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HGLMs — introduction

® Hierarchical generalized linear models
extend generalized linear models to >1 source of error

include generalized linear mixed models as a special case

® but the additional random terms are not constrained to follow a
Normal distribution, nor to have an identity link

allow for modelling of the dispersion of the error terms

® extending quasi-likelihood methods of Nelder & Pregibon (1987)
have an efficient fitting algorithm

® no numerical integration is required

are explained in the book Generalized Linear Models with
Random Effects: Unified Analysis via H-likelihood by Lee,
Nelder & Pawitan (2006)

® examples available in GenStat for Windows 9t Edition onwards
® Hierarchical generalized nonlinear models

= include nonlinear parameters in the HGLM fixed model
‘ ® in GenStat for Windows 10th Edition
N



HGLMs — definition

® expected value E(y) = u

link n =g(y)
distribution — Normal, Binomial, Poisson or Gamma (from
exponential family)

® but linear predictor n =X+ 32 2Zv,
now contains additional vectors of random effects v, with
Normal, beta, gamma or inverse gamma distributions
and with their own link functions

® Normal-identity gives a GLMM but HGLM algorithms use
much improved Laplace approximations in their use of
adjusted profile likelihood

® inference by h-likelihood
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H-likelihood (LNP §4.5)

® is an extended likelihood L(8,v; y,v) = L(O; y) x L(8,v; v|y)
where the random parameters v are on the canonical scale
l.e. L(61,V"g1; ¥,V) [ L(6y, Vigai y,v) = L(64; y) / L(By; y)
where v*,, and v",, are estimates of v for 6 at 6, and 6,
can treat like an ordinary log-likelihood

estimates and information matrices from joint maximization of h-
likelihood are identical to those from maximizing the marginal likelihood
requires profile likelihood of 6 from the extended likelihood to be
proportional to the marginal likelihood L(0)

® minor extension: canonical scale may not be available for all
parameters - e.qg. (say) for v but not for ¢
then make joint inferences for (6,v), but estimation of ¢ needs
marginal likelihood, approximated by adjusted profile likelihood
® if no canonical scale
use extended likelihood to estimate random parameters

use adjusted profile likelihood to estimate fixed parameters (but
enhanced Laplace approximations available)




E.g. Normal-Normal HGLM

o y=XB+Zv+E¢€
® ¢ follows multivariate Normal(0,2), v follows multivariate Normal(0,D)
® > and D parameterized by variance-component parameters 7=(0%,0,?)

® so (LNP Example 6.1) we have linear predictor

°n =9y = XB + Zv
® where g() is the identity function, and u=v

® and GLMs
* y|u follows a GLM distribution with
® E(ylu) =y

* var(y|u) = @V(u) where p=02, V(u)=1
® y is distributed as Normal(0, A), with A=0,?
® constraint is E(u)=0

® extended likelihood (LNP §5.4) is
® log L(6,v; y,v) = log f(y,v) = log f(y|v) + log f(v)
= lYalog|2nZ| - Va(y-XB-Zv)iZ-1(y-XB-Zv) - V2log|2nD| - viD-1v



E.g. Normal-Normal HGLM

e extended likelihood (LNP §5.4)
® log L(B,v; y,v) = log f(y,v) = log f(y|v) + log f(v)
= Yalog|2nZ| - Va(y-XB-2Zv)Z-Y(y-XB-Zv) - V2log|2nD| - viD-1lv
® note: T = (0?%0,%) appears only in 2 and D
® Fisher information
o I(v") = Ztz-1Z + D1
® depends on 7 but not on 8
® so scale v is canonical for B (but not for 7, which must be
estimated by a marginal likelihood)

® j.e. the extended likelihood is an h-likelihood
® joint estimation is possible for 8 and v
® but dispersion parameters 7 estimated by adjusted profile likelihood



E.g. Normal-Normal HGLM

e extended likelihood (LNP §5.4)
® log L(B,v; y,v) = logf(y,v) = log f(y|v) + log f(v)

e differentiate with respect to g and v
® oL(B,T,v; y,T,v)/OB = XZ Ny - X'B - Z'v)
® oL(B,T,v; y,T,v)/ov = Z5(y - XB - Z'V)

® normal equations

YD YL 3\
D AN AL P v )

alog|2n2| - Va2(y-XB-2Zv)tZ-1(y-XB-Zv) - V2log|2nD| - V2viD-1lv



Augmented mean model

(

normal equations

Xtylx Xty-1ly 3\ [ Xty
Zty-1x  gty-lz 4 p-1 5 )\ zZtz1y

same equations are given by an augmented mean model

y Y_ (X ZN(5), .
WM N 0 I v ©

where the error term e* is normal with mean zero and variance matrix

E:(Z (‘1)
0 D )
¥, = E(u) =0

writeas y, =T0 + &°

normal equations are (T'2_7'T)"10" = T2 1y (as above)
can fit as an ordinary weighted regression

see LNP §5.3.5
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Dispersion model (LNP 85.4.2)

marginal likelihood L(B,T) =
o |2nZ|""fexp{-Y2(y-XB-ZV):Z (y-XB-2V)}
X |2nD|~"2exp{-2vtD-lv}dv
® |2nZ2|" exp{-V2(y-XB-2Zv)Z-1(y-XB-ZVv)}
X |2nD|~"exp{-Y2v 5D v 5.} X [exp{-Ya(v-v ) (V") (V-V"5,) }dV
® |2nZ2|" exp{-V2(y-XB-2Zv)Z-1(y-XB-ZVv)}
X |2nD|~"exp{-Yav 5D v 5.} X |I(v"5,)/(2M)| 7"
marginal log-likelihood =

® h(B,T,v"g) - Valog{|I(v"s,)/(2N)|
® and can show that I(v"g;) = 253712 + D!

profile likelihood of variance components is
° h(B",T,v";) = Valog{|I(v",)/(2n)|}
° with I(v",) = Zt3-1Z + D1
with REML adjustment this becomes
* h(B",1,v";) - Y2log{|I(v";)/(2n)|} - Y2log{|X*V=1X/(2n)|}

fit by Extended Quasi Likelihood i.e. by gamma GLM
® (Nelder & Pregibon 1974, Lee & Nelder 1998)



Fitting algorithm

® interconnected Normal and Gamma GLMs (§5.4.4)

Component 4 (fixed) a2 (fixed)
Response Yy _ g

Mean M T2

Variance 72 (2}

Link n= ¢—=h {ﬁ,}}
Linear Pred. X3+ Zv ~

Dev. Comp. d gammald®. o)
Prior Weight  1/0® = (1-9)/2

’ i o N .
Component v (random) ;. (fixed)
Rl‘h}_}{ NLSe WA " rfﬂl}f
Mean i o
. ‘ TR
Variance 7’ 2(02)?
Link nM = gm(u) Ev = har (o7)
Linear Pred. o Y
. f T 2
Deviance dg gammald, . oy
Prior Weight 1/52 =——— (L —qpr)/2

di = (y;

P )
dari = U7,

— X3 — Z;0)?,

gammal(d”, o)= 2{—log(d* /o) + (d* — ¢)/o} and

(q,qn) are

leverages,

given

the diaconal

elements  of

Tttty

i




HGLMs In GenStat

® procedures (Payne, Lee, Nelder & Noh 2008)
HGFIXEDMODEL - defines the fixed model for an HGLM or DHGLM
HGRANDOMMODEL - defines the random model for an HGLM

HGDRANDOMMODEL - adds random terms into the dispersion models
of an HGLM, so that the whole model becomes a DHGLM

HGNONLINEAR - defines nonlinear parameters for the fixed model

HGANALYSE - fits a hierarchical generalized linear model (HGLM) or a
double hierarchical generalized linear model (DHGLM)

HGDISPLAY - displays results from an HGLM or DHGLM

HGPLOT - produces model-checking plots for an HGLM or DHGLM
HGPREDICT - forms predictions from an HGLM or DHGLM analysis
HGKEEP - saves information from an HGLM or DHGLM analysis
HGGRAPH - plots predictions from an HGLM or DHGLM analysis
HGWALD - gives Wald tests for fixed terms that can be dropped

® menus

Stats | Regression Analysis | Mixed Models | Hierarchical Generalized
Linear Models

cover the standard situations, but not dispersion modelling nor DHGLMs




GenStat HGLM examples

Help Fx lo P
Contents and Index [%.': & ﬂ LU LS Hr LoD
Search...
Loak for:
Spreadsheet : ] .
enSkat o the Weh Cake data (Section 5.5, pages 163-166; Section 6.4.1,
GenStat Guides 3 VS Filter by topic:
Reference Manual b 21:01 ;38
d Experimenta Examples from Lee, Melder & Pawitan (2008)

Tutarials

ages 163-166; Section 6.4.
Commands. . Crack-growth data (Section 11.6.2, pages 334-338)

Procedure Source ) -
Fabric data (Section 6.6.3, pages 197-198)

User Libraries » GHQ) Score data (Section 2.4.3, pages 57-59)
_ _ 17 Injection moulding (Section 3.7.1, pages 92-96)
sl Integrated drcuits (Section 7.3.1, pages 213-215)

About Genstat. .. — Job satisfaction (Section 2.4.2, pages 56-57)

Kidney infection data (Section 10.2.6, pages 304-307
Leukemia study in rats (Section 7.3.4, pages 224-229
Lip Cancer data (Section 8.6.2, pages 241-244)

Dzone (Section 2.4.4, pages 59-63)

Respiratory disorder data (Section 7.3.3, pages 221-
Salamander data (Section 6.6, 1, pages 194-135)
Schizoprenic data (Section 12.4.2, pages 356-358)
Semiconductor data (Section 7.3.2, pages 215-221) W

4 | >

| Open Open and Run Close




Example — chocolate cakes

Row !Rep]_icate !B;tc}z !Recipe l Temperature Angle + = LNP §5'5
L g: 1 L 5| e2fi} @ preaking angle of
2 1(1 1 1 185 46
5 11 2 5 T chocolate cakes
4 1(1 1 1 205 39 H 0
5 101 1 1 215 53 ¢ SpllthOt
: 11 1 1 225| 42 Replicate/Batch/Cake
7 1(1 2 2 175 39
- s 5 P T ® treatment factors:
9 e 2 195] o1 Recipe (whole-plot factor,
10 1(1 2 2 205 49
— e . T between Batches),
12 11 2 2 - Temperature (sub-plot
13 11 3 3 175 46 . .
2 11 3 3 = e factor, within Batches)
= il : e B ® analyse as a Normal-
la 1(1 3 3 205 46
7 11 3 3 215 28 Normal HGLM to compare
= e ° el ) with familiar REML

w4 »




HGLM menu — for cakes

Hierarchical Generalized Linear Models

Survival Analysis
Repeated Measurements
Multiple Experiments
Microarrays

Stan
Monlinear Models. .. |

Aevallable Data; Hezponse Y anate: | Angle
Angle Fived Model
Recipe t adel: Recipe * Temperature
Replicate
Temperature Chztribution: Mormal - |
Link. Function: | dertity - |
Tools Window Help
I Summary Statistics i Operators: Randorn Model
| Statistical Tests k hd . .
adel:
Distribulions N [ + A |Fh3|:u||n::ate / Batch
Regression Analysis 3 Lineg] |f \. Distnbution: Marmal - |
Design + Gen
Analysis of Variance » Logi — . o .
Mixced Models (REML) b Log Link Function: [dentity - |
Multivariate Analysis r probfl || -*
Six Sigma b Ordi '."I E S .
Survey Analysis 3 All=lt i H un ......... i Dl:ltIIIII"IE... Save... Further Elutput...
Time Series + Scre
Spatial Analysis K Split | ﬁ K | ;{ | | Cancel Defaults Fredict...
[ 3
\
[ ]
[ ]

Generalized Linear Mixed Models. .. = flnd menu In Mlxed mOdels
Sample Size »| " RegressionTrees... Hierarchical Generalized Linear Models. .. Sectl on Of Reg ress | on

Analysis on Stats menu




Output: Normal-Normal HGLM

Hierarchical generalized linear model

Response variate: Angle

Mean model

Fixed terms: Recipe*Temperature

Distribution: normal é mean model
Link: identity

Random terms: Replicate/Batch

Distribution: normal

Link: identity

Dispersion: free

Dispersion model < dispersion model here
Distribution: gamma jUSt fItS Variance
Link: logarithm Components

Estimates from the mean model

estimate 5.8 t(252)
constant 29133 2.038 14294 i
Sl o1 2038 4294 < estimates of parameters
Recipe 3 -1.200 1.796 0.668 in the mean model
Temperature 185 2.400 1.652 1.453
Temperature 195 1.667 1.652 1.009
Temperature 205 4.400 1.652 2 663
Temperature 215 95633 1.652 T
Temperature 225 5933 1.652 3.6
Recipe 2 .Temperature 185 0.133 2.336 0.057
Fecipe 2 .Temperature 195 3.200 2.336 1.370
Recipe 2 .Temperature 205 0.867 2.336 0.3M

Recipe 2 .Temperature 215 -1.933 2.336 -0.827



Output: Normal-Normal HGLM

Fecipe 3 . Temperature 195 2.133
Recipe 3 Temperature 205 -1. 467
Recipe 3 Temperature 215 -3.067
Recipe 3 Temperature 225 1.8687

Estimates from the dispersion model

Estimates of parameters

Parameter estimate 5.8
phi 3.0180 0.0945
lambda Replicate

3.641 0.320
lambda Replicate.Batch

1.315 0.365

2.33k
2338
2338
2.336

t’)
31.93

8.35

3.61

0.913
0625
-1.313

0.798

antilog of
estimate
2047
382

3.723

Meszage: s.e.5 are based on dispersion parameter with value 1.

Likelihood statistics

-2 3 hiy|) 1535137
-2xh 17873689
-2 % Py(h) 1639.073
-2 % Ppath) 1555.346
-2« EQD(yv) 1535137
-2« EQD 1787.3689
-2 w0 Py(EQID) 1639.073
-2 w Ppu(EGID) 1595346
Fixed parameters in mean model 18
Random parameters in mean model B0
Fixed dispersion parameters 3

Fandam dispersion parameters 0

< estimated parameters in
mean model (continued)
fixed terms only by default

< parameters in dispersion
models (logged variance
components)

< assess random & dispersion
models by -2xPg,(h)

< fixed model by -2xP,(h)

& for DIC use -2x(h/v)

< h-likelihood of mean model
is —2x(h)

< EQD's are approximations
to profile likelihoods ..



Further output and model checking

- Dizplay

-urciher L 1

[ Model | Estimates [fixed maodel] HGLM Model Checking @
| Deviance | Estimate [random model] - Twpe of Graph [maximurn of 4 at a time) '

| FittedWaluez | Estimate [dizpersion) Iv Fitted Values I Half-Momal

[ Likelihood statistics | Index W Marmal
v Abzolute Residuals v Histogram

Graphics
Madel Checking... %J ezl E |
'i'E|| x | | Fun | Cancel | | |

IR andorm Term from whose reziduals to plat;

i Residual Term always LJ

A, | | Fun Cancel | Defaults |

® click on Further Output button in HGLM menu

® click on Model Checking button in HGLM Further Output
menu to obtain HGLM Model Checking menu




Residual plots

LIl GenStat Graphics Viewer - Angle

for cakes
=(E3

File Edit Wiew Tools ‘Window Help
EEHOR S FfR2H & a @R g 100%
.S
Angle
Histogram of residuals Fitted-value plot
T0 3 -
G i ]
2 :;\ y
50 w4 e A
E i, /\ .*(I' s
40 - =5 o \Jﬂ),{(%‘_'\ w A
% R %
30 o 1 % Tk .\}'_’3\\
x = % Taals
207 -2 %7
104 o )
0= T T T T T T
3 -2 -1 0 1 2 3 4 20 25 30 35 40 45 50
Fitted values
o Absolute-residual plot Normal plot B
@© 357 .
= 3
E 304 . 2 r
= 2_5 E ™
ks - =
w207 g X % =]
g . e -E 0
= 154 e
o A ;:.? -1
> 40+ el o5
44} \-.\"'}"".5\\\ \ .2 .\\J?
% 05 2k “:%x x T
- e % % / _3 -
é 0.0 ORETE Ko
L) L) L] L] L) L] L) ) L] LI L)
20 25 30 35 40 45 &0 3 -2 - ] 1 2
Fitted values Expected Normal quantiles

| ™

[£

Double-click on plot ko edit it




Residual plots for batches
A=JE3

[1! GenStat Graphics Viewer - Angle: Replicate.Batch

File Edit Wiew Tools ‘Window Help

FEABRL - SafR2H &a @k g 100%

[

Angle: Replicate.Batch

Histogram of residuals ’0 Fitted-value plot

X

1.5
1.0 1
0.5
0.0
0.5 9
-1.09
-1.5 9
2.0 9

e

Residuals
O A e Th e e

0o 02 04 06 08 10

Fitted values

Absolute-residual plot iy Normal plot

1.5+
2.09 g it
* 1.0 i
054 &
0.09 =
4.5 o
-1.0 7 .

1.5 9
=209

1.5

1.0

Residuals

0.6

- ECNOROR SOCO0N DIRER SO0 K

0.0

T T T T T T T T T T
00 02 04 06 08 10 -2 -1 o 1 2

Absolute values of residuals

Fitted values Expected Normal quantiles
3 I

Double-click on plot ko edit it

[ £

E%




Residual plots for replicates
B

[1! GenStat Graphics Viewer - Angle: Replicate
File Edit Wiew Tools ‘Window Help

FEABRL - SafR2H &a @k g 100%

[

Angle: Replicate

Histogram of residuals Fitted-value plot

L A

K

Residuals

2.5 7 T T T T L T
-25-20-1.5-1.0-05 0.0 0.5 1.0 00 02 04 06 OB 10

Fitted values

Absolute-residual plot Normal plot

0.5 <
2.0 7 :

1.5

Residuals

1.0

054"

0012 25

T T T T T T 1 r 1 T1r 171
00 02 04 06 08 10 =1.5 -1.0-05 0.0 0.5 1.0 1.5

Absolute values of residuals

Fitted values Expected Normal quantiles
3 I
Double-click on plot ko edit it

[ £

E%




Residual plots for dispersion model
=]1E3

LIl GenStat Graphics Viewer - Angle

File Edit Wiew Tools ‘Window Help
EEHOR S FfR2H & a @R g 100%
.S
Angle
Histogram of residuals Fitted-value plot
70 =,
4
60 2%
50 w 19
s
40 9 S 0
30 7 8 -
i o
20 24}
10 = )
e
o= T T T T T
206 208 210 21.2 214
Fitted values
o Absolute-residual plot Normal plot B
m v 0
;E 3.0 7 2
% 254 Ji(h
L B
- w17 @
< m-E ®
w0 E = 0 -
o =
= 1.5 7 g
o -1
> 1.0 o
44} .
S os- 2
[}
é 0.0+ é
L] L] L) L] L) ) L] L LI L) L) L)
206 208 M0 212 M4 -3 -2 o 1 2
Fitted values Expected Normal quantiles v
5 | X
Double-click on plot ko edit it




ML

14 " Compare with REHML "

15 VCOMPCOHENTS [FIXED=Recipe*Temperature] Replicate/Batch/Cake

l& REHML [PRINT=* "components,effect="] Angle
17 VEEEP Replicate/Batch/Cake; COMPONENTS=gamma r,gamma b, sigma
18 PRINT LOG(sigma, gamma r,gamma b)

LOG(sigma) LOG({gamma_r} LOG{gamma_b)
3.019 3.641 1.314

13 HGDISFLAY [FRINT=di=spers=sion]

Hierarchical generalized linear model

Estimates from the dispersion model

Estimates of parameters

Parameter estimate 5.8
phi 3.0190 0.0945

lambda Replicate

3.641 0.390
lambda Replicate Batch

1.315 0.365

t()
31.93

9.35

3.61

antilog of
estimate
2047
3812

3.723



" as=ess the
VLRTIATE

TEXT
HGDISPLAY
HGEEEP

HGFITXEDMODEL
HGANALYSE
HGEEEP
CALCULATE

HGFIXEDMODEL
HGANALYSE
HGEEEP
CALCULATE

HGFITXEDMODEL
HGANALYSE
HGEEEP
CALCULATE
PRINT

fixed model
[NWALUES=3;

model using -2 p,(h)

drop term=s one at a time "
IPRINT=extra] Change;'

EXTRA='Change in -2 ~{times} P~ v(h)'

[VALUES='Temperature', '"Recipe', '"Recipe.Temperature'] Drop

[PEINT=1ikelihood]
LIKELTHOCD=L1

Recipe+Temperature

[PRINT=l1likelihood] Angle
LIEELTHOOD=LZ2

Change£[3] = L2%[3] - L1:5[3)
Temperature
[PRINT=likelihood] Angle
LIEKELITHOOD=L3

Changef[2] = L35[3] - LZ:5[3]
[PRINT=l1likelihood] Angle
LIEELTHOOD=L4

Change£[1l] = L45[3] - L3&8[2]
Drop,Change; FIELD=Z4

" compare with REML Wald statistics "
[PRINT=wald]

VDISPLAY



Assess fixed model using —2 p,(h)

47 " Compare with REML - Wald and likelihood statistics "

43 PRINT Drop, Change; FIELD=:4
Crrop Change in -2 x Pulh)
Temperature 86.05
Recipe 3.13
Recipe Temperature 10.06
49 WDISFPLAY [FPRINT=wald]

Tests for fixed effects

Sequentially adding terms to fixed model

Fixed term Wald statistic n.d.f F statistic d.df F pr
Fecipe 3.16 2 1.58 28.0 0.224
Temperature 102.60 5 2052 2100 =000
Fecipe. Temperature 10.06 10 1.01 2100 0.434

Dropping individual terms from full fixed model

Fixed term Wald statistic n.d.f F statistic d.d.f F pr
Recipe Temperature 10.06 10 1.01 2100 0.439

Meassage: denorminator deqreas of freedarn for approximale Flests are calculated using
alnabralc darivalivas ignoring fixeddhoundanysingular variance pararmeltars.

50 HGDISPLAY [FEINT=wald; SAVE=nnhdlm]
Hierarchical generalized linear model

Wald tests for dropping HGLM fixed terms

Term Wald statistic d.f approx. pr.
Fecipe. Temperature 10.06 10 0.435




Conjugate HGLMs

random parameters are on the canonical scale

the contribution of the random parameters to the extended
likelihood (= the h-likelihood) has the same form as the
likelihood of the base GLM

so it can easily be fitted together with the base GLM in the
augmented mean model (same variance function, same
iterative reweighting scheme etc...)

examples
Normal — Normal most obvious
Poisson — Gamma most useful?
Binomial — Beta next most useful?

Gamma - Inverse Gamma
algorithmically and intuitively appealing



Conjugate HGLM e.g. Poisson-Gamma

® Poisson-gamma HGLM (LNP Ex. 6.2 & 6.3): linear predictor
°n=logu)=Xp+Zv
® where v = log(u)

® Poisson-gamma HGLM: distributions

® y|u follows a Poisson distribution with E(y|u) = u
® |og-likelihood is 2{ y log(y) - u }
® y has a Gamma distribution
® |og-likelihood is 2{(y,, log(u) — u - log(A)/A - logl"(1/A)}
® y,=E) =1
® this is the conjugate distribution for the Poisson (so this is a conjugate HGLM)

® note: gamma distribution for random effects has V,(u) = u and log canonical
link, but standard gamma GLM has V(u) = p? and reciprocal canonical link

® kernel of h-loglikelihood (LNP §6.3) is

°*2{ylog(y) -p} + 2{(yylog(u) - u - log(A)/A - logl'(1/A)}
® v is canonical for g (but not A)
® estimate A by profile Ihd (c.f. variance components in normal-normal)




Non-conjugate HGLMs

® random parameters no longer on the canonical scale
use extended likelihood to estimate random parameters
use adjusted profile likelihood to estimate fixed parameters
but enhanced Laplace approximations available (Noh & Lee 06)

® augmented mean model now has a different GLM for the
base GLM from the augmented units

® examples

Poisson — Normal Poisson GLMM
Binomial — Normal Binomial GLMM
Gamma - Normal Gamma GLMM

® algorithmically more difficult, but can still be fitted within the
GLM framework



HGLMs
® examples of HGLMs (LNP Table 6.2)

ylu dist.  g(p)*  w dist. v(u)  Model

Normal id Normal id Conjugate HGLM
Linear mixed model

Binomial logit  Beta logit  Conjugate HGLM
beta-binomial model

Binomial logit  Normal id Binomial GLMM

Binomial comp Gamma log HGLM

Gamma  recip Inverse-gamma recip Conjugate HGLM

Gamma  log Inverse-gamma recip Conjugate HGLM
with non-canonical link

Gamma  log Gamina log HGLM

Poisson  log Normal id Poisson GLMM™

Poisson log Gamima log Conjugate HGLM

* id= identity, recip= reciprocal, comp= complementary-log-log

4 In GLMMs, we take v = v(u) = u




Birds In Tasmania

® HGLM

® base GLM - Poisson distribution, Log link
® random terms - Gamma distribution, Log link
® j.e. Poisson-Gamma conjugate HGLM

® random terms
® sijte (Site)
® treatment locations within site (SiteTreat)
® sample plots within treatment locations (Plot)

® fixed terms
® connected by habitat strips (Treatment)
® vegetation type (Vegetation)
® time of day (AM_vs_PM)
® data set used by Steve Candy, Forestry Tasmania, at
the Workshop Extensions of Generalized Linear Models
(Nelder, Payne & Candy) before the Australasian
Genstat Conference, Surfers Paradise, 30 January 2001




Vegetation * Treatment * AM_vs PM

Hierarchical generalized linear model

Response variate: TotalMo

Mean model

Fized terms: Yegetation™Treatment™AM_vs PM é mean mOdeI

Distribution: poisson

Link: logarithm

Fandom terms:  Site + SiteTreat + Plot
Distribution: gamma

Link: logarithm

Dispersion: fixed

Dispersion model < dispersion model

Distribution: gamrma
Link: logatithm

Likelihood statistics

2 % hiyl 2017 896 < likelihood statistics
2xh 1867.242

-2 % Pulh) 2733

-2 Ppulh) 2200500

-2 = EQDiyl) 2018567

-2 = EQD 1866.832

2w Py{EGD) 27297

-2 % P (EQLDY 2200.059

Fixed parareters in mean model 12 é d 'f'
Randorn parameters in mean model 132

Fixed dispersion parameters 3

Randor dispersion parameters 0




11 HGWALD

Wald tests for dropping HGLM fixed terms

Term Wald statistic d.f. APProx. pr.

Wegetation. Treatment. Al vs P 2576 2 0276
12 HGEEEF LIKELIHQOD=L1; LDF=DL1
13 CALCULATE T1 = CPUTIHME (0O)
14 PRINT Tl - Tad; DECIMALS=Z: HEADING='Time taken (seconds)'

Time taken (seconds)
4.58

® N0 evidence of a 3-factor interaction



Omit Vegetation.Treatment.AM_vs PM

Hierarchical generalized linear model

Response variate: TotalMo

Mean model

Fixed terms: Vegetation™Treatment™M _vs PM - MNegetation Treatment. AN _vs PR
Distribution: poisson

Link: logarithrm

Fandom terms:  Site + SiteTreat + Plot

Distribution: gamma

Link: logarithrm

Dispersion: fixed

Dispersion model

Distribution: gamma
Link: logatithrm

Likelihood statistics

-2 = hiylv) 2019.526
2xh 1871.466
-2 % Pulh) 2175924
-2 Ppulh) 2200.036
-2 = EQDiyM 2020197
-2 = EQD 1871.047
2w Py{EGID) 2175.504
-2 % Ppu(EQDY 2199617
Fixed parameters in mean model 1a
Randorn parameters in mean model 132
Fixed dispersion parameters 3

Randorm dispersion parameters 0




Wald tests and Change

Wald tests for dropping HGLM fixed terms

Term Wald statistic d.f apprax. pr.
Yegetation. Treatment 4,489 2 0106
Yegetation Al vs PM 4.951 2 0.034
Treatment. AM _vs PM 5.4 1 0.014
20 HGEEEP LIEELTHOOD=LZ; LDF=DZ
21 CALCULATE Lehange,Dehange = L2§[3],D28[1] - L1S[3].D18[1]
22 PRINT Lehange, Dehange: HEAD='Change! ,'d.f.'; DECIMALS=Z,0
Change d.f
260 -2
23 CALCULATE Tz = CPUTIME(O)
24 PRINT T2 — T1; DECIMALZ=Z; HEALADING='Time taken [(seconds)'

Time taken (seconds)
427

® change deviance 2.60 on 2 d.f. for omitting
Vegetation.Treatment.AM_vs_PM (c.f. Wald 2.58)

1 ® next omit Vegetation.Treatment




Omit Vegetation.Treatment

Hierarchical generalized linear model

Response variate: TotalMo

Mean model

Fized terms: Yegetation™Treatment™AM_vs PM - MWegetation Treatment. AW ws PM) -
Megetation. Treatment)

Distribution: poisson

Link: logarithm

Fandom terms:  Site + SiteTreat + Plot

Distribution: gamma

Link: logarithm

Dispersion: fixed

Dispersion model

Distribution: gamrma
Link: logatithm

Likelihood statistics

-2 = hiylv) 2018.510
2xh 1881.726
-2 % Pulh) 2180.339
-2 Ppulh) 2201810
-2 = EQDiyl) 2019.181
-2 = EQD 1881.270
2w Py{EGD) 2179.8583
-2 % P (EQLDY 2201354
Fixed parareters in mean model 8
Randorn parameters in mean model 132
Fixed dispersion parameters 3

Randor dispersion parameters 0



Wald tests and Change

Wald tests for dropping HGLM fixed terms

Terrm Wald statistic  d.f approx. pr.

“Wegetation Al ws Ph 4,996 2 0.052
Treatment. Al wvs P 5163 1 0.023
31 HGEEEP LIKELIHOOD=L3; LDF=D3
32 CALCULATE Lehange,Dehange = L3§[3],D35[1] - LES[3],D2§[1]
33 PRINT Lehange, Dohange; HEAD='Change' ,'d.£.'; DECIMALS=zZ .0
Change d.f.
4.42 -2

34 CALLCULATE T3 = CPUTIME (0O)
35 PRINT T3 — T&; DECIMALZ=Z; HELADING='Time taken (seconds)'

Time taken (seconds)
4.19

® change deviance 4.42 on 2 d.f. for omitting
Vegetation.Treatment (c.f. Wald 4.49)

,A‘ ® next omit Vegetation.AM_PM

\ [ B ]



Omit Vegetation.AM_PM

Hierarchical generalized linear model

Response variate: TotalMo

Mean model

Fized terms: Yegetation™Treatment™AM_vs PM - MWegetation Treatment. AW ws PM) -
Megetation. Treatment) - MWegetation AM _wvs PM)

Distribution: poisson

Link: logarithm

Fandom terms:  Site + SiteTreat + Plot

Distribution: gamma

Link: logarithm

Dispersion: fixed

Dispersion model

Distribution: gamrma
Link: logatithm

Likelihood statistics

-2 = hiylv) 2024825
2xh 18584.965
-2 % Pulh) 2185312
-2 Ppulh) 2200 558
-2 = EQDiyl) 2025499
-2 = EQD 18584.525
2w Py{EGD) 2184572
-2 % P (EQLDY 2200517
Fixed parareters in mean model b
Randorn parameters in mean model 132
Fixed dispersion parameters 3

Randor dispersion parameters 0




Wald tests and Change

Wald tests for dropping HGLM fixed terms

Term Weald statistic d f.

approx. pr.
“egetation 21.71 2 0.0oa
Treatment. AM vs P 5.48 1 0.019

4z HGEEEFP

LIEELTHOOD=L41;
43 CALCULATE

LDF=D4

Lohange, Dechange = L43[3],D045[1] - L3IF[3],D35[1]
44 PRINT Lohange, Dehange: HEAD='Change' ,'d.£.': DECIMALS=Z,0
Change df.
4 97 -2

45 CALCULATE T4
46 PRINT T4

CPUTIME (0]
T3: DECIMALS=Z:

HEADING='Time taken [(seconds)'
Time taken (seconds)

4.1

® change deviance 4.97 on 2 d.f. for omitting
Vegetation.AM_PM (c.f. Wald 5.00)
® now study results




Predicted means: treatment x time of day

L1\ GenStat Graphics Viewer - Fitted and observed relationship |Z||E|r5__<|
File Edit Wiew Tools ‘Window Help
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Hierarchical generalized nonlinear models

® expected value E(y) = u

link n =g(u)
distribution — Normal, Binomial, Poisson or Gamma (from
exponential family)

linear predictor n = XB+ 272y,
random effects y; with either beta, Normal, gamma or
inverse gamma distributions, and their own link functions

® nonlinear parameters in fixed terms in the linear predictor
XB=2XPB,
but now some x;'s are nonlinear functions of explanatory
variables and parameters that are to be estimated

® extension of generalized nonlinear models of Lane (1996)
® constraint — available only for conjugate HGLM's

A

N



Implementation — interlinked GLMs

® fit nonlinear parameters by maximizing h-likelihood
of augmented mean model

Components

I} [zﬁ}{(_‘(ljl

v (fixed)

Response 1 ~  d

Mean [ O
Variance OV (1) 20°

Link n =g () £=h(op)
Linear Pred. X3+ Zv (7

Dev. Comp. d gammal(d”, ¢)
Prior Weight 1/¢ - (1—¢q)/2
Components  w (random) A (fixed)

Response WL — dyy

Mean u A

Variance AV (u) 2)\°

Link v = gar(u) Ev = har (A)

Linear Pred. o GMYM

Deviance
Prior Weight

d

1

gammal(dy; . A)

(1 —qgn)/2




® Hooded Parrot
(Psephotus dissimilis)

® grass parrot in Northern
Territory of Australia

® nests in termite mounds

® nests also inhabited by
moth larvae that feed on
nestling waste

S L R

Acknowledgement: S Cooney
Australian National University, Canberra
http://www.anu.edu.au/BoZo/stuart/HPP.htm




Growth of Hooded Parrot nestlings

® investigate relationship between parrot and moth
beneficial, commensal or parasitic

® 41 nests located and monitored
® cach brood had between 1-7 chicks

® treatments randomized to nests
moth larvae left or experimentally removed from nest

e weight of chicks measured over time

® growth modelled over time by logistic curve
weight = a + c/ (1 + exp{-b x (age — m)})
model linear in a and ¢, nonlinear in b and m

® fit as HGNLM because

brood is a random effect

r’“ treatments are applied to complete broods
I



Initial values from logistic curve

3 " fit logistic standard curve (igrnoring Brood) to get initial walues ™
4 HMODEL Weight
5 FITCUEVE [CURVE=logistic: NOMESZSAGE=residual] Age * Treat

Nonlinear regression analysis

Response variate:  Weight
Explanatory: Age
srouping factor:  Treat, all linear parameters separate
Fitted Curve: A + CA1 + EXPB*(X - M)

Summary of analysis

Source d.f. 5.5. F1. 5. W.T.
Regression ) 133643, 2672851 99902
Residual a1k 15341, 2973
Total 521 143934, 285.96

Fercentage vanance accounted for 896
Standard error of cbservations is estimated to be 5.45.

Estimates of parameters

Pararmeter estimate 5.8
B 0.2647 0.0132
i 8.909 0.236
C Treat M 47 .81
A Treat M 0.1966
C Treat ¥ 45 .75
A Treat Y 0.5423

& REEEF EZTIMATEZ=Eztcurve




HGNLM, common A, B, C and M

9  HGERANDOMMODEL [DISTRIBUTICN=normal:; LINE=identity] Brood
10 HGFIXEDMODEL [DISTRIBUTICH=normal; LINE=identity] ExpEHN

11 " define nonlinear parameters and expreszion; initialize derived x-wvariate ™
12 SCALAR BE,M; VALUE=Estcurvei['B','MN']

13 EXPRESSION [VALUE=( ExpBM = (1/(1 + EXP(-B¥(Age-M1))) 1] CalcExpBHM

14 CALCULLTE #CalcExpBM

15 " define nonlinear fixed term "

le HGNONLIMNEAR [CALCULATICON=CalcExpEM; VECTORI=ExpBM, Loe]’

17 E,M; INITIAL=Estcurwvei['E','HM']

15 HGANALYSIE [PEINT=model, fixed,dispersion, likelihood] Weight

Hierarchical generalized linear model

Response variate: Weight

Mean model

Fixed terms: ExpBh
Cistribution: normal
Link: identity

Randorm terms: Brood
Cistribution: normal
Link: identity
Dizpersion: free

Dispersion model

Distribution: gamma
Link: logarithrm




HGNLM, common A, B, C and M

Estimates from the mean model

estimate =) t(518)
B 0.26 0.0172 14.89
vl 10.04 0.2897 34 .66
constant 0.19 1.48596 0.13
ExpBM 48.87 1.8512 26.40

Estimates from the dispersion model

Estimates of parameters

antilog of
Farameter estimate 5.8 ™) estimate
phi 3.0239 0.0640 4723 2057
lambda Brood 2155 0.258 8.36 83629

Message se.8 are based on dispersion parametar with value 1.

Likelihood statistics

-2 % hiyl) 3025.719
2 xh 3211.537
-2 % Pylh) 3124.117
-2 % Ppulh) 3122.544
-2 % EQD{yM) 3025.719
-2« EQD 3211.557
-2 % Py(EQD) 3124.117

-2 % Ppu(EQD) 3122.544




HGNLM, common B, C and M

21 "™ HGNLHM with Brood a= random effect: different LA, comnmon ©, B and M °
22  HGRAWNDOMMODEL [DISTRIBEUTICHN=normal: LINE=identity] EBrood
23 HGFIZEDMODEL [DISTRIBUTICH=normal: LINE=identity] ExpEM + Treat

24 " define nonlinear fixed term "

25 HGNONLINEALER [CALCULATION=CalcExpBM; VECTORI=ExpBEM, Lge]’

26 B,M:; INITILL=E=stcurwvei['B','M']

27 HGANALLYIE [FEINT=model, fixed,dispersion, likelihood] Weight

Hierarchical generalized linear model

Response variate: Weight

Mean model

Fixed terms: ExpBM + Treat
Distribution: naormal

Link: identity

Random terms: Brood
Distribution: naormal

Link: identity

Dispersion: free

Dispersion model

Distribution: gamma
Link: lagarthm




HGNLM, common B, C and M

Estimates from the mean model

estimate
B 0.26
f 10.05
constant 0.0
ExpBM 43.82
Treat ¥ 0.77

.8
0.0$172
0.2856
1.5176
1.8493
1.1573

t(517)
14,59
34.70
0.01
2640

067

Estimates from the dispersion model

Estimates of parameters

Fararmeter estimate
phi 3.02359
lambda Brood 2174

Message: 5.6.5 are based on dispersion parameter with valueg 1.

Likelihood statistics

-2 x hiy )

-2 xh

-2 % Py(h)

-2 = Ppawth)

-2 = EQD{y)
-2« EQD

-2 = Py (EQIDY
-2 = P (EQDY

3025460
3211.267
3123.691
F119.973
3025460
J211.257
J123.691
F119.973



HGNLM, common B and M

a0 "™ HGHNLM: different & and <, cohtnon nonlinear B and B O
31 HGRAWNDOMMODEL [DISTRIEUTICN=normal; LINE=identity] Erood
32 HGFIXEDMODEL [DISTRIBUTION=normal; LINE=identity] ExpBEM * Treat

33 " define nonlinear fixed term "

34 HGNOWNLINEAR [CALCULATION=CalcExpEM; VECTORI=ExpEM, Lge]h

35 E,M; INITIAL=Estcurvei['B','M']

36 HGLANALYZE [PEINT=model,fixed,dispersion, likelihood] Weight

Hierarchical generalized linear model

Fesponse variate: Weight

Mean model

Fixed terms: ExpBM*Treat
Distribution: narmal

Link: identity

Fandom terms: Brood
Distribution: normal

Link: identity

Dizpersian: free

Dispersion model

Distribution: gamma
Link: lagarithm




HGNLM, common B and M

Estimates from the mean model

estimate 5.8 t(516)
B 0.26 a.017 14.86
1 10.05 0.291 34.54
constant 0.25 1.529 0.17
ExpBM 45.350 1.857 2546
Treat ¥ 0.1 1.411 -0.08
ExpBM.Treat ¥ 1.53 1.374 1.11

Estimates from the dispersion model

Estimates of parameters

antilog of
Farameter estimate 5.8 ™) estimate
phi 3.0228 0.0641 47 .15 2055
lambda Brood 2183 0.261 8.37 8.875

Message: 5.6.5 are based on dispersion parameter with valueg 1.

Likelihood statistics

-2 % hiyl¥) 3023553
2 % h 3210.079
-2 % Pulh) 3122471
-2 % Pgulh) 3116.255
-2 % EQD(yh 3023563
2 % EQD 3210.079
-2 % Py(EQD) 3122471

-2 % Ppw(EQD) 3116.258



HGNLM, common M

39 " HGMNLM: different &4, B and C, comwmon M
40  HGRANDOMMODEL [DISTRIBUTICON=normasal:; LINE=identitvy] EBrood
41 HGFIXEDMODEL [DISTRIEUTION=normmal: LINE=identitvy] ExpEM * Treat

42 WVARTIATE [WWALUES=2] Eilz

453 EEXEPRESITON [VALTE=| ELEMENTI(Z (B1zZ):1,2) = B1,EZ 1] ExpEZHN[1]

44 EXPRESSICON [WALUE=[ ExpBM=1(1/(1 + EXZP (-NEWLEVELS (Treat:B12) *(hge-MI111 1]"%
45 ExpBZHM[Z]

45 SCALAR Bl,B2,M; VALUE=Estcurvei['E','E','HM']

47 CALCULATE HExpBZM[ 1]

45 CALCULATE HEXpBEZM[Z]

49  HGNONL INEAR [CALCULATION=ExpBEZM[1,2]; VECTORI=ExpEM, Lge]"

50 Bl,B2,M; INITIAL=Estcurwei['B','E','M']

51 HGAWNALYIE [FPEINT=model, fixed,disper=sion, likelihood] Weight

Hierarchical generalized linear model

Respanse variate: WWeight

Mean model

Fixed terms: ExpBM* Treat
Oistribution: normal

Link: identity

Randorm terms: Brood
Distribution: normal

Link: identity

Dizpersian: free

Dispersion model

Distribution: gamma
Link: lagarithm




HGNLM, common M

Estimates from the mean model

estimate 5.8 t(515)
E1 0.266 0.021 12.57
B2 0.237 0.024 999
fl 10.035 0.285 34.78
constant 0. 706 1.562 0.45
ExpBh 47 464 2.010 23.61
Treat ¥ -1.555 2074 -0.75
ExpBh . Treat ¥ 4124 3.065 1.34

Estimates from the dispersion model

Estimates of parameters

antilog of
Farameter estimate 5.8 ™) estimate
phi 3.0230 0.0642 47 11 2055
lambda Brood 2176 0.261 8.33 8.807

Message: 5.6.5 are based on dispersion parameter with valueg 1.

Likelihood statistics

-2 % hiyl¥) 3023.039
2 % h 3208.550
-2 % Pulh) 3121.326
-2 % Pgulh) 3115.093
-2 % EQD(yh 3023.039
2 % EQD 3208.550
-2 % Py(EQD) 3121.326

-2 % Ppw(EQD) 3115.093



HGNLM,

different A, B, C and M

54 " HGWLM: different L, B, C and M "

55 HGRANDOMMODEL
56 HGFIXEDMODEL
57 VARIATE

58 EEXPEEISTICN

59 EEXEPEEISICH

[DISTRIBUTION=normal; LINE=identity] Brood

[DISTRIEUTION=normal; LINE=identity] ExpEM * Treat

[WVALUES=2] EBlz,M1:2

[VALTUE=| ELEMENTI (2 (EB12),2 (M12):1,2) = B1,B2,M1,M2 1] ExpBZMZ[1]
[VALUE=[ E=xpBM=Y

&0 {1/ i1 + EXP|{-NEWLEVELS (Treat;E12) * {hge-NEWLEVELS (Treat:;M12))1)) 1] ExpBeHMz[2]

6l SCALAR

62 CALCULATE
63 CALCULATE
64 HGNONLINELR
a5

66  HGAWNALYSE

Bl,B2,M1,M2; VALUE=Estcurveif['E','EB','HN','H']
HExpBZMZ [1]

HEXpBEZMZ[2]

[CALCULATION=EXpBEMZ[1,2]; VECTORI=ExpEM, Lge]"h
Bil,B2,M1,M2; INITIAL=Estcurvei['E','B','M','HM']
[FPEINT=model, fixed,disper=sion, likelihood] Weight

Hierarchical generalized linear model

Respanse variate: WWeight

Mean model

Fixed terms: ExpBM* Treat
Oistribution: normal

Link: identity

Randorm terms: Brood
Distribution: normal

Link: identity

Dizpersian: free

Dispersion model

Distribution: gamma
Link: lagarithm



HGNLM, different A, B, C and M

Estimates from the mean model

estimate 5.8 ti514)
E1 0.263 0.022 12.05
B2 0.243 0.025 8.66
P11 H.955 0.344 28.97
h2 10.243 0.525 19.40
constant 0.415 1.740 0.24
ExpBh 47 7h4 277 21.94
Treat ¥ -0.385 3.304 -0.12
ExpBh . Treat ¥ 2.900 4.070 0.71

Estimates from the dispersion model

Estimates of parameters

antilog of
Farameter estimate 5.8 t(™) estimate
phi 3.0245 0.0642 47 .08 2058
lambda Broad 2179 0.261 §.34 5.836

Message: s.e.5 are based on dispersion paramefar with valug 1.

Likelihood statistics

2w hiyl) 3022.318
2xh 3205781
2 % Pulh) 3121.155
-2 % Pyulh) 3114.936
-2 « EQD(yl) 3022.318
2 « EQD 3205781
-2 % Pv[EQD) 3121.155

-2 » PrWEQDY 3114.936



Likelihood statistics

62 " compare likelihoods "
70 PRINT L,LA,LAC,LAEC, LAECHM; DECIMALZS=:Z; FIELD=10
L LA, LAC LABC LABCM
-2 * hiy) S025.72 025 4k J023.88 023,04 022 82
-2 " h J211.54 321120 J210.08 J205.85 3208.78
-2 F P _wih) 3124 12 3123 kS 312247 a121.33 3121145
-2 7 P_beta wih) 312254 3119.97 311626 3115.09 3114.94
2 EQD[};M 02572 025 4R J023.85 J023.04 022 82
-2 T EQD J211.54 32112k 321005 3205855 320875
-2 TP _wiEGD) 312412 312365 312247 3121.33 3121.15
-2 " P_beta wECQD) 3122 54 3119.97 3116020 3115.09 3114 94

® no evidence of any treatment effects



Standard curve (ignhoring brood)

T2 " gompare to logistic standard curve [(ignoring Erood) ©
T3 MODEL Weight

74 TERM3 Aoge * Treat

75  FITCUEVE [FRINT=%; CURVE=logistic] Lge

76 ADD [FPRINT=*] Treat

77 ADD [FRINT=%*] ALge.Treat

78  ADD [FPRINT=*; NONLIMNEALR=separate]

72  BDIZPLAY [FEINT=accummlated; FPROBABILITY=yesz]
Nonlinear regression analysis

Accumulated analysis of variance

Change d.f. S.5. m.s. W.T, F pr.
+ Age 3 133535.09 44513.03 149857 <001
+ Treat 1 93581 H3.51 3.15 0.077
+ Age Treat 1 8.93 89.93 0.33 0.563
+ Separate nonlinear 2 7331 Jb.Bb 1.23 0292
Residual 514 15267 .69 29.70

Total 521 1485955.54 285 59k

® an inappropriate analysis for people without
GenStat & HGNLMs

® suggestion of a treatment effect




GNLM with Brood as a fixed term

Sl " compare to generalized nonlinear model (treating Erood as fixed)

82 MODEL Weight

53 TELRMZ ExpEM * Treat + EBrood

g4 EXEPREISIION [VALUE={ ExpEM = (1/(1 + EXP(-E¥(ige-M)))1)] }J] CalcExpBHM

85 RCYCLE E,M; INITIAL=Estcurwvei['B','M']

S6 FIT [PRINT=*; NOMEZZ3=alias; CONITANT=estimate; CALC=CalcExpEM] ExpEBEH
87 ADD [FREINT=*; NOMEIS=alias] Treat

S5  ADD [PRINT=*; NOMEZZ3=alias] Brood

589 ADD [PRINT=*; NOMEZ3=alias] ExpEN.Treat

90 ERDISPLAY [PEINT=accumilated; FPROBAERILITYV=ves]
Nonlinear regression analysis

Accumulated analysis of variance

Change df 5.2 m.s. VI F pr.
+ ExpBM 3 133539.04 44513.03 2157 .66 <.001
+ Treat 1 §3.94 H3.94 4.55 0.033
+ Brood 37 843711 140,95 7.2 <001
+ ExpBM. Treat 1 3242 J2.42 1.57 0211
Residual 479 9580.95 2063
Total 521 1485953.54 285.96

91

9z CALCULATE T1 = CFUTIME(0O)

293  PRINT Tl - TO; DECIMALI=Z; HEADING='Time taken (seconds)'

Time taken (secaonds)
18.52

® an alternative inappropriate analysis

® significant (but misleading) treatment effects



Conclusions

® the HGLM menus & procedures provide very useful
extensions to the standard Generalized linear Models

® represent the current state of the ongoing research by Lee,
Nelder et al. on extensions to generalized linear models

® (GenStat is providing a flexible and convenient framework for
the collaboration — to try out, and then distribute, our ideas

® the methodology is described in the book

Lee, Y., Nelder, J.A. & Pawitan, Y. (2006). Generalized Linear Models
with Random Effects: Unified Analysis via H-likelihood. CRC Press.

® there are many extensions (+ corrections) since then
including HGNLMs, in GenStat for Windows 10th Edition
Wald tests and plots of predicted means to come in the 11th Edition
e for further information, see vsni.co.uk or email
roger.payne@vsni.co.uk




