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Date:

Section 1. (20%) ZFEME, FEHEBEGL, R T EEHER.

1. Using a survey of college students, we study the association between opinion about
whether it should be legal to (1) use marijuana, (2) drink alcohol if you are 18 years
old.We may get a different value for the odds ratio if we treat opinion about marijuana

use as the response variable than if we treat alcohol use as the response variable.

2. Suppose that income (high, low) and gender are conditionally independent, given type
of job (secretarial, construction, service, professional, etc.). Then, income and gender
are also independent in the 2 marginal table (i.e., ignoring, rather than controlling,

type of job).

3. With a GLM (Generalized Linear Model), Y does not need to have a normal distribu-
tion and one can model a function of the mean of Y instead of just the mean itself,
but in order to get ML estimates the variance of Y must be constant at all values of

predictors.

4. An ordinary regression (or ANOVA) model that treats the response Y as normally dis-
tributed is a special case of a GLM (Generalized Linear Model), with normal random

component, identity link function and ML estimation.

5. Interchanging two rows or interchanging two columns in a contingency table has no
effect on the value of the X? or G? chi-squared statistics. Thus, these tests treat both the

rows and the columns of the contingency table as ordinal scale.
Section 2. (60%) &} 4T

6. —{EFHR/NUEE KSR (Mendenhall %A, 1984), FLEEAMELF-filr B2 A fR 1R P2 il S A 22
HIMRREE R, IR (I E, A 23 ZAEEZARFHRRE, 5o 18 U B 2K
AR, TENRESBREWER S I IGEEERES]. 1 5 2/ B FHra R %
B 4 (LR EERE], TE 4 (BEZBEHRGET, B 3 (SRR EHRH], PR
PL2 x 2 ZHEFIB R TR % 1. 3518 F Fisher’s exact test B, AMEHE p-value.

Hyp:OR=1 Hy: OR#1. (1)
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Table 1: BHEEE KA R

LA

SR

B EEH mecAR

Fl
TRES#R
AR

4
3
7

1
1
2

5
4
9

7. BEBFREE (Titanic) 12 912 £ 4 AR, {EEBEPE L L (Southampton) H 3, &4

H B B3 R £ Bl (New York),

AR EE 1324 FRE ] 892 L HR TIEA BB MR, 1912

4 R 14 H, fin £REBR 11 % 40 53, BGEEWE Lokil, 2 /N 40 738t Bl 4 A 15 H&
;;% 2 #h 20 53913, ¥ 1500 ABEEHAVIRRIMZE S K. BRMEZR titanicR.xls 2HEGEE

EFHY 1314 [SREF B, B LEBRE, & 2 EREOREER, &

B ERALRIESE (PClass), F

it (Age) 5 (Sex), LR EE (Survived) BRI, B Survived = 1 RRTFRE HBERK

HfFE. %3 231 2 fH logistic [HERER, M kB FEMER =

SRR, AU AR

M = logit(7r) = age + PClass + Sex

My = logit(7r) = age + Sex.
(a) FHRAEH My BEL, SRAHIAESE (PClass) HRETFIERANHE
(b) L My AU B2 M, =AY, G5 T R, B R, HARE

P(survived = 1) HafE %

()
(3)

Table 2: #ii B REWFEFE: B4

Br

PClass Age  Sex  Survived
1st 29  female 1
1st 2 female 0
1st 30 male 0
2nd 30 male 0
2nd 28  female 1
2nd 18 male 0
2nd NA male 0
2nd 34 male 0
3rd 51 male 0
3rd 18 male 0
3rd 45  female 1
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Table 3: i RIRE T EFE: BEEF N

# MODEL 1
t.main<-glm(cbind(Survived, Not.Survived)~ Age + Sex + PClass,
family=binomial, data=titanic.group.data,x=T)

summary (t.main)

Estimate Std. Error z value Pr(>lzl)
(Intercept) 3.759662 0.397567 9.457 < 2e-16 *x*
Age -0.039177 0.007616 -5.144 0.000000269 *x**
Sexmale -2.631357 0.201505 -13.058 < 2e-16 *x%*x*
PClass2nd -1.291962 0.260076 -4.968 0.000000678 **x*
PClass3rd -2.521419 0.276657 -9.114 < 2e-16 **x

(Dispersion parameter for binomial family taken to be 1)
Null deviance: 644.52 on 273 degrees of freedom

Residual deviance: 314.08 on 269 degrees of freedom

HESHHE R R
# MODEL 2
t.main.p<-glm(cbind(Survived, Not.Survived)~ Age + Sex ,
family=binomial, data=titanic.group.data,x=T)
summary (t.main.p)
Estimate Std. Error z value Pr(>lzl)
(Intercept) 1.306157 0.231052 5.653 0.0000000158 *x*x
Age -0.006352 0.006187 -1.027 0.305
Sexmale -2.465996  0.178456 -13.819 < 2e-16 **x
(Dispersion parameter for binomial family taken to be 1)
Null deviance: 644.52 on 273 degrees of freedom

Residual deviance: 414.53 on 271 degrees of freedom

8. BENEHRITEERIMBREIRZE, SRR & RRUBIE BT, BEFETHHALREE
#FA, TRHA TREERTFMOFRETD RO A TREBRE, AT, EER A THER
Rl geR A LR A —E ek AT mREHA TRETERMRRAN A R, ETRE
e e N EE, R —ERER S, il — K E 2T 08EE 10 FREETHHEA LR
ENE BT, IS E R BB REATRERAEATRERR, HRNENRENAL
FRETREIARTERENALRERAMKE. HEEHEIE 980 BIRM A, B4R AKR
MREARIRGGE 2 [EE B8, HRRAER R 2 x 2 ZHEFIBRME R R 4. SR E
ERVH BRI ANIREGE 2 R RRIBENE, MEITRE, AT

H
2

T
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Table 4: ¥HA TG ERTFMEHEBAGHEGE

e e
BAENRA B (HEME) M| dzEiE) Be
5 10 19 29
BE 11 940 951
waE 21 959 980

Section 3. (20%) #aTHEG.

9. BHFR—EMFRERN TRERHR vy = 0 3 1, EREEE X; S THBHERR (v, x),

FESHEEE v, = 27’:1 vij, R 7, WERIER z; = n_i-’ Y; = n;Z;, Y; BRTIAST,
Y; ~ Bin(n;, m;(X;), Bl n;Z; MR ZIHSE, n;Z; ~ Bin(n;, 1;(X;). EERREH Z; BRIEFME X,

Z T, B ERBHITADZ (sample proportion).
(a) FRBERER Z; BB DRC U E BRI A TR BE (exponential family) &
H, BE 0;, b(6:), c(zi, §), a(¢p) FEHIHBER.
(b) FHERERER Z;, T DEEB R
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Answer Key for Exam | A

;{_

Section 1. (20%) EJEME, # RIsmANN, % THEHEH.

1. Using a survey of college students, we study the association between opinion about
whether it should be legal to (1) use marijuana, (2) drink alcohol if you are 18 years
old.We may get a different value for the odds ratio if we treat opinion about mari-
juana use as the response variable than if we treat alcohol use as the response variable.
(False)

2. Suppose that income (high, low) and gender are conditionally independent, given type
of job (secretarial, construction, service, professional, etc.). Then, income and gender
are also independent in the 2 marginal table (i.e., ignoring, rather than controlling,

type of job). (False)

3. With a GLM (Generalized Linear Model), Y does not need to have a normal distribu-
tion and one can model a function of the mean of Y instead of just the mean itself,
but in order to get ML estimates the variance of Y must be constant at all values of

predictors. (False)

4. An ordinary regression (or ANOVA) model that treats the response Y as normally dis-
tributed is a special case of a GLM (Generalized Linear Model), with normal random

component, identity link function and ML estimation. (False)

5. Interchanging two rows or interchanging two columns in a contingency table has no
effect on the value of the X? or G? chi-squared statistics. Thus, these tests treat both the

rows and the columns of the contingency table as ordinal scale. (False)
Section 2. (60%) EX3HT.

6. —fEFHAR/NEIER IR FE (Mendenhall £ A, 1984), HBAEE i B B R G IR ] SR
HIR RS SR, A (1234 %, B 23 M ZAB BRI FINGE, 7 18 M ZHAEEZ N
SRR, TENRERHEESWEES A IS EEERET]. 176 5 MBI B F e e 2
B, B 4 (L E8WEZ RG], T 4 B2 BSRIEET, B 3 (LS WEZ BRG], IR
A2 x 2 ZHEFIBRRTEER 3 1. A Fisher’s exact test #827€, Wiz H p-value.

Hyp:OR=1 Hy: OR #1. 1)
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Table 5: BHIEEE KA R

SR
A BEdl EEEH meclB AR
Fiy 4 1 5
R 3 1 4
HEFO 7 2 9

> (fisher.test(matrix(c(4,1,3,1),byrow=T,ncol=2)))

p-value = 1

> (fisher.test(matrix(c(4,1,3,1),byrow=T,ncol=2), alternative
p-value = 0.7222

"greater"))

> (fisher.test(matrix(c(4,1,3,1),byrow=T,ncol=2), alternative = "less"))
p-value = 0.8333

7. $CEEHEE (Titanic) /2 912 & 4 AEZM, (EEBIFELEH (Southampton) Hi#, FHEIH
) B B S EBMEH (New York), iR 1324 JRE 1 892 ZHR TIEA BB AMK. 1912
4 H 14 H, fin R 11 B 40 4, siczfestiE ok, 2 /NEF 40 70887, Bl 4 H 15 H
= 2 B 20 530038, £9 1500 ABEZ AR AT ZE S KEF. BRHESR titanicR.xls 2HEEE
TERER 1314 fIRFE R, LG AE, £ 2 EHRMAREER, BETRALIIEE (PClass), F
it (Age), TEH (Sex), LK &% FE (Survived) ByiRTE, H Survived = 1 RnFF HERER

HFE. % 3 28 2 { logistic JEEFER, MR B EIERRER P(survived = 1) Bafffes
BUBA TR, BRI IR
M; = logit(7r) = age + PClass + Sex (2)
My = logit(7r) = age + Sex. 3)

(a) TR My BES, Tt (PClass) BHRAIFERENTE.
(b) FELLE: M T B 0V BERY, B T HEAR (RSN, BT, SikE
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Table 6: &% RREWFEFE: Ho

#or
PClass Age  Sex  Survived

1st 29  female 1

1st 2 female 0

1st 30 male 0
2nd 30 male 0
2nd 28  female 1
2nd 18 male 0
2nd NA male 0
2nd 34 male 0
3rd 51 male 0
3rd 18 male 0
3rd 45  female 1
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Table 7: #i RIRE T EFE: BEEF N

# MODEL 1

t.main<-glm(cbind(Survived, Not.Survived)~ Age + Sex + PClass,

family=binomial, data=titanic.group.data,x=T)

summary (t.main)

Estimate Std.
.397567
.007616
.201505
.260076
.276657

(Intercept) 3.759662
Age -0.039177
Sexmale -2.631357
PClass2nd -1.291962
PClass3rd -2.521419

0

0
0
0
0

(Dispersion parameter for

Null deviance: 644.52

Residual deviance: 314.08

Error

z value Pr(>lzl)
9.457 < 2e-16 *%*
-5.144 0.000000269 **x*

-13.058 < 2e-16 *x*x
-4.968 0.000000678 *xx*
-9.114 < 2e-16 **x

binomial family taken to be 1)

on 273 degrees of freedom

on 269 degrees of freedom

HESHHE R R

# MODEL 2

t.main.p<-glm(cbind(Survived, Not.Survived)~ Age + Sex ,

family=binomial, data=titanic.group.data,x=T)

summary (t.main.p)

Estimate Std. Error

(Intercept) 1.306157
Age -0.006352
Sexmale -2.465996

0.
0.
0.

231052
006187
178456

z value Pr(>lzl)

5.653 0.0000000158 *xx*
-1.027 0.305
-13.819 < 2e-16 *xxx

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 644.52

Residual deviance: 414.53

on 273 degrees of freedom

on 271

degrees of freedom

> regTermTest(t.main, "PClass", method="LRT")
Working LR = 100.4448 p= < 2.22e-16

> anova(t.main.p, t.main, "Chisq")

Model 1: cbind(Survived, Not.Survived) ~ Age + Sex

Model 2: cbind(Survived, Not.Survived) ~ Age + Sex + PClass

Resid. Df Resid. Dev Df Deviance

1 271 414 .53
2 269 314.08 2 100.44
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5.

8. BENEHERITERER MBI, SRR & REBUBE R, 8ETETHHALREE
P, TR A TRETERTFMOFRETD ROV ATREREA, A, EERI A TR
RalnlgeR A LR AR —HE A 7. R A TRENERMRRAN A R, ETRE
PR HINEE, R —ERETER T, sl —REE LA R 10 EREETHHEA TR
ENE TN, oo — AR B SR TRER A E A TRERS, R ENERN AL
FAETRII A RS ARSI A LR EIR AR, HEERHEIE 980 BIRHE, 184K BIKIR
BREAFIRGE 2 EE B, IHAFERBRTIU 2 x 2 ZHFIBERMERE 4. FERELHE
EHHERLRARREGE 2 ER BB, WETRE, RADTRER.

21]

il

Table 8: A T B &7 B e F 012 BB 87 i 9 =

B iR F
RAENRS A (HEHE) & (d=%iHE) Ba
B 10 19 29
B’E 11 940 951
s 21 959 980

> hip.dis.tab<-matrix(c(10,19,11,940) ,nrow=2,byrow=T)
> chisq.test(hip.dis.tab,correct=F)
X-squared = 149.0511, df = 1, p-value < 2.2e-16

> chisq.test(hip.dis.tab)
X-squared = 133.582, df = 1, p-value < 2.2e-16

> fisher.test(hip.dis.tab)
p-value = 2.694e-11
alternative hypothesis: true odds ratio is not equal to 1
95 percent confidence interval:
14.90394 131.06932
sample estimates:
odds ratio

44 .12354

Section 3. (20%) #aTEEER.
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9. BREE—MEWAERE TR ERER v; = 0 5 1, ERBEEY X; C THBRIERE (vij, %),
i=12,...,C,j=12,...,n, N=Y,;n;, BIFEEEE YV, WEAE v, BEFHE X, Z TR
TEEHBAI y; = 1 iy, DPERER Z; WBIER 2 = 1, Y, = n,Z;, Y; BN,
Y; ~ Bin(n;, 7;j(X;), Al n;Z; WRZIESE, n;Z; ~ Bin(n;, 1;(X;). FEEEH Z; BEEHE X,
Z T, B ERHHIEA D (sample proportion).

(a) FRFER R Z; ARSI E R IERER P RIE BRI (exponential family) %
i, BE 0;, 0(6)), c(zi, §), a(¢p) FHIHHA.

(b) FHEFEREE Z, (YT EEB R
%258 Y W _HEROES
n;z; ~ Bin(n;, 71;) (4)

ME% 15 (Bernoulli) B —IER AR — BRI, n; = 1. FHEERE C (BB HIEH R FE
B z; B IEEUESTR (exponential family), H A B B BT LK HS

zifi — b(6;)

f(zi;6i,¢) = exp @ T c(zi, ¢) (5)
L(B) = ;logf(zi; 0i, ) = ;Ei(é) (6)
R ESRGEEXFIREEES A, YAA v, = niz; B2IESEC, B z; EZESBCR] B
f(zi;6i,¢)
o, <n’jél> (1 — ;)i

= exp [n,-zi log 7t; + (n; — n;z;) log(1 — m1;) + log (ni( n; ))}

nzj
Z; log(l_L’nl) + log(l — 7'L'i) 1;
= exp{ 1/, + log <ni( iZi)>]

- p{ a((P) —|—C(Zl,(P)]. (7)
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A G B R IEE A PR is Bk A B A K, 25

Us
9,‘ :108(1—7'[1') (8)
eV
T = 1 +69i (9)
b(6;) = —log(1 — 7)) = log[1 + ¢ (10)
n;
c(z;,¢) = log <ni (niZi)) (11)
a(¢)/w; = =1/n; (12)
=1 (13)
w; = n;. (14)
W Z; BT EE e R R
N 8b(91) B i o
E(Zl) - 801 - 1 +€9i - 7Tl (15)
" eei(l + 691) — 391'(391)
Var(Zi) =D (Ol)a((P) = (1 —|—€91)2 11(47) (16)
B el (1 =)
= mﬂ(@ BT (17)
H—REBEEEREERER a(¢) MR, BRES m = n(x;),i=1,2,...,CH#iE
7B
m; = (sl B) = expit(x[B) = —— 18)
- = 14eNP
ni = (i) = 0; = logit(7;) = log a flm) =x/B (19)
EFERERFEERA .
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