect Percentages
Prob Non- Non- Sensi— Speci—- False False
Level Event Event Event Event Correct tivity ficity POS NEG
0.000 33 0 32 0 50.8 100.0 0.0 49.2 .
0.020 31 29 3 2 92.3 93.9 90.6 8.8 6.5
0.040 31 29 3 2 92.3 93.9 90.6 8.8 6.5
[A42f]
0.500 31 29 3 2 92.3 93.9 90.6 8.8 6.5
0.520 31 30 2 2 93.8 93.9 93.8 6.1 6.3
0.540 31 30 2 2 93.8 93.9 93.8 6.1 6.3
0.560 31 30 2 2 93.8 93.9 93.8 6.1 6.3
0.580 31 30 2 2 93.8 93.9 93.8 6.1 6.3
[A2f]
0.740 31 30 2 2 93.8 93.9 93.8 6.1 6.3
0.760 31 30 2 2 93.8 93.9 93.8 6.1 6.3
0.780 31 30 2 2 93.8 93.9 93.8 6.1 6.3
0.800 30 30 2 3 92.3 90.9 93.8 6.3 9.1
0.820 30 30 2 3 92.3 90.9 93.8 6.3 9.1
0.840 30 30 2 3 92.3 90.9 93.8 6.3 9.1
[A2f]
0.980 30 30 2 3 92.3 90.9 93.8 6.3 9.1
1.000 0 32 0 33 49.2 0.0 100.0 50.8
Sensitivity=Event Bt& = EventZ 0l
=& "l
Specificity=No event = No EventZ —
Ol== Hl2 HASX|ILL OIMXIE LAHS=E 23
SHEOICH.
O PhatgtE JIE2Z2 BISBHRH(E
EHME 2FREX] Z2Ho0F St C, Cbar= Cook distancell 2HE
g0 U
Z2d2 SAX =20 ostch
BMoZ 058 JIELZE ot R DIFDEV, DIFCHISQ<= ill-fitted 2=
otLt, Classification Table2| M2 E 0| XE &aAstE AEE0
2ol =& F(misclassification) costIt
e M2 999 pPhatE 0|&dtes
20| dHe &G
ol WHOAM= Ue 062 =L
Sehyug Kwon, Dept. of Statistics, Hannam Univ. &
HAN
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Categorical Data Analysis Ch. 3 Logistic Regression

The LOGISTIC Procedure
WARNING: The validity of the model fit is questionable.

Regression Diagnostics

Pearson Residual

Covariates
Case (1 unit = 0.06)
Number X1 X2 X3 X4 X5 Value -8 4 02468
1 36.7000 -62.8000 —89.5000 54.1000 1.7000 0 | * |
2 24.0000 3.3000 -3.5000 20.9000 1.1000 0.1531 | * |
3 -61.6000 -120.8 -103.2 24.7000 2.5000 0 | * |
4 -1.0000 -18.1000 -28.8000 36.2000 1.1000 8.1026-7 | * |
5 18.9000 -3.8000 -50.6000 26.4000 0.9000 3.477e-6 | * |
6 -57.2000 -61.2000 -56.2000 11.0000 1.7000 0 | * |
7 3.0000 -20.3000 -17.4000 8.0000 1.0000 6.5186-6 | * |
8 -5.1000 -194.5 -25.8000 6.5000 0.5000 0 | * |
9 17.9000 20.8000 -4.3000 22.6000 1.0000 0.4861 | *|
10 5.4000 -106.1  —-22.9000 23.8000 1.5000 0 | *
[82]
Deviance Residual Hat Matrix Diagonal INTERCPT Dfbeta
Case (1 unit = 0.08) (1 unit = 0.06) (1 unit =6.14)
Number Value 8 4 02468 Value 02468 12 16 Value 8 4 02468
1 0 | * | 1.38E-17 |* | 0 | * |
2 0.2153 | * | 0.7022 | * | 0.1268 | * |
3 0 | * | 6.13E-40 |* | 0 | *
4 1.146E-6 | * | 2.8E-10 |* | 122611 | * \
5 491766 | * | 3.749-9 |* [ 1.596-10 | *
6 0 | * | 1.526-26 | | 0 | * |
7 9.2188-6 | * | 1.1866-8 |* | 6.64E-10 | * \
8 0 | * | 2.08E-34 |« | 0 | *
9 0.6513 | *| 0.9824 | *| 14.9499 | * I
10 0 | * | 1.3-18  |* | 0 | *
[a4ef]
X1 Dfbeta X2 Dfbeta X3 Dfbeta
Case (1 unit = 5.9) (1 unit = 4.15) (1 unit = 2.87)
Number Value -8 -4 02468 Value -8 -4 02468 Value -8 -4 02468
1 0 | * | 0 | * | 0 | * |
2 0.1823 | * | -0.3625 | * | 0.1328 | * |
3 0 | * | 0 | * | 0 | * I
4 -111E-13 | * | -658E-14 | * | -107e-13 | * \
5 -153E-12 | * | -857E-13 | * | -191e-12 | * \
6 0 | * \ 0 | * | 0 | * |
7 -466E-12 | * | -492E-12 | * | -446E-12 | *
8 0 | * | 0 | * | 0 | * \
9 -15.8791 | * | 0.6392 | * | -12.3060 | =« |
10 0 T * [ 0 1 * [ 0 1 * [
[gat
X4 Dfbeta X5 Dfbeta C
-'I'- Sehyug Kwon, Dept. of Statistics, Hannam Univ. & 6l
KAM
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Categorical Data Analysis

Ch. 3 Logistic Regression

Case (1 unit = 3.51) (1 unit = 5.66) (1 unit = 489)
Number Value -8 -4 02468 Value -8 -4 02468 Value 02468 12 16
1 0 | * | 0 | * | 0 I |
2 -0.2647 | * | -0.1391 | * | 0.1857  |* I
3 0 | * | 0 | * | 0 Ix |
4 5.99-12 | * | -981E-14 | * | 1.846-22 |* \
5 5.81E-11 | * [ -114E-12 | * | 4.53-20 | \
6 0 | * | 0 | * | 0 I |
7 1.93-10 | * | -B58E-12 | * | 5.046-19 |* \
8 0 | * | 0 | * | 0 Ix |
9 6.7576 | | * | -9.0523 | * | | 752.6 | = |
10 0 | * | 0 | * | 0 Ix |
CBAR DIFDEV DIFCHISQ
Case (1 unit = 2.7) (1 unit = 2.73) (1 unit = 2.72)
Number Valuee 02468 12 16 Valuee 02468 12 16 Valuee 02468 12 16
1 0 Ix | 0 |* | 0 Ix |
2 0.0553  |* | 0.1016  |* | 0.0787  |* |
3 0 |* | 0 I* | 0 Ix |
4 1.846-22 |* | 1.31E-12  |» | 6.56E-13 |* \
5 4.53-20 |+ | 242611 |» | 1.21e-11  |* \
6 0 Ix | 0 |* | 0 | |
7  5.04E-19 |+ | 8.5E-11 |x | 4.256-11  |* \
8 0 |* | 0 I* | 0 Ix |
9 13.2176 | * | 13.6419 | * | 13.4539 | * |
10 0 |* | 0 I* | 0 Ix |
0BS X1 X2 X3 X4 X5 Y _LEVEL_ YHAT
1 36.7 -62.8 -89.5 54 .1 1.7 0 0 1.00000
2 24.0 3.3 -3.5 20.9 1.1 0 0 0.97710
3 -61.6 -120.8 -103.2 247 2.5 0 0 1.00000
4 -1.0 -18.1 -28.8 36.2 1.1 0 0 1.00000
5 18.9 -3.8 -50.6 26.4 0.9 0 0 1.00000
6 -57.2 -61.2 -56.2 11.0 1.7 0 0 1.00000
7 3.0 -20.3 -17.4 8.0 1.0 0 0 1.00000
8 -5.1 -194.5 -25.8 6.5 0.5 0 0 1.00000
9 17.9 20.8 -4.3 22.6 1.0 0 0 0.80888
10 5.4 -106.1 -22.9 23.8 1.5 0 0 1.00000
[a2¢]
64 60.3 59.5 7.0 226.6 2.0 1 0 0.00000
65 17.9 16.3 20.4 105.6 1.0 1 0 0.00402
66 24.7 21.7 -7.8 118.6 1.6 0 0.03417
Yhat= Pr(Y=Event)2] 2HEX =

Event(Y=1)2

UM =25
XE 1JE(H3E; event

2 YhatQ

=}
Olstol ™

0 J5(

Al
=

20l 0.62CH IH &A=
IH; non-event)2

:

Il http://wolfpack.hannam.ac.kr 1I
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Categorical Data Analysis

Ch. 3 Logistic Regression

A
E:‘_I_

= 28 [Selection of Variables]
Q I

HEE g = UL

PROC LOGISTIC DATA=LOGIT;

RUN;

MODEL Y=X1-X5/SELECTION=STEPWISE SLENTRY=0.05;

NOTE: Model building terminates because the last variable entered is removed by the Wald statistic criterion.

Summary of Stepwise Procedure

Variable Number Score Wald Pr>

Step  Entered Removed In Chi-Square  Chi-Square  Chi-Square

1 X2 1 31.0487 0.0001

2 X3 2 4.7115 . 0.0300

3 X3 1 2.8334 0.0923

Analysis of Maximum Likelihood Estimates
Parameter ~ Standard Wald Pr> Standardized Odds

Variable DF Estimate Error Chi-Square Chi-Square Estimate Ratio
INTERCPT 1 1.1717 0.8103 2.0908 0.1482 . .
X2 1 -0.1738 0.0568 9.3800 0.0022 -6.859194 0.840

PROC LOGISTIC DATA=LOGIT;
MODEL Y=X2/CTABLE INFLUENCE;
RUN;

PROC PRINT DATA=0UT1,;

OUTPUT OUT=0UT1 P=YHAT,;

ClassificationTable
Correct Incorrect Percentages

Prob Non- Non- Sensi— Speci—- False False
Level Event Event Event Event Correct tivity ficity POS NEG
[A4eF]

0.300 32 30 2 T 95.4 97.0 93.8 5.9 3.2
0.320 32 30 2 1 95.4 97.0 93.8 5.9 3.2
0.340 32 30 2 1 95.4 97.0 93.8 5.9 3.2
0.360 32 30 2 1 95.4 97.0 93.8 5.9 3.2
0.380 32 30 2 1 95.4 97.0 93.8 5.9 3.2
0.400 32 30 2 1 95.4 97.0 93.8 5.9 3.2
0.420 31 30 2 2 93.8 93.9 93.8 6.1 6.3
0.440 31 30 2 2 93.8 93.9 93.8 6.1 6.3
0.460 31 30 2 2 93.8 93.9 93.8 6.1 6.3
0.480 31 31 1 2 95.4 93.9 96.9 3.1 6.1
0.500 31 31 1 2 95.4 93.9 96.9 3.1 6.1
0.520 31 31 1 2 95.4 93.9 9.9 3.1 6.1
0.540 31 31 1 2 95.4 93.9 9.9 3.1 6.1
0.560 31 31 1 2 95.4 93.9 96.9 3.1 6.1
0.580 31 31 1 2 95.4 93.9 96.9 3.1 6.1

Sehyug Kwon, Dept. of Statistics, Hannam Univ. & 3

A
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Categorical Data Analysis

Ch. 3 Logistic Regression

0.600 30 31 1 3 93.8 90.9 96.9 3.2
0.620 30 31 1 3 93.8 90.9 96.9 3.2
[a2t]
0BS X1 X2 X3 X4 X5 _LEVEL_
1 36.7 -62.8 -89.5 54.1 1.7 0
2 24.0 3.3 -3.5 20.9 1.1 0
3 -61.6 -120.8 -103.2 24.7 2.5 0
[a2t]
9 17.9 20.8 -4.3 22.6 1.0 0
10 5.4 -106.1 -22.9 23.8 1.5 0
[aet]
65 17.9 16.3 20.4 105.6 1.0 0
66 24.7 21.7 -7.8 118.6 1.6 0
9B 2=XJt @2=. J2ld O
M2 Yhato] 20l 052 122
Q0| ZAUCE 2= FE0
QUCHO; 2= 2
J2U 222 HIgS o 2o
Hlol 2A5IACH M2 Hgsx2
S29o 585 =AUCL

groF 050l 2ol S 2Fotd® G

DATA FIN;
SET OUT1Z,

IF (YHAT>0.5) THEN GROUP="NON-EVENT’;
IF (YHAT<=0.5) THEN GROUP="EVENT;

RUN;

PROC PRINT DATA=FIN; RUN;

8.8
8.8

YHAT

0.99999

0.64523

1.00000

0.07990
1.00000

0.15956
0.06913

Sehyug Kwon, Dept. of Statistics, Hannam Univ.

&
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Ch. 3 Logistic Regression
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Categorical Data Analysis

Recall:

Il http://wolfpack.hannam.ac.kr 1I

3l A Ao mw = W~ ol W Ok & o= =0 c 0
= < S o 2 g 0l R B R o3 S Ul &0 _ 3
s B =4 - 0 & A R % _ _ & = s o 9
m o D . K4 mn_ 1 Kk B mu.._ S D s
il AW = AL R N g <k 52
£ B o o ol O I 3 ol T < © ) H = 3 -
g gﬁ R Ao omo E® _m M __ﬁﬂ 5 £
mmT +1Qw_.___ OF 2085 &R & g ™ .mm
2 [ W o & W ® o< b - 8 8
2 B s S a & W B 8 s o o B > s O < <
E B A S e} 5 i H KH W) IR 5 AN
g £ T _ R Mmoo g g W T o3 .
S0 T Eu aoo_ep@mﬁc#dol.__Ho:I s Mo WS o
£ . MA/ e TH o W= 1 B _ F WS . ol = N, O =)
g £ T - Tz Ki oo O = 3 v R - o
8 & & &% 3 > 5 g 3 3 3 A o g 8 3 -

E 0 T ~ ° ST [ - = s © o I :
R RN g 2 = ol R ° _ x 2
1 — i o=_ R - o [m] T - o XN [
FE T B B O S < = < m > < c =

20 i oy KUK = 8 o = 245 2 £ 3 h - U g =
gl o 10w ~ - = Kl T T Y _m 8 ol K U = R0 = &l m @
mED s X Wt w o Q N s o2 s o 5 g
T - TR, Mty =T S oA N D oSG T
s o &g W T Y oow < TR 2 o 5 5

2 o 2 S IR T o O BB + 2= + o W S M = S
g T g Ra 4 2w 2 C o z 0o W2 =

= SRS - I — — oA ) T
e Mﬁ g° " Y w2 oS8 2 € ¢ x oo E 2
N 2 - o T o Ui ™ 2 "N + = —
W O g T mE =z B 5 cn s -
<F o B m wn — ol Mm il w w_ = n g w b o = _w:_ um =
B W e Sy _KHUEM SO S 9 NS g n o= g
il g kg T S X gl R m____ I R0 O _m - = S WS A al]
el A TR R T . = O oo & 5 o= W o S

B gy ™~ o3 M 20 o < =< o ol > S 5
W< T N TS ] DY o3 iy o <F s 0 ) X
ey < _ a s m oo oy m 2 m = SO oW o
St dRbar Tsaf soZo § AN A g o S =)
g2 0" o [ o =) o el = ol oy e - 8) o =
O3 oy _w ™ o Hodo MmO 8382 g
W < S ur R <F wr _ oo oy O o= o ﬂ |r ﬂ 0 o~ 33 o - _ O

w <l 3 B LB < wr o < L 3 LD Xl <l O + n & o K
Mook YR O oS MR AR n RO 8 @ § = = Qo M m 2
B OB S M o3 A KM S S W R e oo S w___ W8 S & @ I |u..Hw



Categorical Data Analysis Ch. 3 Logistic Regression
ZAAE 5AH 28
BELE HSE p=Pr(Y=1 ct] M5 2H X Baz= HHE A0 20Y &S0
(y=1) €Ct. 2Ocll] 64J10 ODDS H&s of 22Xt
*__Pi
Pi 1-p;
= (0.1) ALOIS] 22 JIX22 pl e (0, ») 2t JIALCL In(p) &S 5t 0
BHas (o) 22 JIKEE S 22 282 MU = = ULH
|n(1 plp ) O!+ﬂ1X1| ﬁZXZi +..+ﬁp pi +€j §X|£§J _C‘!_éo:l
— M
o L2 UA MH s 20
{a+pixi+Baxai+.+BpXpit
i =Priy =1|x) = + €,
! =11 14 e @t Arxai+PoXai .+ BpXpi} '
=Pr(Y =1|x) L
- o= _1+ —a+pixi+BoXoi+.+BpXpit
289 Hgd 2E L A RAL BE
28 MM RAHES -2Log L , AIC(Akaike Information Criterion) Schwartz Criterion 2
01835 (Adjusted Z&AH =2t FALSH JHE) 3IH A o4 HE2 wald 2 Chi-
square 2 SHEZS 0l=&tLt.
20X NME AI20 Logistic 3l HE42 & AlIGHA

=)

=z I & Logistic 24
IDATA TURKEY
INFILE 'C:%TEMP, TURKEY.TXT!

INPUT ID § HUM RAD ULMN FEMUR TIN CAR D3F COR SCA TYFE $:

RUH:
IPROC LOGISTIC LATA=TURKEY

MODEL TYPE=HUM--3CA4

BUH:
& 66

Sehyug Kwon, Dept. of Statistics, Hannam Univ.
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Categorical Data Analysis

Ch. 3 Logistic Regression

21 oA
Model Information
Data Set WoRE, TURKEY
Response Variable TYPE N
HumEer n; EESDDHSE Levels gq Nz2l ==J 33
umber o servations -
Link Function Logit A= 19 Otel
Optimization Technique Fisher's scoring OFA 14
Response Profile
Ordered Total
Yalue TVPE Frequency
- Event=1: Pr(Y=1) Al
1 DOMESTIC 19
2 WILD 14
(B2 Me Do RO HH
Testing Global Hull Hypothesis: BETA=0 dHEc=z= 7o
Test Chi-Sguare OF Pr = ChiSg
Likel ihood Ratio 44,9383 g <, 0001
Score 5. 5460 g 0, 0024
Wald 0.8136 g 0,9335
dralvsis of Maximum Likelihood Estimates
standard
Parameter CF Estimate Error Chi-Square Fr = ChiS5g
Intercept 1 E9.1293 13221 0. 0020 0.9643
HLIM 1 0. 4031 o3, 6496 o, aom 0.9903
FaD 1 -2.33390 34, 4951 0. 0045 0.9459
LK 1 11,9542 T, 4043 0, 0637 0,738
FEMLR 1 2.0 18,0251 0,025 0.9109
TIH 1 -2.7279 19,9102 0.0188 4 0.8310
Al BHae 2220 OIgt R4 Z2AE, JUL0F OA 2o 20l= B30 st
Sold 2 2 & Kolst HEI BO|X &=Lt
A The walidity of the model fit is questionable. e SO/ oS saco
bralvsis of Maximum Likelih SojM AN =Y =
Standard
Parameter OF Estimate Error Chi-5Square Pr = Chikg
CAR 1 0. 2361 6. 77E 0.omz 0,97z
03P 1 0. 4089 &, OGBS 0. 00&R 0.9357
COR 1 -2, 4476 15,5680 0. 0247 0,871
SCA 1 -0. 2290 19, 7547 o, 0oo 0. 9908
w  Sehyug Kwon, Dept. of Statistics, Hannam Univ. & o7
HAN
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Categorical Data Analysis

Ch. 3 Logistic Regression

g8 T8 & 20 oA

IPROC LOGISTIC LATA=TURKEY:

MODEL TYPE=HUM--SCA4 / SELECTICHN=STEPWISE SLE=0.2 3L3=0.1:

RUH:
@2 STEPWISE 220l SLE=0.2(ENTRY) SLS=0.1(STAY)O0ICt. 2XAEHME=E Ol
A& S AIESoHH =0
Summary of Stepwise Selection
Effect Humber Soore Wald
Htep Entered Remoyved DF In Chi-Square Chi-5Square Pr = ChiSa
| TIN | | 21,6200 <, 0001
2 FEMUR 1 2 5. 6931 . 0.0170
3 FEMUR 1 1 . 1.8310 o, 1702
dnalysis of Maximum Likelihood Estimates
Standard
Parameter OF Estimate Error Chi-Square Pr = ChiSg
Intercept 1 T3, 3164 27,1245 T7.3060 0, 0059
TIM 1 -0, 5027 0.1863 7. 2855 0. 0ava
ZNEHCZ dE8E Ha= TIN B50|CH.
BICAl €1 A2 B4 ZEGHH Has O

PROC LOGISTIC DATA=TUREEY:
MODEL TYPE=ULMN TIN HUM RAD FEMUR CAR D3P COR 3CL /
SELECTICH=3TEPWI3E SLE=0.2 3L3=0.1 INCLULDE=2;

A c=2
> B2 €1
K

X AE

otz M3 2 JHe

Ha-E BIEA EZEotet= =80l INCLUDE=2 OICt. 0] & MODEL =20 Z&dt)|
2ol B8 BIEAl MY 20 MOF SHCH.
bnalvsis of Maximum Likelihood Estimates
Standard

Parameter OF Estimate Error Chi-Square Pr > Chi&g

Intercept 1 5. 1676 46, 6008 3.3394 0. 0676

LILH 1 0.5030 0, 3443 2.1349 0. 1440

TINH 1 -1.0830 0.6030 3.2613 0.0709
IEHOZ HMEE H4= TIN BH£=2F ULN OICH Ol S 20 OZ2 Bls K26HA
& UCH

w  Sehyug Kwon, Dept. of Statistics, Hannam Univ. & s

HAN
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Categorical Data Analysis

Ch. 3 Logistic Regression

JHH EEoLI|

IPROC LOGISTIC DATL=TURKEEY:

MODEL TYPE=HUM--3CA4

/ SELECTICW=3ITEPWIZE SLE=0.2 3L3=0.1 CTAELE;
RUH:

CTABLE 2 Classificationtable 2 WMl =85 st E2E M 26t
20l Al EVENT £ DOMESTIC(AIS) &S ZALH

EventE Event 2 =% Non-Event £ Non-Event £ Z=2F

NEE MNECZE 28 OFME OtMe=zZ =8

Classi

Correct Incorrect Percentdges
Prob Mon- Mon- i Spey—- False False
Level Event Ewvent Event Event Correct ficity POS HEG
0,000 19 ] 14 1] B7.6 100.0 0.0 4z2.4 .
0,020 19 5 g 1] T2.7 o 100.0 357 32 0.0
0,040 19 B g 1] T8 1000 42,9 249.5 0.0
0,080 19 i i 1] TH.8 100.0 B0.0 26.9 0.0
0,080 19 1] 4 1] g7.9 00,0 7.4 174 0.0
0.100 19 ] 4 1] g7.9 100.0 T4 174 0.0
0.120 19 10 4 1] g7.9 100.0 T4 174 0.0
0.140 19 11 3 1] 90.9 100.0 TH.E  13.B 0.0
0,180 19 11 3 1] 90.9 100.0 TH.E  13.6 0.0
0,180 19 11 3 1] 90,3 100.0 TH.E  13.6 0.0
0,200 19 11 3 1] 90.9 100.0 TH.E  13.B 0.0
0.220 19 11 3 1] 90.9 100.0 TH.E  13.6 0.0
0,240 19 11 3 1] 90,9 100.0 8.6 13.6 0.0
0. 280 19 11 3 1] 90.9 100.0 TH.E  13.B 0.0
0,280 18 11 3 1 g7.9 94,7 TH.E 14,3 8.3
0200 1= 11 = 1 a7 g g4 7 e B 143 a3
0.320 158 11 3 1 g7.9 94,7 TE.E 14,3 8.3
0,340 18 11 3 1 g7.9 94,7 TH.E 14,3 8.3
0,380 158 11 3 1 g87.9 94,7 THE 14,3 8.3
0.380 18 11 3 1 g7.9 94,7 TH.E 14,3 8.3
0,400 18 11 3 1 g7.9 94,7 TH.E 14,3 8.3
0.4z20 17 12 2 2 g87.9 89.5 B5.7 105 14.3
0.440 17 12 2 2 g7.9 89.5 85,7 105 14.3
0,480 17 12 2 2 g7.9 83.5 85,7 10,5 14.3
0,480 17 12 2 2 g87.9 89.5 B5.7 105 14.3
0,500 17 12 2 2 g7.9 89.5 85,7 105 14.3
0,520 17 12 2 2 g7.9 83.5 85,7 10,5 14.3
0,540 17 12 Z 2 g7.9 g89.5 8.7 105 14.3
0.560 16 12 2 3 gd.8 gd. 2 g7 11,1 20.0
0.580 16 12 2 3 T 1.1 20,0
0,600 16 12 z 3 1.1 20.0
n E2n 15 19 o a 111 28

EVENT(AFS)E non-EVENT(OFM)O 2 222

. BB B4.2  BE,

. 8.8 8.2 .
= =5 orT

non-EVENT(OFA)Z EVENT(AIS)E Q22

03 = cutoff 2O2 B3 OTX... OrF PrY=1)0I=X 20/ 03 20 20
Event(Al£)O2 0.3 20+ 3 OfMOR 2250 ().

.'I'. Sehyug Kwon, Dept. of Statistics, Hannam Univ. & o
HAN
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Categorical Data Analysis Ch. 3 Logistic Regression

04 WAL 2EF= SLotH 4 JHOICH XH0IJF UACHH event E Non-event & 2L=2F

JIsd0l =0= ROICH J22 cost E A210t0 cut-off 82 =X K=,

o

NZ=2 HHEF otJl

DATA Tewp:
HUM=150; RAD=150; ULMN=150; FEMUR=150;
TIN=150; CAR=150; D3P=150; COR=150; 3Ci=1350;
output;
RUH:
DATA ALL:
ZET TUREEY TEHNF:
RUH;
PROC LOGISTIC DATA=ALL !
MODEL TYPE=HUM--3Cih
/ SELECTICN=3ITEFWISE ILE=0.2 3L3=0.1 CTLELE;
QUTPUT OUT=0UTO P=FHAT:
RUH:

PROC PRIHT DATA=COUTO:

RUNH:

Obs 1D HUW  RAD ULN FEMUR TIN CAR D3P LCOR SCh TYPE _LEVEL_ PHAT
15 BT 132 148 138 145 TR 106 128 WILD DOMESTIC
16 B75 151 134 151 144 LT3 282 116 126 WILD DOMESTIC
17 B39 158 135 161 146 152 790 239 111 125 WILD DOMESTIC 0.04319
18 B031 . 135 149 . 149 789 o111 123 WILD DOMESTIC
19 BO35 148 129 146 139 147 TEY 237 106 123 WILD DOMESTIC 0,357
20 BOS3 157 140 154 140 159 818 301 116 135 WILD DOMESTIC 0.00134
21 BOSO 153 133 153 141 151 822 3F2 115 133 WILD DOMESTIC 0. 06344
22 B0 156 138 156 145 150 @35 310 118 133 WILD DOMESTIC 0. 10931
23 BOS3 151 133 148 139 152 733 290 105 . WILD DOMESTIC
24 BOST 153 135 180 144 158 T2 276 102 123 WILD DOMESTIC 0. 00221
25 BOS3 152 140 151 144 158 TIE 303 111 122 WILD DOMESTIC 0. 00221
83 150 160 1650 150 150 160 150 150 180 OOMESTIC 0. 10331

2

_LEVEL _=0l= Event 2| #=ZF2 LIEtHL. & Z2NE EH 25 DOMESTIC OICH
PHAT = Pr(y=1:event)2 =&XI0/2Z 0.5 0|&40/H Event 2 2F5t2 1 0120/ non-

fel= 20M 03 2 cutoff 2 BIYUSEZ 19 HM A=
DOMESTIC 2=z ZF&00ot sttt 0/2H0l 2EF0/2 cut-OFF Jb 03 ¢ &=
Event(At)etd) ZER ZF& 2 i =0 oStUOICH (19 HM, 30 2m, 36 BM):
Wild=>Domestic 22 2=

event £ =JF&HC}

=)

11

83 UM MZ=2 JHM= Nonevent 2! Wild(Ot&)2 =2 =ZF=6tCt. phat=0.1081

Sehyug Kwon, Dept. of Statistics, Hannam Univ. & 70
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Categorical Data Analysis

Ch. 3 Logistic Regression

HOMEWORK #6-3 TAX.txt

TAXixt Aigz= O3 H=a0 st 4= O0ICH Cf2 ZXH0l 261 Logistic =42 & AISHAIL
1) ®EE HAS ME5D (R92F=0.1)
2) 24 ZDE HHBIAIR.
3) Classification Table 2 21 &S Phat J|E2 HESIAIL. (EF0H &)
SEB 2 PREP(MZ B &FJF 018=1, At&l0] HE=0)
S HMA(Z2E 2, 1=& &, 0=0/2) Indicator &=
2)SE (XtJ] AFE=1, 5 2€=0) Indicator H =
3)DEP (& JIE =) SEHE Ha(EHSBE)
HTR (M2 S8rate): S H(HSF)
5)INCOME (AS): SHE (2 8)
HOMEWORK #7
g Azese 22X e A3Y 28y =52 X0I1JF A=A LOotEIl 2I5HH
Z A8t X2 0| LC}.
Heart Disease
Blood Pressure Present Absent
<117 111.5 3 153
117-126 | 1215 17 235
127-136 | 1315 12 272
137-146 | 1415 16 255
147156 | 1515 12 127
157166 | 1615 8 77
167186 | 1765 16 83
> 186 191.5 8 35
Source: Reprinted with permission based on Cornfield
(1962).
0| 2oz FHHY Uz DE HE Allls 7242 S¢S AIEDHAIL.
1) Logit Model 2 =&t(fiystD ZWE ah&5HAIL.
-'I'- Sehyug Kwon, Dept. of Statistics, Hannam Univ. & 1
NAM
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Categorical Data Analysis Ch. 3 Logistic Regression

2) Probit Model & X &t(fit)atD Z S HAGIAIL.
3) & AtZ, Logit Model 0l=XI, Probit Model OI=Xl2
LIEFHLHAI 2.

P
ox
H
|
&
|
i
ol

FLES! ZDeH Z ol

3.3. Logit model for categorical explanatory variable

32B0N= &% H=Il HEE(EEE)Y BR Logit BES HHEUL HIIMH=
AT HEFG(categorica)2 [ =4 HUHE COFRIIZ SHACH At AgHSDt
H==&0l1 link &=Jt Logit 01H TS &0l H4HZ Log-linear 2& 10t 2 X|2H 2HEHEH O Al
galoz AHEIZ GHA

3.3.1. Logit model for Ix2 table

gt
o845 AT g Al
HYHH(X)
1 T y=1x=1 TTy=0]x=1 = 1- T y=1|x=1
N11 N1z Ny
5 7 y=1x=2 Ty=ox=2 =1=Zy_qx=2
N21 N22 Not
_ T y=x=i Ty=Opx=i =1 =7 ygx=i
i
i Ni2 N+
R T y|x=r TTy—ox=r =17 y_qx=r
Nrp Nr2 Ny
Ol Hl Xtz
Heart Disease
v
Blood Pressure Present Absent
117-126 17 235 252
127-136 12 272 284
137-146 16 255 271
147-156 12 127 139
157-166 8 77 85
167-186 16 83 99
>186 8 35 43

Source: Reprinted with permission based on Cornfield
(1962).

Sehyug Kwon, Dept. of Statistics, Hannam Univ. & 7

S

Il http://wolfpack.hannam.ac.kr 1I



Ch. 3 Logistic Regression

Categorical Data Analysis

Logit model

”J.Ii
In(—)=a+4 Q)

7

}

J

A
EEEE

= 2 Gt

(one-way ANOVA) 0|2

2|

A0 gx 2

i

A0

50

i0)
_u./l
Klo
U

Ty=1x=

= )

Jb DO (n, )

ol
ne

L

Bt 255 i #H2 logit

[ —
T

o & @l

0

-

Al

o

oJ

flJ

1

=
[ —1

Bernoulli

£ 5)0l

Y
[=}

A
(=]

9|
Binomial (n=n;_,p

0

i)

» P1=pPy2=..pr=0) Logit model

= Ty=lx=

=
[

(nit)

A
e

43 2

o
—

Iy o

i

3.3.2. Logit models for higher dimension

42 Logit model

2 Tol

F

Jb 2 (RO A, Q0 B)Y [ LOEIIZ 5K

J

180

e

<+

ol

o
[—

IxJx2 SEHOI 2 Logit model

a+pPi+yj - (2)

7 2lij

b,

C

9]

ol
=

o=

A (two-way) = A=A

o
=

0l (interaction) &&= Ol

St
o

|
10
-

Al

ey

ol
oJ

Bernoulli 2%Z& WMEC. 2=z

(e

(n=ni+, p

i
X

3+
sl

o

=i
sl==( njj )

Ty

o)

Ml

(

i

= 17
[ —

=7 y=1jj)

Binomial

=
[

)=a+p;

In(Y

i
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Categorical Data Analysis Ch. 3 Logistic Regression

3.3.3. OlNl: =80l &Y HaIt GHLI0I D B HAIt binary 21 <2

g0 ME HlE2l X0 UsX LotEI| 6t XAt=l X2 0ICH.

[Cornfield (1962) Homework#7 XE2t S2] &0 #2422 FHIW JUALE=2 02

Bi=s HE=Z OIXIGHA. Homework#7 OlAM&= Logit Regression Model £ AtE35te™
Jb =EZE0IN0F ot22 P22t S22 (1115, 1215, ..., 176.5, 191.5)

Ct.

Al Xt ghed
o o

oo =2

iz o
oo 02 A
0

ol

A
e
A

>

tE ot

ML (Maximum Likelihood) & X|
Saturated model (1)0ll CHGEO {12 &8 M A0 &2810] {a+;}= €&Eot2 0l
et ML =8 Xl= E& Logit OICt =,

&+ 3, =log(3/153) = -3.93

Logit Regression Model

Logit Regression model 0l 2| 28 F&GHH
Standard Wald 95% Confidence Chi-
Parameter OF Estimate Error Limits Sguare Pr = ChiSg
Intercept 1 -6.05820 0. 7243 =7, 6017 -4, BE24 0. 51 <, 0001
pressure 1 0.0243 0. 0045 0.01458 0.0333 25,25 <, 000
Scale ] 1. 0000 0. 0ooo 1. 0000 1. 0000
Tt
I~y — _6.08+0.0243x;
TTy=0lx=i

E=PSIN

X; sample obs(ML) logit

(BP) logit 7 7

1M11.5 -3.93183 0.0923 0,03330

121.5 -2 . 62637 0. 06746 0.04209

131.5 -3. 12090 0. 04225 0.05307

141.5 -2, TEBET 0. 05904 0. 06672

151.5 -, 359738 0. 08633 0.03357

161.5 -2, 26436 0.0942 0.10420

176.5 -1.64625 0. 16162 0.14352

191.5 -1. 47591 0. 18605 0.19446

1) Logit regression model 2| 3| H 2 |24 =EHZ2 WALD SH 0 2&tCt

_ s ~ 2(01) (SAS 0l =2
ASE(AsymStdErr)

Sehyug Kwon, Dept. of Statistics, Hannam Univ. & 74
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Categorical Data Analysis Ch. 3 Logistic Regression

2) Pearson Chi-square & H &

n;i — Aji
z° =z¥~ 22(df =(r-1(c-1)
ij
e—1.42
fijj = logit model Off 2o =F& JIH &= () ———,-=0.194 > 43°0.194=8.4
1+e

Table 4.4 Cross-Classification of Framingham Men
by Blood Pressure and Heart Disease

Heart Disease” /

Blood Pressure Present Ahs)y{t

<117 3 {5:2) 53/150.8)
117-126 17 (10.6) 5 (241.4)
127-136 12 (15.1) 72 (268.9)
137-146 16 (18.1) 255 (252.9)
147-156 12(11.6) 127 (127.4)
157-166 8 (8.9) 77 (76.1)
167-186 16(14.2) 83 (84.8)

>186 8 (8.4) 35 (34.6)

Source: Reprinted with permission based on Cornfield
(1962).

280l 2ot

Al
o
]

3) Likelihood Ratio Test

2 L R PP
G® =2y 3 njj Iog(ﬁ__) x°(df =(r-1)(c-1)
ij

fij = logit model Ol /o =FE I S42 1)9 SYGHCH

LOG-LOG Link
In(=In(z(x)) = & + B X
|PROC GEHMOD DALThi=heart:

MODEL present/total=pressure fLINE=LOG|LDIST=BIN:
OUTPUT OUT=0UTZ FRED=vhat lo:

RUH:;
dnalvsis Of Parameter Estimates
Standard Wald 95% Confidence Chi-
Parameter DF Estimate Error Limits Square Pr = ChiSg
Intercept 1 -5,58394 0.6820 -7. 1762 -4, 5026 73,30 <, 00
pressure 1 0. 0221 0.0045 0.0132 0.0309 23,81 <, 00m
Scale 1] 1.0000 0. 0000 1. 0000 1.0000
-'I'- Sehyug Kwon, Dept. of Statistics, Hannam Univ. & 5
NAM
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