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Multinomial Data

» Recall: in binomial GLM, observe data

(xila L2y .- 7xim7yi)7 1= ]-7 27 ) I & (Xiv yz) <~ (X7 yx)
. R_ Y:1 when J=2 .
where y, 1s bounded by n,=number of total trials

 Data: now observe a response with J categories, where J> 2:
{ 7 7 X —levels O‘F’ Qa
(Tits Tizy - s Tim, Yil, Yidy -, Yig ), 8 = 1,2, ..., I respowse Suctor T
<~ (Xia Y;,) <~ (X7 Yx)7 where (1) Y;, — (yila Yi2, - - - 7yiJ)7
(i1) y;,= # of observations falling into category j at x;,
(iii) ijl yi; = n; (or denoted by n,), at?]d n,;’s are fixed
» Y, ~ multinomial(n,, Dyj> Pxos -+ ?ﬂ)lehere D i—1Pxj =1
iwe may encounter grouped or ungrouped datzﬂ_PmL. of jth calegory
@ For ungrouped data, n=1 for<=1,2, ..., I st x
»)The 1dea of covariate classes can be similarly applied to
Ny T generate grouped data from ungrouped data (Q: what benefit?)
»The J categories can be o »
» nominal or ordinal, or « better approximatiow
= have a hierarchical or nested structure i asymptotic theovy

Nominal Multinomial Responses

+(Q) how 10 link p=(py, Py, --- Py With x?
S . tor I
Recall. »Recall: binomg?l lg)glt model. levekofalmspam factor
ks J=2 m= 0 _
S (1590 p) = (1, p(1-py) = p/(1-p) e 1, = X3

distinc
Xi
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in GLM
* Multinomial logit model. ﬁfén?”&ala T- ‘exp
dim=J-| % ) = (1 [ / /ﬁ ) relotive
x1> Px2> -++5 DxJ > Dy px'IL’ oo s Dy Dxi proportion
XB;, =106 of two
j h(l%;ﬁ@+ L logl_Iexp log”exp Sama logyexp Eﬂnes
I7x1 =0 ,7x2 T ,7xJ_

hp—l(X)BP—l@ t XBi& Bi=o Forent
» The link obeys the constraints 0<p, <1, j=1,...,J, an

can. X Category I)declared as the baseline (note that we add//7X1=0)
P)(I P)(
|

chogse J

otgn, » Pxj = €xp(7)x;j) / [_1_ + ijz eXp(nxj)} E(j= o T S

Cabﬁorét>lnferences tekp(’lx,ﬂ [ e o = ’q/px
» Estimation of the parameters: can use maximum likelihood

» Other inferences: can use standard likelihood-based approach

= Concepts and methods in GLM can be similarly applied
(Q: why?)™> (aXionale from mubinomial log-Imean, mooled

|
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=%/, )/ (PR o2
» The log-odds in fafor of category j over category j’ is

=@ if3=1
@,ﬁlm,")ﬁp—\(@& log (p &TX,(IB /3 ) ZXJ ,Zx’ Note change

(= the contrasts among the vectors ,B are of 1nterest) ;Sti 2%;2

he interpretation of 3; depends on the choice of baseling]™Aj
category = the k" component of B, represents the change in
log-odds of moving from the baseline category to the j®

category for a unit change in the k™ predictor of x (other

' S~ Recadd : nomial predrctor cw+h, J categories
predictors held constant) %, choase ong catogory G ’
0j ) = Intercepts of B, represent robablhtles of J categorles at X=0

~3; response
* Multinomial w Brsson.)  with L Sé @Fad'o R

ecall: the connection between Poisson and 1

Yrj

> Interpretation of S,

ﬁoi’j’: [

ss2-smultinomial = it is possible to fit a model
$537 for multinomial response using a Poisson

» Procedure: m %‘
iui;ﬂa-@Arrange the data in a two-way tables m m
~5-13) 4 Declare a nominal variable that has a level for eac

multinomial response category, called it response factor, r
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