
Generalized additive models for location scale
and shape

Bob Rigby
Mikis Stasinopoulos



Summary of GAMLSS talk

1- Introduction to GAMLSS modelling
2- The gamlss package in R
3- Fitting discrete distributions
4- Fitting continuous distributions
6- Smoothing models
8- Centile estimation
9-End



Introduction to GAMLSS modelling

1.1 Introduction to statistical modelling
1.2 History
1.2 Motivating data examples
1.3 GAMLSS model
1.4 Population distributions for Y
1.5 Additive terms
1.6 Model estimation
1.7 Algorithms
1.8 Residuals
1.9 Conclusion



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. AIC.



1.2 History

Regression type of models :
(explanatory variables) X y (response variables)
Regression analysis

y=Xb+e
Generalised Linear models: Nelder and Weddeburn (1972)

g()=Xb where y~Exponential family(,)
Continuous: Normal, Gamma, Inverse Gaussian

discrete : Binomial, Poisson
Generalised Additive Models Hastie and Tibshirani (1990)

g()=Xb+h(x)



1.3 Motivating Examples:
BMI against AGE for Dutch girls

BMI

AGE



Example 2: The fish species data
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1.4 GAMLSS model
Y ~ D(, , , ) where D is any distribution and

Linear
terms

Known
link

Predictor

Additive
terms

Random
effects



Semi-parametric GAMLSS model

Y ~ D(, , , ) where D is any distribution and



Nonlinear semi-parametric GAMLSS model

Y ~ D(, , , ) where D is any distribution and



Nonlinear parametric GAMLSS model

Y ~ D(, , , ) where D is any distribution and



Parametric GAMLSS model

Y ~ D(, , , ) where D is any distribution and



1.5 Population distributions for Y

1) A wide range of discrete and continuous distributions
implemented, including highly skew and kurtotic distributions

2) Easy implementation of new distributions

3) Different parameterisations of a distribution can be implemented

4) Truncated distributions and censored data easily implemented

1.4.1 General comments





1.5 Additive terms

• Linear and interaction terms for variables and factors.

• Polynomials, inverse polynomials,

piecewise polynomials (with fixed knots),

fractional polynomials (Royston and Altman, 1994)

• Non-linear parametric terms

Each parameter of the distribution , , ,  is

modelled using terms in explanatory variables x

Parametric additive terms



Smoothing and random effects additive terms

• Additive smoothing terms
 loess (Cleveland et al., 1993)
 cubic splines (Green and Silverman, 1994)
 P-splines (Eilers and Marx, 1996)
 varying coefficient models (Hastie and Tibshirani, 1993)

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

• Parameter driven Time Series (random walks)



Additive terms in GAMLSS

Each parameter of the distribution , , ,  is
modelled using (additive) terms in explanatory variables x



2.0 The R packages

gamlss package

gamlss.nl package

gamlss.tr package

gamlss.dist package



2.1 The gamlss package

– The gamlss() function creates a gamlss object
– Methods for a gamlss object

AIC(), addterm(), coef(), deviance(), fitted(),
formula(), lot(), print(), predict(), residuals(),
update(),

– Others functions
centiles(), fitted.plot(), GAIC(), gamlss.scope(),
par.plot(), lperd(), pdf.plot(), prof.plot(), prof.term(),
Q.stats(), refit(), rqres.plot(), stepGAIC(), term.plot()



2.3 The gamlss family of distributions

Many distributions available
Each distribution has:
dNO : the pdf function
pNO : the cdf function
qNO : the inverse cdf function
rNO : random generating function
NO : the fitting function



Plotting a continuous distribution



Plotting a discrete distribution



Demonstration

library(gamlss)
data(abdom)
plot(y~x, col="blue", xlab="age", ylab="circumference", data=abdom)
# fitting polynomials
abd0<-gamlss(y~poly(x,3), family=NO, data=abdom)
abd00<-gamlss(y~x+I(x^2)+I(x^3), family=NO, data=abdom)
abd00
summary(abd00)
# fitting cubic splines
abd1<-gamlss(y~cs(x,df=3), family=NO, data=abdom)
abd1
summary(abd1)
# fitted sigma
fitted(abd1,"sigma")[1]
predict(abd1,what="sigma", type="response")[1] [1]



3.0 Fitting discrete distributions

Two parameter distributions
BB Beta-Binomial
NBI Negative Binomial type I
NBII Negative Binomial type II
PIG Poisson-Inverse Gaussian
ZIP Zero inflated Poisson

Three parameter distributions
SICHEL Sichel
DEL Delaporte

One parameter distributions
BI Binomial
PO Poisson



Example 1: Computer failure count data

> failure <- c(4, 0, 0, 0, 3, 2, 0, 0, 6, 7, 6, 2, 1, 11, 6, 1,
+ 2, 1, 1, 2, 0, 2, 2, 1, 0, 12, 8, 4, 5, 0, 5, 4, 1, 0, 8,
+ 2, 5, 2, 1, 12, 8, 9, 10, 17, 2, 3, 4, 8, 1, 2, 5, 1, 2,
+ 2, 3, 1, 2, 0, 2, 1, 6, 3, 3, 6, 11, 10, 4, 3, 0, 2, 4, 2,
+ 1, 5, 3, 3, 2, 5, 3, 4, 1, 3, 6, 4, 4, 5, 2, 10, 4, 1, 5,
+ 6, 9, 7, 3, 1, 3, 0, 2, 2, 1, 4, 2, 13, 0, 2, 1, 1, 0, 3,
+ 16, 22, 5, 1, 2, 4, 7, 8, 6, 11, 3, 0, 4, 7, 8, 4, 4, 5)

> mPO <- histDist(failure, "PO", main = "PO")
GAMLSS-RS iteration 1: Global Deviance = 769.9487
GAMLSS-RS iteration 2: Global Deviance = 769.9487



Fitting discrete distributions to computer failure data



Table of Akaike information criterion (AIC)

>AIC(mPO, mNBI, mPIG, mSI)

df AIC
mPIG 2 636.4160
mNBI 2 636.8405
mSI 3 638.3314
mPO 1 771.9487

From the GAIC table above we conclude that the PIG model
is the appropriate model here, (although NBI model is close).



4.0 Fitting continuous distributions

Four parameters

 location

 scale

 skewness

 kurtosis



Skewness and kurtosis

negative skewness positive skewness

leptokurtosisplatykurtosis



Continuous distributions for Y

Two parameter distributions

BE Beta
GA Gamma
GU Gumbel
LO Logistic
LNO Log Normal
NO Normal
IG Inverse Gaussian
RG Reverse Gumbel
WEI Weibull (also WEI2, WEI3)



Three parameter distributions

BCCG Box-Cox Normal
PE Power Exponential
TF t family

Continuous distributions for Y



Continuous distributions for Y

Four parameter distributions

BCT Box-Cox t
BCPE Box-Cox Power Exponential
JSU Johnson Su
SHASH Sinh Arc Shinh
SEP Skew Exponential Power
ST3 Skew t
BEINF Beta inflated



BCPE distribution for = 1, symmetric case
[= 10, = 0.1, = 1, = 3, 2.5, 2, 1.5]

= 3 = 2.5

= 2 = 1.5



BCPE distribution for < 1, positively skew case
[= 10 , = 0.1, = -1, = 3, 2.5, 2, 1.5]

= 3 = 2.5

= 1.5= 2



The Parzen data

snowfall data, Parzen (1979): the annual snowfall in
Buffalo, NY (inches) for the 63 years, from
1910 to 1972 inclusive.



Parzen data: analysis



Parzen data: plots



Parzen data: worm plot



strength of glass fibres data

Strength of glass fibres, measured at the National
Physical Laboratory, England, see Smith and Naylor
(1987),



glass data: plot



6.0 Smoothing models

Introduction
Smoothing in GAMLSS



Scatter plot smoothers



Running polynomial smoothers

Unweighted
• running mean
• running lines
• running quadratics
• running cubic

Weighted
•Kernel smoothers
•Loess



Running mean smoother



Running line smoother



Comparison of different running smoothers



Kernel smoothers: weighed running means



Locally Weighted Running-line Smoothers
(loess)



cubic splines and penalised splines



The Rent data





Cubic splines, the cs() function

> library(gamlss)

> data(rent)

> r1 <- gamlss(R ~ cs(Fl) + cs(A), data = rent, family = GA)

GAMLSS-RS iteration 1: Global Deviance = 27920.7

GAMLSS-RS iteration 2: Global Deviance = 27920.74

GAMLSS-RS iteration 3: Global Deviance = 27920.74

> op <- par(mfrow = c(2, 1))

> term.plot(r1, se = TRUE, partial = TRUE)



Cubic splines (additive plots): rent data



Cubic splines (contour plot): rent data



Cubic splines (3d plot): rent data



loess: the rent data, plots



7 Centile estimation

9.1 Example
9.2 Modelling the distribution
9.3 Modelling the parameters
9.4 Model selection
9.5 Modelling head circumference against age
9.6 Model diagnostics
9.7 Conclusions



7.1 Introduction to centile estimation

7.1.1 Data example
Variables

Head circumference (HEAD)
against age,
for 7040 males under 22 years,

Study
cross sectional study,
‘The Fourth Dutch Growth Study’,
Fredriks et al. (2000)



HEAD against AGE for Dutch males



7.1.2 Objective
To obtain centile curves of HEAD against AGE



9.3 Model for smooth centile curves

Y ~ D(, , , ) where D is any distribution, and

where Y = HEAD and x = AGE and




9.4 Automatic model selection of
degrees of freedom and 

We need to select the five values 

An automatic procedure is used to select the values which
minimize the generalized Akaike information criterion GAIC

GAIC(#) = Deviance + #.df

where # is a penalty for each degree of freedom used in the model
and df is the total degrees of freedom used in the model,
Akaike (1983)



Choosing the penalty #

Akaike information criterion AIC uses #=2
Schwartz Bayesian Criterion SBC uses #=log(n)=8.9
Alternative values of # can be used, e.g. 3.

Higher penalty #  smoother but biased centiles.

Lower penalty #  rougher but less biased centiles.



7.5.2 Fitted parameters , , , against AGE
(for BCT model chosen with penalty # = 3)



 





Comparison of fitted models for # = 2, 3, 8.9



7.5.3 Choosing the distribution

0.40223.711.771.7SEP

0.273.1-2.913.14.8TF

0.34227.912.281.7BCPE (LMSP)

0.33225.712.30BCT (LMST)

0.46223.411.73.4JSU

0.01-14.72016.7172.9BCCG (LMS)

0.001--3016.4221.6NO

dfdfdfdf
GAIC(3)-
26814.7distribution



Centiles for BCT model chosen with # = 3
(0.4, 2, 10, 25, 50, 75, 90, 98, 99.6) %
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