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Summary of GAMLSS course

Monday May ™ 2007

10.00-10.45 Ch1l Introduction to GAMLSS modelling
11.00-11.45 Ch2 Introduction to GAMLSS package in R
11.45-12.45 Practical 1

14.00-14.45 Ch3 Discrete distributions and regressions models
14.45-15.30 Ch4 Continuous distributions and regression models
16.00-17.00 Practical 2
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Summary of GAMLSS course

Tuesday May 8 2007

10.00-10.45 Ch5 Finite mixture distributions and models
11.00-11.45 Ch6 Smoothing models

11.45-12.45 Practical 3

14.00-14.45 Ch7 Regression model selection
14.45-15.30 Ch8 Nonlinear models

Ch9 Random effects at the observation level
16.00-17.00 Practical 4
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Summary of GAMLSS course

Wednesday May 1 2007

10.00-10.45 Ch10 Random effects at the factor level
Chl1ll General random effects models

11.00-11.45 Ch6 Centile estimation and diagnostics

11.45-12.45 Practical 3

14.00-14.45 Discussion and feedback
Analysing your own data sets
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Chl Introduction to GAMLSS modelling

1.1
1.2
1.3
1.4
1.5
1.6
1.7
1.8
1.9

Introduction to statistical modelling
Motivating data examples
GAMLSS model

Population distributions for Y
Additive terms

Model estimation

Algorithms

Residuals

Conclusion
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1.1 Introduction to statistical modelling

Statistical modelling:

Model fitting,

Hypothesis testing,

Model selection,

Model diagnostic checking, plots and statistics,
Prediction.

Objective:
If hypothesis testing, use formal statistical tests.

If prediction, use model selection criteria, e.g. AlIC.
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Why use gamiss?

Unified framework for univariate regression type of models
Allows any distribution for the response variable Y
Models all the parameters of the distribution of Y

Allows a variety of additive terms in the models for the
distribution parameters

The fitted algorithm is modular, where different components
can be added easily

Models can be fitted easily and fast
Explanatory tool to find appropriate set of models

It deals with overdispersion, skewness and kurtosis



for statistical modelling

gamiss

1.2 Motivating Examples
BMI against AGE for Dutch girls

PDF Created with deskPDF PDF Writer - Trial :: http://www.docudesk.com

15 20

10

AGE



gamiss

for statistical modelling

data

%) 0 °
O - o
8 (©) o O °© (©)
N © ° P ° o © o
o o o} o[
p 0o
c S
7p] o © ° - ®
= g
() o =
00 o
I_ (©) o
o &
" = OO% — <
qV ®% .
(©)
2 °o L N
o 0 o
E o
(©)
(g0 o o | o
> | | | | | |
L] ose 002 0ST 00T 0S 0
ysy

PDF Created with deskPDF PDF Writer - Trial :: http://www.docudesk.com



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

gamiss
for statistical modelling

1.3 GAMLSS model

Y ~D(u, o,v, T) whereD is any distribution and

gi(p) = n; = X168, + Z Z 1751

Known —
ik~ . T Additive
g2(0) =12 = XoBo + > Zjzv,o terms

Predictor

g3(v) = n3 = X383 + Z 7237 ;3

Linear i \
terms ga(T) = mn, = XuB, + Z Zj4'fj4' Random

Jj=1

Here Vi ~ quk(O, G,-'kl) arfd =G, (1)

effects
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Semi-parametri€cSAMLSS model

Y ~D(y, o,v, T) whereD is any distribution and

J1
g1(pe) = X181 + D> hji(x;1)

j=1

g
g2(o) = X208, Zhjz(xﬂ)

j=1

VA
g3(v) = X383 + Z hiz(x;3)

j=1

Ja
ga(T) = XafBa + D _ hja(xja).

i=1
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Nonlinear semi-parametric GAMLSS model

Y ~D(l, o,v, T) whereD is any distribution and

gy ()

gaia)

ga(1s)

g4(T )

hy( X

holXa.

ha{Xa.

ha( X4,

J1
340+ Z faj1 (1)
i=1

Ha) + Z fja(x;2)

J=

B3) + Z hja(Xja)

J=

i=1

Ba) + > lja(x;a).
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Nonlinear parametriGAMLSS model

Y ~D(y, o,v, T) whereD is any distribution and

g (L) = h(X1.5)
oo I::-C":I — 312[:{2- ."32]
gaftr) =  ha(Xa./F3)

G4 7)) halX 4. 3,0
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ParametridlGAMLSS model

Y ~D(y, o,v, T) whereD is any distribution and

g1(pe) — X134
gz2(o) — X305
gza(r) — X303

ga(7T) =— XaB,4
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1.4 Population distributions fof

1.4.1 General comments

1)

2)
3)

4)

A wide range of discrete and continuous distributions
Implemented, including highly skew and kurtotic distributions

Easy implementation of new distributions
Different parameterisations of a distribution can be implemented

Truncated distributions and censored data easily implemented
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1.4.2 Discrete distributions for

One parameter distributions

Bl Binomial
PO Poisson

Two parameter distributions
BB Beta-Binomial
NBI Negative Binomial type |
NBI| Negative Binomial type Il
PIG Poisson-Inverse Gaussian

ZIP Zero inflated Poisson (also ZIP2)

Three parameter distributions

SICHEL Sichel
DEL Delaporte

gamiss
for statistical modelling
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1.4.3 Continuous distributions fofr

Four parameters
Wl

0)

location

scale

skewness

kurtosis

gamiss
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Skewness and kurtosis

negative skewness

platykurtosis

)

e i)

positive skewness

leptokurtosis
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Continuous distributions for

Two parameter distributions

BE
GA
GU
LO
LNO
NO
|G
RG
WEI

Beta

Gamma

Gumbel

Logistic

Log Normal

Normal

Inverse Gaussian

Reverse Gumbel

Weibull (also WEI2, WEI3)
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Continuous distributions for

Three parameter distributions

BCCG  Box-Cox Normal
PE Power Exponential
TF t family
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Continuous distributions for

Four parameter distributions

BCT
BCPE
JSU
SHASH
SEP
ST3

Box-Coxt

Box-Cox Power Exponential
Johnson Su

Sinh Arc Shinh

Skew Exponential Power
Skewt

gamiss
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1.4.3 Mixed distributions foY

These distributions are a mixture of discrete
and continuous distributions.

Four parameter distributions

BEINF Beta inflated
ZAIG Zero-adjusted inverse Gaussian
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1.4.4 Mixture distributions foY

These distributions are mixtures ahy 2 or
moreGAM L SS distributions ofany type.

They are fitted using general functions:
gamlssM X and gamissNP

e.g. mixture of two Weibull distributions,
zero inflated distributions
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1.5 Additive terms

Each parameter of the distributiop, o, v, T Is

modelled using terms in explanatory variables x
Parametric additive terms

e Linear and interaction terms for variables and factors.
e Polynomials, inverse polynomials,

piecewise polynomials (with fixed knots),

fractional polynomials (Royston and Altman, 1994)

e Non-linear parametric terms
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Smoothing and random effects additive terms

e Additive smoothing terms

v

AN NI

loess (Cleveland et a/., 1993)

cubic splines (Green and Silverman, 1994)

P-splines (Eilers and Marx, 1996)

varying coefficient models (Hastie and Tibshirani, 1993)

e Random effects (overdispersion, simple random
effects, random coefficients)

e Parameter driven Time Series (random walks)
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Additive terms in GAMLSS

Each parameter of the distributiop, o, v, T Is
modelled using (additive) terms in explanatory ables X

Model Formula ramlss code
simple linear Ho + Az X
polynomial Bo + Bz + Fox® + Faz® poly(x,3)
fractional polynomial 3o + S1aPt + [FaxP? fp(x,2)
for p € (=2, -1,0,0.5,1,2,3)
e.g. By + B12°° + Bax2 bip(0.5.-2 )
power polynomial 3y + G12Pt + [FonP? pp(x,2)
loess smoother lo(x.3)
p-spline smoother ps(3,3)

cubic spline smoother cs(x,3)
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1.6 Model Estimation

y response vector of length

X = (Xl, XZ,....,Xp) fixed effectsdesignmatrices

Z = (le, 221,....,ijp) randomeffectsdesignmatrices

B =(8l.8....0) fixedeffectsparameters
y' = (lel, Vgseene y}pp) randomeffects parameters

A= (/\L,/lgl,....,/lgpp) hyperparamgters
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Model estimation in GAMLSS

1) (Linear or nonlinear) parametric GAMLSS model

l.e. no random effects or smoothing terms

l.e. fixed effects but no random effects parameters

l.e. [s butnoys or A’s

GAMLSS estimateg's by maximum likelihood estimation
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2) Random effects or semi-parametric GAMLSS model

l.e. random effects or smoothing terms
l.e. Dboth fixed effects and random effects parameters
l.e. s, ys andA’s

() GAMLSS estimates 4, )) by posterior mode estimation

(i) GAMLSS estimates hyperparametetsby
(a) maximising a profile GAIC oveA
(GAIC = generalized Akaike information criterion)

or (b) maximising the marginal likelihood df
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MAP estimation of £, )) givenA

MAP = maximuma posteriori = posterior mode

f(B.41y.A)0 £y B.y)f (MA)

assuming a uniform prior fgs.
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1.7 Algorithms for estimation of4)) given/

1. RS: a generalization of the MADAM algorithm,
Righy and Stasinopoulos (1996a)

2. CG: ageneralization of Cole and Green (1992)

3. mixed: a mixture of RS+CG
(l.e.] iterations of RS, followed blyiterations of CG)



wyiiobre sy 1o ajdwexa [|ngiapn

Buyiepow [eansiels oy
ssjueb



wiyiobre 99 Jo ajdwexa [|[nqiapn

Buyiepow [eansiels oy
ssjueb



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

1)
2)
3)
4)
o)
6)
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Advantages of algorithms

flexible modular fitting procedure

easy implementation of new distributions

easy implementation of new additive terms
simple starting values for yo,v,r) easily found
stable and reliable algorithms

very fast fitting (for fixed hyperparameters)
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1.8 (Normalized quantile) residuals

The (normalized quantile) residuals from the fitted model are :

=™ u If Y is continuous, where U= |£(Y)

F=d7u]  ifYis discrete, whereu ~U[F (y-1), F (V)]

and @™ isthe inverse cdf of a N(0,1) variable

and If(y) is the fitted model cdf of Y
The true residuals from the model have a N(0,1) distribution,

whatever the original correct distribution of Y.
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1.9 Conclusion

GAML SS allows flexible modelling of both:

1) the distribution ofY, including models for skewness and kurtosis

Il) the dependence of the distribution parameters e.@, v, T,
on explanatory variables and random effect additive terms.
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