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Models for Nominal responses

Ye{l..,J} Response variable

X" = (X1,...,Xm) € RM Explicative variables

Ur:9r0 +XTOr+€r, r= 1,...,J

where 0 = (0f,...,0m) and €1,...,€3 areva.i.i.d. (F)

Y=r<U, =maxU,
i=1,...,d

PreY =1 | xT) = [ [TFGe +xTy, + )fe)de

S#I

where yso =00 —0s0 y Y, =0r—0s

For
F(X) = exp(—exp(-x))

we obtain the multinomial logit model given by

J-1

1+ exp(Bso + XTBS)
s=1

Pr(Y=r | x") =

where PBso = 050 — 030, B, = 05— 0;
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Models for Ordinal Responses (I)

Cumulative models
Y=rea1<U<a,r=1,...,J,
where —0 = og < a1 <....< 003 = o,
U=-x"B+e¢,
where € is r.v. ( F).
Pr(Y < r/x™) = Pr(U < a;) = F(ar + X"B)

® For F(x) = (1+exp(—x))™ X € R, we obtain the cumulative logistic model

)
PreY < rixTy = 2P@r tXB) g
1+exp(ar +X"B)

® For F(X) = 1—exp(—exp(x)) X € R, we obtain the grouped Cox model

Pr(Y < rix™) = 1 —exp(—exp(ar +X™B)), r=1,...,J-1
® For F(x)=exp(—exp(-x)) xelR, we obtain the extreme maximal-value distribution model

Pr(Y < r/x") = exp(—exp(—(ar +X™B))), r=1,...,J-1
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Models for Ordinal Responses (1)

Sequential Models

Ur=—XB+e, r=1,...,0-1
where ¢, isrv. ( F).
The response mechanism starts in category 1 and the first step is determined by
Y=1< U; <ay,

where a1 is a threshold parameter. If U; < a1, the process stops. If not, the process is continuing

in the form Y=2givenY>2<U,<q,,

and so on. Therefore, the complete mechanism is specified by

Y>rgivenY2reU >a,, r=1..,J-1
where aj = .

The probabilities of the model are given by
r-1

Pr(Y =r/x")=Fla, +x"B)[ - Fla, +x"B)) r=1..,3

s=1

0
where H ()=1
s=1
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Models for Ordinal responses (111)

For F(X) = (1 + exp(—x))*, we obtain the sequential logistic model

exp(ozr +X' B)

Pr(Y =r/Y2rx )= T+ el +x'5)

For F(x) =1—exp(—exp(x)), we obtain the extreme minimal-value distribution sequential model
Pr(Y =1/Y > r,x") = 1 —exp(—exp(ar +X'B)), r=1,...,J-1

This model is a special parametric form of the grouped Cox model.

For F(X)=1-exp(—X)), we obtain the exponential sequential model

Pr(Y =r/Y>rx' )zl—exp(— (ar +XTB))
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Models for Ordinal responses (1V)

Adjacent categories logits model
Pr(Y =r/Y efr,r+1},x" )= Fa,, +x'B)

with  F(x) = (L+exp(—x))"

® |t can be rewritten as a multinomial model with an ajusted design matrix

Pr(Y = rix™) '\ — Ton .
09( PrY = JXT) ) = é(ako + X' B)=Pr + U

with Bro = Zi: ako and  ur = (J-r)X

@ |t can be generalized substituting the logistic distribution function F by every distribution

function strict monotone increasing
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Multinomial Generalized Linear Models (1)

Y < (1,....))

e X =(Xg0X, ) i=1..,N

# Multinomial GLM assumed that = E[Y/x!] is determinated by a linear predictor

n, = Z|TB

in the form
w; = h(n,) = h(Zp)
where h is a vectorial response function, 7, isa (px J —1)-design matrix obtained

from Xjand P isa P -dimensional vector of unknown parameters.

s Yi....Yn mas withY, =M(n(x, ) z,(Z7B)... 7, ,(ZTB)
being 7, (Z1B)=P(Y, =r|x]), r=1..,3 -1 and n(Z]B)’ =(7(Z]B) 7,4 (2Z7B))
2 All the above models can be written as a multinomial GLM.
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Multinomial Generalized Linear Models (11)

Multinomial logit and adjacent categories logits models

# Response function h = (hy,...,h;1) with

he(Mig, .., Mig-1) = ) , J-1
1+Zexp(nis)
or link function g = (Q1,...,0y.1) with s=1
me(1i)
(r1(mi),...,m31(n;)) = lo ,r=1,...,J-1
STV Tl ) = B G () a1 (1)
® Multinomial logit model @ Adjacent categories logits model
BT T (ﬁlo,BI,---,,BJ—lo,BI_l) BT = (ﬂlo,---,ﬁJ—lo,BT)
1 x 1 (3 -D)x7
1 x 1 (J-2)x
Z! = 7T =
1 X 1 X/
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Multinomial Generalized Linear Models (111)

Cumulative models
# Link function g=1(91,...,93-1) with
0, (07} s () = F 2 (e ()4, (), 7 =209 -1,

1

.
I
1 X!

and B" = (az,...,a3.1,B")

Sequential models
# Link function g = (Q1,...,93-1) isgivenhy

gr(ma (i), o () = FH )L = (mi) — . —mea(mp)), r=1,...,3-1

and the parameter vector as well as the design matrix match with the cumulative model
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Minimum @—divergence estimator.
Asymptotic properties (1)

# MLEof P isobtained maximizing the log-likelihood function of the sample Yirees Y

N
Ln(B;Yy---.Yy) = Cte+ ) Ini(Biy;)
with i=1

T T
iy, — |og< ’;gfzf;) )yi 410 log(e(ZIB))

where by log(x™) wecall  (log(x1),...,109(x; 1)) with X=X, Xs)'s Vi =(Yaienr Yoai)' s
= 1,..., N andnJ(ZiTB)zl—nl(ZiTB) —...—nJ_l(ZiTB)

J N Yii
. Dicutioack (P P(B)) = > > 4 log e
=1 il 1 (i) —x
being
' Y11 Yo Y12 YJ2 Yin M)T
P=("F" A T A T .

with Y, =n(x) -2y, i=L1..N, n=n(xy) +..+n(xy) and
p(B) = (”(ﬁl)ﬁ(sz ..... NOw) 7218) )

being ®(ZIB)' = (%1 (ZTB),...,m3(Z]B))
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Minimum @—divergence estimator.
Asymptotic properties (11)

=1 I=1

Maximize Ly (B; Yy, Yy ) = Minimize Dypaec (B p(B))

AN

B = arg Ere]i(gDKullback(ﬁa p(B))

where

1)
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Minimum @—divergence estimator.
Asymptotic properties (111)

J N Yii
~ Nn(X; n
) Dy(BPB) = 33 mix) g — L
=1 =l 1 (Xi) =g
with @ e ® y D isthe class of the convex functions ¢(x), X > 0, such as for

x=1, ¢(1)=0, #'(1)=0, ¢"(1)>0,for x=0, 04(0/0)=0 and0g(p/0)= plim,_,, ¢(u)/u.
Definition 1

Let Y, i=1...,N, be independent random variables with multinomial distributions of parameters
(n(xi ) ﬂl(ZiTB),---, ﬂj_l(ZiTB)) The minimum ¢ - divergence estimator of B for the model
p. = h(n,) = h(ZB) is given by

AN

B, = arg minDy (. p(B)).

Note that for ¢(X) = xlogx —x + 1 we obtain the MLE.

2 Let

JN
A ={q = (o O)” 0 D0 =1 ¢ >0, =1,---,JN}
i=1

Multinomial Generalized
Linear Models



Minimum ¢@—divergence estimator.
Asymptotic properties (1V)

Theorem 1

Let Y;,i=1...,N, beindependent random variables with multinomial distribution of parameters
(n(xi); ﬂl(ZiTB),...,ﬂJ_l(ZiTB)) Assuming that T : ©® — Ay has continuous second partial derivatives
in a neighborhood of B°and ¢(t) € @ twice continuously differentiable for t > Owith |,
positive definite in  B°. Under these conditions, the minimum ¢@-divergence estimator of B is unique
in a neighbohood of B° forthe model p, = h(n,) = h(Z'B) and satisfying that

B, = B™+1ra(B%) *ZDiag((CS)), ,  )Diag(p(B*) ™) (B-p(B®)) + B-P(B®) llos (P; P-P(B°))

where IFn(B):ZVn(B)ZT
being Z=(Zy,....Zy) and V,(B)=Diag(V,,()....V,(B))
_Man(m) =) aTC(TIi)
Vn,i(B)_ n  on Z; (B) o' (2)
G, = (Cor)y o = |:(n(r)](i))l/2 azf:li)Diag<ﬁ(ni)1/2>i| Ji=1,...,N
and | i

a, : R™™ 5 RP verifies that ocl(p; p— p(BO))—> Oas p— p(BO)
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Minimum ¢@—divergence estimator.
Asymptotic properties (V)

Theorem 2

Under the assumptions of Theorem 1 and assuming that N(X;) — oo, i=1..N sych that
nxi)n - 2; >0, i=1,...N, itholds
~ L 1
n(B, —B°) - N0, I (B°
a) ~/_<B¢ p ) g ( Fa(B”) )

where 1, (B) = limn_o lgn (B).

b) JA(p(B,) ~P(B)) = MOZ(B")

where  T,(B%) = Si(B°)ZTIe(BY) " ZST(BY)

with Si(Bo)z lim Sn(ﬁo) and Sn(B) = Diag(n()ril) on(n,) n(Xn) ﬁ'ﬁ(ﬂ,\,)>
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Restricted minimum ¢ —divergence
estimator. Asymptotic distribution

E @, ={Bc®/K'B=¢]

with ® defined in (1) and K isany matrix of I rowsand P columns with rank(K™) =r < p and
€ is a vector, of order I of specified constants.

Definition 2

Let Y, i=1.. N ,beindependent random variables with multinomial distribution of parameters
(n(xi); ﬂl(ZiTB),...,ﬂJ_l(ZiTB)) The restricted minimum ¢ - divergence estimator of B in ®g

for the model p, = h(n,) = h(Z{B)is

0 . ~

B, = arg min Dy (P, p(B)),
Theorem 3

Under the assumptions of Theorem 2. The restricted minimum ¢ divergence estimator of P to ©¢ for
the model p. = h(n,) = h(Z/B) is unique in a neighborhood of B° and satisfing that

2) B, = BO+Hn ()1 (B°) " ZDiag((C,),, , )Diag(p(B®) ™) (B-p(B*)) + IP-P(B®) llos (: P-P(B®))
where H,(B°)= I —IF’n(BO)_lK(KTIF,n(BO)_lKrKT and
o, : R™MN 5 RP verifies that ocg(p; p— p(Bo))—> Oas p— p(BO)

) V(B = B0) 5 N0 H(BO)Iea(B) T H(B))
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Hypothesis Test (1)
s H, : K'B=§¢ against H, : KIpz#§ 3)

where KT is any matrix of I rowsand P columns with rank (K')=r<p and &
Is a vector, of orden I’ of specifed constants.

& Particular case

H, : B, =0 against H, : B, #0,

with B, a subvector of B of dimension T and K is given by

0
0
00 .. 1)
- ~0,
2 LRTzanKuuback(p(B)’p(B ))+OP(1)

0 equivalentently
BN ~0, BN —
LRT = 2n(DKullback (p’ p(B ))_ DKuIIback (p' p(B))j
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Hypothesis Test (11)

i T = ¢”(1) ¢1(p([3¢2 p<B¢2)) “

and

582 = (1) —20— (D, (p.p(B,, )) - Do (B0 (B,,)) ). (5)

For ¢2(X):xlogx—x+l in (5) we obtain LRT
Theorem 4

Under the assumptions of Theorem 2 and ¢1 € @. The asymptotic distribution of the family of

statistics given in (4) and (5) is a chi-square with I degrees of freedom under Hy.

o Toreject H, atlevel o if T#*(6S%)>c where C issuch that
P(T4%(65%)>c/H,)=a; ae(0,)

By Theorem 4, C can be chosen as the (1 —a) — quantil ofa y’
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Hypothesis Test (111)

E H,, : K'B,-£=n"8
where KT is any matrix of I rows and p columns with rank(K")=r < p, & isa vector of

order r of specific constantsand § € RP

Theorem 5
Under the assumptions of Theorem 2 and  ¢; € ®. The asymptotic distribution of the family given in

(4) and (5) is a noncentral chi-square under Hi n with I degrees of freedom and noncentrality parameter

u=8"(KIe (B)'K) .

# Anapproximation of the power function of the test statistic Tﬁ1'¢2(é S,f’z ) under the alternatives
H,, is obtained by
Priz?(u)> 22..)
with ;(f (,u) a noncentral chi-square with r degrees of freedom and noncentrality parameter .
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Overall test statistics (11)

. Ho - p = p(B) (7)

Bﬁl,fﬁz _ ¢//(1) ¢1< p<B¢2>>

For ¢o(x) = xlogx —x+1y ¢1(x) = +(x = 1)?or ¢4 (x) = xlogx — x + 1

we obtain X2 or D , respectively.

Theorem 6
Let Y,, i=1...,N, beindependent random variables with multinomial distribution of parameters

(n(xi ); ﬂl(ZiTB),..., ﬂJ_l(ZiTB)) Under the assumptions of Theorem 2 and ¢, € ®.
The asymptotic distribution of Bﬂ”’d’z, under the null hypothesis given en (7), is a chi-square with

(J—1)N — p degrees of freedom.
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Variable Selection Methods

Backward Stepwise Procedure

1) A maximal model M is tested against a set U of admissible submodels of M obtained by removing
parameters associated to an explicative variable

H, : K'B=B, =0 against H,: K'p=B, =0,

with B, asubvectorof B of dimension I

2) The p-values «; of the submodels | <y are calculated

3) Then the submodel L, with

out?

o, =maxe, and o, >«

out a prechosen exclusion level, is selected.

4) Lo is redefined as M, and the backward procedure is applied iteratively to admisible submodels

with one less explicative variable.

5) Itterminates if there is no p-valor & > .
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Outlying Points (1)

RT =(r],..., r)  with
ri = n(x) 2z (ﬁ) (yi —n(x;)m (ZTﬁ))
being X2 = (r;)'r;. given in (6).

rf? = n(x) 22 (B, ) i =1, N
with

e’ = (yi —n(xi)n(zfﬁ¢z)), i=1,..N.

T = (i) 25 (B) (3, - nx)®(ZB))
where ¥; = (yair....Ya)" y Zi(®) = (05(B))g,y
7zr<ZiTB)<1—7zr(ZiTB)) r=s

-7, (Z18) 7, (Z]B) r#s
that verifies X2 = (T;)"Ti. Ageneralized inverse of Zi(B) is given by Diag (ﬁ(ZiTﬁ)_1>

O (B) =

Multinomial Generalized
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Qutlying Points(ll)

® T Dmg((n(x )n(ZTB¢ )) 1/2)

with

- (5, -n)%(Z'8,,))

Definition 3

The generalized residual (¢1,¢2) -divergence is defined by the J-dimensional vector /%% with
s -coordinate

1/2
2 Ysi
¢N(1 SIgn(ySl s <ZTB¢ >><”S<Z B¢2>¢ <n(xi)7l's (Z;rﬁflﬁz) >>

and verifies

Bﬁl,(/’z _ i<??1,¢2 ) T?id)l,(/’z.

i=1
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Leverage Points (I)

Definition 4
The GLM hat matrix, where the parameters are estimated by using the minimum ¢2 —divergence estimator,

IS given by
H </[§¢2 >:Vn <E¢2 1/ZZT e <E¢2 >_1ZVn <B\¢2> 1/2'

The square matrices H and M =1 —H are projection blocks matrices, where each block

H”<§¢2> and |\/|ii<’[§¢2>(i,j =1,...,N), is (J-1)—dimensional.

Properties

i) Forall I=1,...N,

0 < Det(M(B,,)) <1,

Trace(H (ﬁ%)): P

Multinomial Generalized
Linear Models



Leverage Points (1)

The variability of Em is given by volume of the asymptotic confidence ellipsoid for B
which is proportional to
~ T 1\ 1/2
3 (Det (2V(8,,)z") )
where  V(B) = nV,(B)

If X; is deleted, then the volume of the confidence ellipsoid is proportional to

~ () /o~ . 1\ 1/2
(Det(Z(i)V ([3¢2)z(i)) )

where the subscript (i) Indicates that the X; contribution to the corresponding matrix has been removed.

oy o0
M Pec)) = Det(ZV(B,,)Z")

Is defined as a leverage point for the GLM.

A point with a value near zero of

<1

A reasonable rule of thumb for detecting leverage points is to consider that X;

is a leverage point if

Trace(H“(ﬁ%))>2p/N

Multinomial Generalized
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Leverage Points (111)

B, =M. (ZVpz) )

and
B;'j N(BO,(Z(DV(D(BO)ZE) _l)-
Do (B, Ber ) = [ 15 <>(x>¢<a><;¢ g; )dx
where
do(x)=(ala +1) M (x* —x—a(x-1)} a=0,a %1,
¢(o)(x) =lim, ¢(a)(x)’ ¢(_1)(X) =lim, ¢(a)(x)

Therefore, the new measure to detect leverage points is given by

o Det(1+aHi (B, )) ™"
96.) - ko] O | avoa

Det (I-H (B, ))a’z
Iéi)(ﬁ%) —%{Trace(H" (Bg,z))+log(Det(|—|‘|ii (ﬁwz)))}
(B )= Srvace( (27 (B, )27) (29" (8. )25 )~ | 1oa et (" (., )) )
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Influential points

@ Cook distance generalization
(.) = MH\T =~ \1(% (i)
(Bfﬁz ¢2> COV<ﬁ¢2> (ﬁff)z B¢2>
with ﬁ;'z) the minumum ¢, —divergence estimator of B when the i-th observation is eliminated
~ ~ -1
cov(B,,) = (ZV(BO)ZT>
A particular case of C(') indicate the influence of the i-th observation.

# The influence of the i-th observation in the estimated model, is given by

D42z = ¢’1’2?1)( ‘“(p(%) ( ()D +D¢1(p(ﬁ§j),p<ﬁ¢z>)),

For J=2and g,(7(n))= |Og<72'1(77i)/(1—72'1(77i))>5 Binomial Logit Model
d1(X) = ¢o(X) = xlogx —x +1 (Johnson(85)).

B DY’ ,, = 2pCY) + 0, (1)
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Preliminaries

Cressie and Read (1984) divergence family
day(X) = (a@+ 1)) (x*! —x—a(x-1));a+ 0,a+ -1,
¢ 0)(X) = lIMao Pay(X), ¢1)(X) = liMas_g Pa)(X),
J=4,m=2,N=8Y={,234} x ={,0}, x, ={1,2,3,4}

;
B = (a1,a2,a3,B1,B2)=(-2,-1.2,0.5,0.05,0.1) b1~ (15.15.15.15.15,15.15.15),

M = 10000 n2 = (20,20, 20,20, 20, 20,20, 20),
n3 = (30,30,30,30, 30,30, 30, 30),
n* = (50,50,50,50,50,50,50,50),
n=(n,...n, ) eN={nt,n?,n®,n*,n®,n°n",n’ n°}  with < n® = (60,60, 60,60,60,60,60,60),
n® = (25,25,25,25,10, 10,10, 10),
n’ = (50,50,50,50,15,15,15,15),
n® = (60,60,30,30,20,20,15,15),
n® = (40,40,15,15,5,5,25,25).

.

Models: Cumulative logit, Grouped Cox, Adjacent categories logit and sequencial logit.
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Computational study of S,

To compare the members of the minimum Cressie and Read divergence estimators,
a 13 na A
mse’ :ﬁ;(ﬁj(i) -A) . i=1..5

* - * * ~a . .. . -
where B =a;,1=12,3,8, =5, =B, and ﬁj(i) is the minimum Cressie and Read divergence

estimator of [5’]* in the i—th sample.

Mean square error

a

Cumulative Logit Model 0.0998 0.1002 0.1038
Grouped Cox Model 0.0767 0.0518 0.0451 0.0494 0.0457 0.0488

Ao EENg e Clo[o g SRR oo IEMmee N 0.3021 0.2149 0.2045 0.1991 0.1983 0.2047
Sequential Logit Model 0.1312 0.0926 0.0811 0.0791 0.0783 0.0806

Multinomial Generalized
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Computational Study of T %% (I)

' H, - KTBZE,» Hs,n : KTB_gzn_llzs

where K'=(0 0 0 0 1) and & = 0
5=1(6,,0,,8,0,,0,5,0,)=(-3,-2,-1,0,1,2,3)
a =0.05

@ Simulated exact size and power of Tn¢“"‘)'¢‘”

Pa) P 2
(Number of T, > 471 | H(Ss,n)

po, (a)= v , s=1,..,7

Ha) ) . . - Ha) P . .
where Tn,(j) (1), J=1..,M s the estatistic Tn() W for the simulated j-th sample.

# Mean Gradient relative to the size

o(a)=—"~ J : i( po,,(a)- po, (a)jz

po,, (a) gii S

S
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Computational Study of T %% (I1)

Cumulative logit model

(3]

w B

w BB

=]

=Q\

='-J

=m

=\O

44.4819
23.4513
27.0857
37.0492
39.2572
21.9263
29.6630
27.0147
19.5508

47.1860
24.6677
28.1178
37.6535
39.7275
232113
30.5987
28.2998
21.6672

48.6279
25.4068
28.2602
37.7806
40.1961
24.1904
31.0217
28.4423
22.3575

49.2324
25.4864
28.2553
38.1274
40.2161
24.9838
31.5172
28.7721
22.4905

50.1314
26.2709
28.2828
38.2978
40.5701
25.3208
31.8953
28.9977
22.8260

50.4039
26.2614
28.2762
38.1445
40.6220
25.2050
31.9148
28.9501
22.7089

50.5173
26.6013
28.5545
38.2426
40.5241
25.2012
31.9419
28.6696
22.4385

49.4364
25.9934
28.0547
38.0297
40.5594
24.8734
31.3458
28.0662
21.3991

Grouped Cox Model

g(a)
1

n

(3]

o Be B, B

=]

=Q\

='-J

=m

=\O

36.0441
44.0068
54.3651
65.8072
76.8838
39.8076
57.0605
53.8019
40.8188

419568
48.7944
58.1452
76.6023
82.2297
44.7121
60.9817
57.8208
46.3999

44.9706
51.1479
60.2436
82.1046
85.1973
47.6115
62.9464
59.0997
48.4080

47.1426
52.6469
62.5046
86.0702
88.3949
50.5469
64.4001
60.5480
48.8193

49.8293
54.5833
64.5607
90.9755
91.3026
53.2101
65.7420
61.5705
50.0774

50.5341
55.1527
65.4431
92.2622
92.5505
53.9158
66.7354
62.1667
50.8626

51.6817
55.7987
66.3471
94.3574
93.8290
54.8638
66.8479
63.0607
51.1997

50.0850
55.0878
65.1180
91.4423
92.0907
53.8001
66.7232
62.2964
48.9823
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Computational Study of T %% (II1)

Adjacents categories logits models

g(a)
n' 36.4747 43.5753 46.7695 49.1414 511056 51.3475 51.0639 47.2147
n’ 42.4033  46.6992 48.7976 50.7110 52.1903 52.8812 52.4900 50.4163
n’ 51.9000 56.0381 57.6921 59.6484 60.8357 62.0119 62.1661 60.4330
n' 65.8266 69.3734 70.9338 71.2846 72.6984 73.4429 73.5507 72.0045
n’ 70.5963 74.4051 75.8464 77.2558 782505 78.1238 78.1859 77.4970
n’ 394611 45.3279 47.4061 49.5395 502566 51.1361 51.9987 49.3958
n 536800 59.8008 61.4509 629226 656789 65.8613 66.4009 66.2323
n’ 504614 543394 56.1293 57.6412 592159 59.2718 59.3852 57.8434
n’ 31.1820 34.5363 36.1894 37.6215 383070 38.3118 36.7530 35.2671

Sequential logit model

g(a)

n' 253224 277350 292740 295193 302525 30.7483 31.2650 29.8938
n’ 29.6248 31.9191 32.8167 33.7971 343677 34.4347 34.3803 33.7805
n 37.1715 38.8045 39.5891 39.5580 403393 40.3453 40.6454 39.8253
n' 48.7218 50.1605 50.6723 51.0151 513743 513059 51.3865 51.0876
n 52,5081 54.6469 55.6535 56.0797 562392 562529 56.3208 56.0516
n’ 29.9185 31.6859 32.9666 33.4379 34.0883 34.4622 34.5578 34.0637
n’ 414344 432670 43.5818 43.9205 439733 43.9655 43.8901 43.7811
n’ 432656 442236 44.8142 452637 462121 46.2050 45.5023 44.9058
n’ 29.6463 32.0798 32.9404 332821 342249 34.3780 33.8714 32.3461

Multinomial Generalized
Linear Models



Computational Study of T, %% (IV)

7 Asymptotic Pr(;(f (#)> Xira )’

with 1 = 87 (KT1gA(B%) 'K) 8.

0=0;=-30

o
nZ
n=(n.,ny ) € {nt,n?, 00" 0%} with 1n’
r14
\n5

(15,15,15,15,15,15,15,15),

(20,20, 20, 20, 20, 20, 20, 20),
(30,30,30,30,30,30,30,30),
(50,50,50,50,50,50,50,50),
(60,60, 60,60, 60, 60,60,60).
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Computational study for some ordinal models

Exact Power — Asymptotic Power

Maria del Carmen Pardo Llorente
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