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9.1 Introduction

Assume, given random effept

thaty has conditional probability density function
f (viy)

Assume thay has pdf

f(y)

Then the (marginal) distribution of Y Is a mix¢ur
distribution with pdf

f,(y)=[ f(yiy) f (v)dy
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Types of model of random effect

We distinguish three type of model of random effect at the
observational level:

() when an an explicit continuous mixture distribution exists.

(i) when a continuous mixture is not explicit but approximated
using Gaussian quadrature points

(i) when a 'non-parametric' mixture [effectively a finite mixture]

IS assumed
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9.2 Fitting explicit continuous mixture
distributions

Example Let y\y~ PO(,uy)
and y~GA(ZLJ“2)
then Yy~ NBI(,u,U)

See Table 4.2 in Section 4.1 for further examples.
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9.3 Fitting non-explicit continuous mixture
distributions using Gaussian guadrature

Y ~D(u,0,,v,,1.) whereD is any distribution
a.(u) = ny = B+
gz(o-i) = Ny = X 5
(Vi) = Ny = X0
94(Ti) = Ml = Xli B,
where y, ~ N(O, Jﬁ) for 1,2,...,n.
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Matrix form for model

Y ~D{, g,v, 1) whereD Is any distribution

gl( ) - ,71 - Xlﬂl-l-y

9.(0) = n, = X,B

(V) = n; = X5

0,(r) = n, = X, B,
"=(yu¥pn)  and~N(0,0?)

where y
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Gaussian quadrature

Let y,=0,Z, foi=1,2,...,n.

Gaussian quadrature effectively approximates the
Continuous N(0,1) distribution for eac.
by a discrete distribution,

Z. =12  with probability 77, fork=1,2,...,K..
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Model

Y ~D{, g,v, 1) whereD Is any distribution
where componerk has probablility7z,  with
Predictors:

o.(e) = n = X B +zo,

0,(0) = n, = X, 5
gg(V) = 1, = X0
0.(r) = n, = X,B



W0D"3SaPNOOP MMM//:dRY :: [euL - 18I 4ad 4adMSap Yim pareald 4ad

gamiss
for statistical modelling

Fitting a normal random effect model

The model can now be considered as a finite
mixture of K components in which the

n's and u 's ar&nown and fitted

as amixture model with parameters

Y =6= (1[31”32”33”34,%) in common
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Summary of iteration (r+1) of the EM algorithm
E-step Replaced, by W™ for eindk

M-step (1) obtain 89 by fitting a weighted GAMLSS
model to an expanded data set
using predictor]e = Xie f+ Z0, for u
and predictors /7s. = X 55 for s=2,3 and 4
for g, vand 1 respectively.
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Model fitting for brain data

br.3 <- gamlssNP(formula = Ibrain ~ Ibody,
mixture = “gq", K = 20, tol = 1, family = NO)

This model uses a normal random effect for theceigt in
the model for., fitted using Gaussian quadrature with
K=20 quadrature points.

The linear regression model for |brain against |body
random intercepts, but the same slope and game



W0D"3SaPNOOP MMM//:dRY :: [euL - 18I 4ad 4adMSap Yim pareald 4ad

gamiss
for statistical modelling

9.4 Fitting non-parametric random effects models
Y ~D{, g,v, 1) whereD Is any distribution

I = }:_1.31 T

gy ()
galer) = 1. = Xal,
gali) = my = X3,
My = X,

Gyl

where yT :(J/l,yz,--,yn)
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‘Non-parametric’ random effect distribution

Let ), =U, with probability 71,

for k=1,2,....Kand 1=1,2,...,n.
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Model

Y ~D{, g,v, 1) whereD Is any distribution
where componerk has probablility7z,  with
Predictors:

91() = = X B +1y

g,(0) = n, = X, B
93(V) = 1, = X305
94(T) = n, = X,B
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Fitting a non-parametric random effect model

The model can now be considered as a finite
mixture of K components in which the

nn.'s and z's arenknown and fitted

as amixture model with parameters

B=(8.,5,.5,,8,) in common.

Note that the
model interce

K components have different

Dt parametets— (Ul, U,,...,Ug )
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Summary of iteration (r+1) of the EM algorithm
E-step Replaced, by W ™ for aéindk

M-step (1) obtain 8" by fitting a weighted GAMLSS
model to an expanded data set, whﬁéFe(,B, u)

@) == i fok=1,2,..,K

(3)4&(”1) _ (é(r+1) | ﬁ.(r+1))
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If the factorMASS s included in the predictor far,
then the (predictor) intercepts are a non-parametrndomterm

If an interactionVIASS*x iIs included in the predictor fqr
then (predictor) coefficients in x are a non-parame#mciomterm.
[The syntax for this fop/in gamissNP is random = ~ x.]

Similarly for distribution parametexs v andr.

All other (predictor) parameters afiged effects terms.
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Model fitting for brain data

br.3 <- gamlssNP(formula = Ibrain ~ Ibody,
mixture = "np", K = 3, tol = 1, family = NO)

This model uses a non-parametric random effedhir
Intercept in the model fqu., fitted as a finite mixture
with 3 components.

The linear regression model for Ibrain against lbody ha
random intercepts, but the same slope and game
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Alternative models for brain data

model | g intercept | p slope a
br.3 different same same
br.31 different same different
br.32 different different same
br.33 different different | different

In the table ‘different’ is interpreted as
‘non-parametric random’
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Non-parametric random effects models

So br.31 has random intercepts for bgthand o.

br.31 <- gamlssNP(formula = |Ibrain ~ Ibody, sigma.fo = ~MASS,
mixture = "np", K = 3, tol = 1, family = NO)

and br.32 has random intercepts and random slopes. for

br.32 <- gamlssNP(formula = Ibrain ~ Ibody, random = ~lbody,
sigma.fo = ~1, mixture = "np", K = 3, tol = 1, family = NO)
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9.5 Conclusion

UsegamlssNP (with mixture="np” for non-
parametric random effectiglany non-parametric
random effects terms (random intercepts and
coefficients iny, g, v andr) are permitted

UsegamlssNP(with mixture="gq” for a normal
random effect, fitted using Gaussian quadrature.
Note than onlyone normal randon effect term Is

permitted. [For more than one, see Chapter 11.]
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