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Summary of GAMLSS talk

1- Introduction to GAMLSS modelling
2- The gamiss package in R

3- Fitting discrete distributions

4- Fitting continuous distributions

6- Smoothing models

8- Centile estimation

9-End
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1.1 Introduction to statistical modelling

Statistical modelling:
Model fitting,

Hypothesi s testing,
Model selection,

Model diagnostic checking, plots and statistics,
Prediction.

Objective;
If hypothesis testing, use formal statistical tests.
I prediction, use model selection criteria, e.qg. AlC.
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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(n)=Xb where y~Exponentia family(u,c )
Continuous. Normal, Gamma, Inverse Gaussian
discrete : Binomial, Poisson
Generalised Additive Models Hastie and Tibshirani (1990)

g(1)=Xb+2h(x)
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1.3 Motivating Examples:
BMI against AGE for Dutch girls
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Example 2: The fish species data
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1.4 GAMLSS mode!
Y ~D(u, o, v,t) whereD Isany distribution and

gi(p) =n, =X18, + > Zjav;

Known —t
link / S T Additive
g2(o) = 15, = X3, + Z Z j>7 i» terms

Predictor

g3(v) = n3 = X383 + Z ZjS’Yje;

—1
Linear jﬁ \
terms ga(T) = Ny, = XafB,4 + Z Zj47j4' Random
7=1 effects

Here Vik ~ quk(O; Gj_kl) and ij = ij(/l)
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Semi-parametric GAM L SS model
Y~D(u, o, v,t) whereD isany distribution and
J1
gi(p) = X187 + Z hja1(x;1)
j=1
JJE
g2(o) = X205 + Z hjo(Xj2)
i=1

J3
g3(r) = X383 + Z h 3 (x;3)
j=1

g4
ga(T) = XafB4 + Z hja(Xja).
j=1
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Nonlinear semi-parametric GAMLSS mode

Y~D(u, o, v,t) whereD isany distribution and

gy (e )

gl o)

gal1’)

_fmi:’-":'

J1
|i|11|:},||.-.1. ,1'3]_] +Z |FE-_?1|::}‘:._;,1::|
1

Jo
hgl::":.g. ,-'32] —|—Z .;'.a_;azi:}iﬂ}

i=1

Ja
ha(Xs, 35) + Z Fiia (3 a)

=1

g4
halXy. .-'34] —|—Z |F.L_j4l::]{_j..1:].
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Nonlinear parametric GAM L SS mode

Y ~D(u, o, v, t) whereD isany distribution and

g:;-li:.i.-[-jl — fog (0. -"31]
gz(o) = ha(Xa.3a)
galrr) = ha(Xs. 33

galT) = ha(Xa. 3,
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Parametric GAMLSS model

Y~D(u, o, v,t) whereD isany distribution and

g1(pe) — X134
gz2(o) — X8,
gz(1rr) — X355

ga(7T) — Xal3,
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1.5 Population distributionsfor Y

1.4.1 Genera comments

1) A widerange 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



Table 1.2: Implemented GAMLSS distributions (with default link functions)

Distributions R Name LE o 1 T
Beta BE() logit logit - -
Beta Inflated (at O and 1 ) BEINEY() logit logit log log
Beta Binomial BE() logit log - -
Binomial BI() logit - - -
Box-Cox Cole and Green BCCGH) identity log 1identity -
Box-Cox Power Exponential | BCPE() identity log identity log
Box-Cox-t BCT{) 1dentity log identity log
Delaporte DEL() log log logit -
Gamma GA() log log - -
CGGumbel GU() identity log - -
Inverse (Gaussian 1) log log - -
Johnson's SU JSU() identity log 1dentity log
Johnson's original SU JsUo() identity log 1identity log
Logistic LOW) 1dentity log - -
Log Normal LINO) log log fi~ced -
Multinomaial MULTTING log log log log
Negative Binomial tvpe 1 NBI() log log - -
MNegative Binomial tyvpe 11 NBII() log log - -
NET NET() identity log fixed fhxced
MNormal NO() identity log - -
Poisson PO log - - -
Poisson inverse (Gausslan PICs() log log - -
Power Exponential PE() identity log log -
Reverse Gumbel RG() 1dentity log - -
Sichel SICHEL() log log identity -
Skew Exponential Power SEP () identity log identity log
t Family TF() 1dentity log log -
Weibull WEI) log log - -
Weibull (PH) WEIZ2() log log - -
Zero inflated polsson LIP log logit - -

gamiss

for statistical modelling
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1.5 Additiveterms

Each parameter of the distribution u, 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



gamiss
for statistical modelling

Smoothing and random effects additive terms

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

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

o Parameter driven Time Series (random walks)
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Additivetermsin GAMLSS

Each parameter of the distribution u, ¢, v, T IS
modelled using (additive) terms in explanatory variables x

Model Formula ramlss code
simple linear Go+ Hx X
polynomial Ao + Bz + For® + Baz® poly(x,3)
fractional polynomial Ao + F1xPt 4 Forh? fp(x,2)
for p e (-2,-1,0,0.5,1,2,3)
e.g. By + B2 + Bor2 bfp(0.5.-2 )
power polynomial g + G2t + Goxt? pp(x,2]
loess smoother lo(x.3)
p-spline smoother ps(x,3)

cubic spline smoother cs(x,3)
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2.0 The R packages

gamlss package
gamlss.nl package
gamlss.tr package

gamlss.dist package
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2.1 The gamlss package

— Thegamiss() function creates a gamlss object

— Methods for a gamlss object
AIC(), addterm(), coef (), deviance(), fitted(),
formula(), lot(), print(), predict(), residual s(),
update(),

— Othersfunctions
centiles(), fitted.plot(), GAIC(), gamlss.scope(),
par.plot(), Iperd(), pdf.plot(), prof.plot(), prof.term(),
Q.stats(), refit(), rgres.plot(), stepGAIC(), term.plot()
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2.3 The gamlss family of distributions

Many distributions available

Each distribution has:

dNO : the pdf function

PNO : the cdf function

gNO : the inverse cdf function
'NO : random generating function
NO : the fitting function
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Plotting acontinuous distribution
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Plotting adiscrete distribution

pcdf clf
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Demonstration

library(gamiss)

data(abdom)

plot(y~Xx, col="blue", xlab="age", ylab="circumference", data=abdom)
# fitting polynomials

abdO<-gamlss(y~poly(x,3), family=NO, data=albdom)
abd00<-gamlss(y~x+I (x"2)+I (x"3), family=NO, data=albbdom)
abd00

summary (albd00)

# fitting cubic splines

abdl1<-gamlss(y~cs(x,df=3), family=NO, data=abdom)

abdl

summary(abdl)

# fitted sigma

fitted(abdl,"sigma*)[ 1]

predict(abdl,what="sigma’', type="response")[1] [1]



3.0 Fitting discrete distributions

One parameter distributions

Bi Binomial
PO Poi sson

Two parameter distributions
BB Beta-Binomial
NBI Negative Binomial type |
NBI | Negative Binomial type ||
PIG Poisson-Inverse Gauss an

ZIP Zero Inflated Poisson

Three parameter distributions

SICHEL Sichel
DEL Delaporte

gamiss
for statistical modelling
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Example 1. Computer failure count data

> fallure<-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,
+2521,12,8,9,10,17,2,3,4,8,1,2,5, 1, 2,
+2.31,20,21,6,3,3,6,11,10,4,3,0,2, 4, 2,
+1,53,3,25,3,4,1,3,6,4,4,5,2,10,4,1, 5,
+6,9,7,3,1,3,0,22,1,4,2,13,0,2,1,1,0, 3,
+16,22,5,1,2,4,7,8,6,11,3,0, 4, 7, 8, 4, 4, 5)

> mPO <- histDist(fallure, "PO", main = "PQ")
GAMLSS-RS iteration 1: Globa Deviance = 769.9487
GAMLSS-RS iteration 2: Global Deviance = 769.9487
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Fitting discrete distributions to computer failure data

PO MNEI

(Wi L
= R— o JR—

i Lo

i Lo

= J— - —

i (i -
LS i —
o — s — ;
=3 i

(o i

o Lo TR

i Lo

PI1G Sl

o L
b — o —
= L
L) LE
= — 3 —
= L
o L
o [ Cos

O 3 O 3
Wi e
= ] i ]
I--h e e
O 3 O 3




gamiss
for statistical modelling

Table of Akaike information criterion (AlC)

>AIC(mPO, mNBI, mPIG, mSl)

af AIC
mPIG 2  636.4160
MNBI 2  636.8405
m3l 3 638.3314
mPO 1  771.9487

From the GAIC table above we conclude that the PIG modée}
IS the appropriate model here, (although NBI modd 1s close).



4.0 Fitting continuous distributions

Four parameters

s

location

scale

skewness

kurtosis

gamiss
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Skewness and kurtosis

negative skewness

platykurtosis

i)

el fy)

positive skewness

leptokurtosis
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Continuous distributions for Y

Two parameter distributions

BE Beta

GA Gamma

GU Gumbel

LO Logistic

LNO Log Normal

NO Normal

|G Inverse Gaussian
RG Reverse Gumbel

WEI Weibull (also WEI2, WEI3)
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Continuous distributions for Y

Three parameter distributions

BCCG  Box-Cox Normal
PE Power Exponential
TF t family
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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 Betainflated



BCPE distribution for v =1, symmeltric case
W=10,6=01,v=1,t=3, 25, 2, 1.5
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BCPE distribution for v < 1, positively skew case
lu=10.0=0.1.v=-1.t=3. 25. 2. 1.5

tT=3 1=25
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The Parzen data

snowfall data, Parzen (1979): the annual snowfall in

Buffalo, NY (inches) for the 63 years, from
1910 to 1972 inclusive.

> snowfall <- c{l126.4, 82.4, 75.1, 51.1, 20.9, 76.2, 104.5, &57.4,
110.5, 25, £9.3, 53.5, 39.58, 63.6, 46.7, 72.9, 759.7, B3.6,
0.7, 60.3, 79, 74.4, 49.6, 4.7, 71.8, 49.1, 103.9, 1.6,
82.4, B3.6, 77.8, 7.3, BR.6, BE.5, L&, 120.7, 110.5, 65.4,
39.9, 40.1, 8B.7, 71.4, 83, 55.9, 89.9, 84.8, 105.2, 113.7,
124.7, 114.5, 115.6, 102.4, 101.4, 89.8, 71.5, 70.9, 55.3,
55.5, 661, 7B.4, 120.5, 97, 110}

+ + + + + +
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Parzen data: analysis

op <— parimfrow = c(d, Z))

mN{ <- histDist{snowfall, "NO", density
ymax = (0.017)

mizd <— histDist(snowfall, "GA", density
ymax = (0.017)

mPE <- histDist(snowfall, "PE", density
ymax = (0.017)

mBCPE <- histDist(snowfall, "BCPE", density = TRUE, main = "(dJ",
ymax = (0.017)

par (op)

TRUE, main = "({a)®,

TRUE, main = "(h}",

TRUE, main = "(c)¥,

LU L T T T L T T

> AIC(mNO, mGA, mFE, mBCPE)

df AIC

!0 2 B2l T3321
nPE 3 B2l .3720

nECPE 4 E23.2114
mizA 2 b23.8163
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Parzen data. worm plot

Deaviation

Unit normal quantile
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strength of glass fibres data

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

> strength <- c(0.85, 0.74, 0.77, 0.81, 0.84, 0.493, 1.04, 1.11,

+ 1.13, 1.24, 1,25, 1.27, 1.25, 1.29, 1.3, 1.36, 1.39, 1.42,
+ 1.48, 1.48, 1.49, 1.45, 1.5, 1.5, 1.51, 1.52, 1.53, 1.5,

+ 1,55, 1.55, 1,88, 1.59, 1.6, 1.61, 1.61, 1.61, 1.61, 1.62,
+ 1.62, 1.63, 1.64, 1.66, 1.66, 1.66, 1.67, 1.68, 1.68, 1.68,
+ 1.7, 1.7, 1.73, 1.76, 1.76, 1.77, 1.78, 1.81, 1.82, 1.84,

+ 1.54, 1.89, 2, 2.01, 2.24)
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6.0 Smoothing models

| ntroduction
Smoothing In GAMLSS
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Scatter plot smoothers
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Running polynomial smoothers

Unweighted

* running mean

e running lines
 running quadratics
e running cubic

Weighted
eKernel smoothers
o[_0ess
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Running mean smoother
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Figure 2.2: Cable data: Running mean smoothers with span=0.1.0.5,1, and 2
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Running line smoother

Figure 2.3: Cable data: Running line smoothers with span=0.1.0.5.1. and 2
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Comparison of different running smoothers

Figure 2.4: Cable data: Running mean, linear. quadratic and cubic smoothers
with span=0.5
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Kernel smoothers. weighed running means
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Figure 2.10: Cable data: Gaussian kernel curves with different bandwidths
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Locally Weighted Running-line Smodtfgrs=—
(loess)
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Figure 2.11: a) loess curves using the cable data: a loess with Ganssian kernel,
linear fit and span=0.5. , (b} loess curve using Gaussian kernel, quadratic fit
and span=0.5.
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cubic splines and penalised splines

K
M) = oo + Bor + foar® + foa® + Z Bilz = 1) H(z > 75)
k=1
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The Rent data

R: rent response variable, the monthly net rent in DM, i.e. the monthly rent minus caleulated
or estimated utility cost.

F: floor space in square meters
A: wear of construction

S5P: a two level factor indicating whether the location is above average (550 observations) or
not {1419 observations)

SM: a two level factor indicating whether the location is below average (172 obs. ) or not (1797
obs. |

B: a two level factor indicating whether there is a bathroom (1925 obs.) or not (44 obs.
H: a two level factor indicating whether there is central heating (1580 obs.) or not {389 ohs.)

L: a two level factor indicating whether the kitchen equipment is above average (161 obs.) or
not {12808 obs. |
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Cubic splines, the cs() function

> |ibrary(gamlss)

> data(rent)

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

GAMLSS-RS iteration 1: G
GAMLSS-RS iteration 2: G
GAMLSS-RS iteration 3: G

obal Deviance = 27920.7
obal Deviance = 27920.74
obal Deviance = 27920.74

> op <- par(mfrow = ¢(2, 1))
> term.plot(rl, se = TRUE, partial = TRUE)

gamiss
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Cubic splines (additive plots): rent data
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Figure 6.3: Rent data: Additive plots for the cubic splines
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Cubic splines (contour plot): rent data
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I
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Figure 6.4: Rent data: contour plot for the fitted additive cubic splines model
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rent data
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loess. the rent data, plots
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Figure 6.10: Rent data: contour and surface plot for the fitted loess surface model
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[ Centile estimation

Example

Modelling the distribution

Modelling the parameters

Model selection

Modelling head circumference against age
Model diagnostics

Conclusions
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/.1 Introduction to centile estimation

/.1.1 Dataexample

Variables
Head circumference (HEAD)
aganst age,
for 7040 males under 22 years,
Study
Cross sectional study,
‘The Fourth Dutch Growth Study’,
Fredriks et al. (2000)
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7.1.2 Objective
To obtain centile curves of HEAD against AGE
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0.3 Modd for smooth centile curves

Y~D(u, o, v,t) whereD isany distribution, and
where Y = HEAD and x= AGE ° and

L cs(ax, df,.)

log(o) = cs(x, dfs)

L/

cs(ax, dfy)

log(T) cs(ax, dfy)
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0.4 Automatic model salection of
degrees of freedom and &

We need to select thefivevaues  df,,, dfs, df,., df-, &

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 isthe total degrees of freedom used in the mode,
Akake (1983)
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Choosing the penalty #

Akalke information criterion Al C 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.
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7/.5.2 Fitted parameters u, o, v, T against AGE
(for BCT model chosen with penalty # = 3)
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Comparison of fitted modelsfor #= 2, 3, 8.9
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7.5.3 Choosing the distribution

GAIC(3)-
distribution 26814.7

NO 221.6

BCCG (LMS) | 172.9

BCPE (LMSP) | 81.7

SEP (1.7

TF 4.8

JSU 3.4

BCT (LMST) | O
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=3

Centilesfor BCT mode chosen with #

(0.4, 2, 10, 25, 50, 75, 90, 98, 99.6) %
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