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Lecture Notes
€ > Approach 2: (profile likelihood-based method) MLE of 6 provn
. Prflran.leters: 0 =(6", 82) of curren 29‘1 isﬁ;_-d. Itss
= Likelihood: £(8) =L(8: .82)
focus onl

ng, Yv@Profile hkell;loc{):d L(8)= "5, ot(e' 82)= ot(el Q_;(Q )
fixed firs

8: Ba=(xx)'X"[ta(¥)] <‘r"’5— 6i= RSSA/(n,—p)
LNp1-32~33h%recall: the computation of the C.I. for A in Box-Cox method)

f_fmnsfmmh:an Pa’w’wte’
profile log-{u For a coefficient 83, its profile P —
{ikelihood likelihood-based C.1I. is —> T : T
2[ (B e .
e PO L(B) > I(Bi) — (L/2xI(1 — )} | £
- a2 L) > L) = (A2~ o)} | £
<Xi(i-d) other Bs, j#i, set to the MLE when ] :

B, fixed (i.e., MLE as a function of 3) CLo§@i— BieME

bsed £ . Qs Q4 OF

- E> The profile likelihood method is generally&%‘r vs. HiiBix B

'ﬂ: preferable for the same Hauck-Donner reason&@yjmmms@&&.l-_@test
er

;fn%k. » Similar method can be generalized to construct l Fadd-1

'%T‘g( confidence region of several parameters|HE nder= LB )J<'l -4

ches
« Some notices about deviance Wj}‘g}g_ is smalll %"ﬂm : Emt M::2;4
> Take the extreme case n,=1 (binary data). a-EaChmmmteﬂﬁ has

i __(..Snt ec
«(1-p, ) 8Ds = =2 S {pz s x logit(pi,s) +1og (1 — pi,5) }| Unie3-5
T 27 £L(Bs)

ﬁ( B—i) Then, y, =0 or 1. For a model S (e, X sgs) under 10%1t link,

When X5Y £ Xs™4s, say Xs Y=

_{T‘TQ?:;_L_'—Z-@[ LB )]--24@65’--2489 1% "°] > co iy,
LNp 3-9 L Z[gl,zsmulog(l P;,s)] (‘L”p;- | [1:&1 [o yﬂﬁis%d;f&eﬁ

=75Y=(xsBs)y=Bs xiyL B XLiis = B3 Ms=Ts (noPo)=25Ps| [m

whm | D For a Dy to measure goodness-of-fit, it has to compare the fitted
i ~ /lh S\ A
values §; 5 = n;p; g to the data Y (cf., in linear model, we use

%ﬂmﬂm y; — Y; to compare), but here we have only a function of D; s
the problem | ™ resull: in GofE test is suspicious.  Ds|Bs is Ly« units in Lt cl
e Dsfr| > Other methods must be used to judge r_[gk - i‘f’f; 1% n‘»',:fh class

Ny g
’—.m‘:h covariote class

% Reading: Faraway (2006, 1%ted.), 2.1, 2.2, 2.3, Appendix A 4%, P _gﬁSmeaSWeMe_s.ﬂi‘-ﬁt

reguired 3rd ed) Applied Logistic Regresszon] g‘
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s _gr {8t
VarlY) WLS,GLS, - Var(4i)= 404D, ;=B (4)
Linear model Binomial
Y=Xp+e | [YIN(XB #DfT—= GLM
estimation of LS =/ MLE MLE

Goodness of fit RSS, 6 & R*=1- RS;/TSS Deviance .
Sat)

or Lack of fit | 4% (4-%;), RSSs>RSSst é{cejc(g;) Zlog( ray
Hy: Svs. (. (RSSs -RSSw ) /(dfs ~dfu) - (y Ds~Dx 5 Aess-a5.(HoY )

E 1 L\S RSSL/dfe @] lasymptotic (a's large)
Srom. (¥) . $rom, (&) Siiferent]]
H,: B=0 epuivalent

O ity O iy

- _ . profile. likelihood method
Confidence | om0 e

interval or
estimote £ _-Ed({-‘F n
region From (D) ‘J ¢ (cé)xse(eshmate) > Jrom (0) €<=

Tolerance distribution Iv‘ f&& Y~glm(Bo+BiX), how to inteprel >
assume
« Consider the following example: Function> [dEenells ¢ s are difforent

data | X|Z(L:X.0¥) |4
L%’iﬁ > Students answers k questions on a test  (Ewwi}s% (33 - 3..; s. m
= . : .

m;a;«s » The jth student has an aptitude 7, % s sl « gt x

¥ ii.d. t— % &mﬁmpammetaf ote class 2---%:“' dx
E=cf 1 7T.'s —~— F( <poplation. from Lmﬁ))
ofN0.D| —— 3 ol istribution [shehudent (T 1.,
T~N(u 62 a(m)gﬁ <_scale parumeter

The ith question has a fixed difficulty =, , i=1,-.8.
I changed t0 (Xiy, -, Xim) < . wrong [Ta‘_s_ﬁ
» The jth student will get the ith answerrcorrect only if T >z, 1
» The probability that a randomly selected If changed to
student will get the ¢th answer wrong is: L T3 S T nha(x)
GLMfor [ response: Yi ~B(ni p;) > Z2—2 0
‘;g;;;gge' pi = P(T; < @) = F((zi— p)/0) [Become ;= BeRa(%i)
gisad | = F(pi) = (p/0) + (1/0)ui = o+ By X s 1 —3
adid

covariate Wt T_
xis link function § & F 2 Qm%b—“@m

» The distribution of T'; is called tolerance distribution, ;-4 degree of
which arose from tox101ty studies where the aptitude fvx:c-‘-’y
would be replaced with the tolerance of the insects. T35 %L, N
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o ['= + link|Recall. pAfi~P, T
F=®(1n)) = probit link DL acdf T N X

e F=e2/(1+e2) = logit linkfrra@L S| u
- \gmphthpBS' M -
. E:l — e —et (heavier tail M 0

" —
= complementary log-log link {40 'mlsv- o X
uéeﬁun.atgmtmg.' = Q(P.) - meaningful in terms of p;?
_@underig_tlmk—b()dds _>Recall == =3B : X

linear » 'zc*ewg.k.(xm +BoRo(X)= A]B
nonlinear - Mi/ni=P; = 37(7:) ="(£7 B)
» Sometimes, a better scale than probability to present chance

anevent: -
"«lx';eml » Express the payoffs for bets o-(_Z)_ P(a) Ifitsa

pla) —{2:d)  |fairbet
f§ w even bet: pay $1 for every $1 bet, odds=1"= p=0.5 5«—
gma_e_a ~ winniqg prob. ¥~

probabilities| m 3-1 against bet: pay $3 for every $1 bet, odds=1/3 = p= O 25«
of 2 cotego: -

ries in = 1-3 on bet: pay $1 for every $3 bet, odds=3 = p=0.75 <
9_; rotio -

1:;_” oas Pl
= p/(1=p,) = p,= 0 /(1+0,) Py iegf o< 0s<

* Definition of odds o, ( fz &)

-2 < Ipgl0x) G2
» A mathematical advantage of odds: unbounded above and

unbounded above & below after taking log. m baarﬁm,',ds ?IL'Z,L:'B-IZ).@

€@ p. 3-18
» 0dds and logit link (logistic  regression) e volne can be
> Consider the model \—an advantage of using logit link mhprewu;; x
l Px
ol log(O_z)ilog( T, ):bﬂ(&):ﬁwﬁwl + B2 23 = ijx

log(ox') = logit(pxr) = Bo+ Pi(z1 +1) + fazo =N = 1x + f1

When changing from X +o X/, Bi=log(0x)- I%_(Ol)=’£g(%) < log odds matip

takmg ’Og(% %(03_ "'B_ > [ ePi_ OX . dd of X relative
Oy = Oxxe® €= 5 <oodratio s 4 x

at two covariate values z=(z,, ,) and " =(z,+1, z,).

alread;rd:lm] J
» The coefficient 5, can be interpreted as: cmme 2 addsmfemsofm

A unit increase in z; with z, held fixed

1= 51 ’Z-M:P)]
= increases the log-odds of successes by ,@1, S-r-{mamng,mtennsofg_?_\

eSpeaall mmfzqom‘qg
» increases the odds of successes by a factor of exp(,BI) -1

)

» The usually interpretational difficulties regarding causation ‘,’_,.}:
apply as in standard regression e—check tNp.1-19~21 3:5

» No such simple interpretation exists for other links, e.g——-

=
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