USE 1 Flexible longitudinal data analysis

My Torrid Love Affair with
GLMM

by Matt Wand

My Main Uses of GLMM To Date
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vitAdefic

posterior mean: 0.614
95% credible interval:
(~0.469,1.6)

male

posterior mean: 0.461
95% credible interval:
(-0.0913,1.01)

height

posterior mean: ~0.0364
959% credible interval:
(-0.0924,0.0128)

stunted

posterior mean: 0.39
95% credible interval:
(-0.499,1.31)

visit2

posterior mean: ~1.23
95% credible interval:
(-2.06,-0.406)

visit3

posterior mean: ~0.66
95% credible interval:
(-1.46,0.108)

visit4

posterior mean: ~1.39
95% credible interval:
(-2.38,-0.472)

visits

posterior mean: 0.418
95% credible interval:
(-0.247,1.11)

Visité

posterior mean: ~0.103
95% credible interval:
(-0.852,0.649)
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posterior mean: 0.838
95% credible interval:
(0.432,1.28)

| spline
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posterior mean: 1.64
95% credible interval:
(0.361,4.43)

Tricking Mixed Models to do Smoothing
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Exponential Family Models

name canonical link  b(n) c(y, o) 1)
Bernoulli 1 = logit(n) log(1+4+¢€') O 1
Poisson 1 = In(l) e' —In(y!) 1
N (o) n=un n°l 2 (y*/ o* —In(2w0?))/ 2 o?

Exponential Family GLM

logp(y; B, ¢) ={y'XB —1"b(XB)} ¢ + 17 c(y, ¢)

GLMM Extension

log{p(ylw)} = {y" (XB+ Zu) — 1"b(XB + Zu)}/ ¢

u~ N (0, G)

+17c(y, ¢)
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What Do My Z and u Look Like?

Z = # intercept basis &

. _ %
random spline
indicators functions

Cov(u) =

controls between-subject variability
controls amount of smoothing in estimation of mean

Explicit Representation of Z
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RESPONSE y =

MODEL

Pyi=1) =

degrees latitude

4150 4155 41.60 41.65 41.70 4175 41.80

Geostatistical Extension

+
1 lung cancer

0 other cancer

Bo + Biformer.smoker; + Bscurrent.smoker;
+f (age;) + g(longitude;, latitude; )

13
Iung cancer cases

o former smoker

O current smoker

© non-smoker

©  missing
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degrees latitude

degrees latitude

4150 4155 41.60 41.65 41.70 41.75 41.80

41.60 4165 41.70 4175 41.80

41.55

other cancer (controls)

former smoker
current smoker
non! smoker
missing

0000

170.6 1705 170.4 170.3

degrees longitude

odds ratio (relative to geometric average)

170.6 170.5 170.4 170.3

degrees longitude
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USE 2 Interpretable classibcationin data mining.
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PARSIMONIOUS CLASSIFICATION VIA GENERALISED
LINEAR MIXED MODELS

by Kauermann, Ormerod & Wand (2008)
Journal of Classibcation, tentatively accepted.
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Spam Filtering Example

+

1 e-mail message is spam
0 e-mail message is normal

But there are 57 candidate predictors!
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Maximum Likelihood Estimation
Likelihood is:

L(B.G,¢9) = p(y;8 G)

= p(y, u)du
RA

= p(ylwpu)du
R4
— @m)YYGI™V? expl{y” (XB + Zu) — 1Tb(XB + Zu)
R4

+17c(y, ¢) — %uT G~ 'u}]du
= intractable integral
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Issues Specibcto My Use of GLMM

¥ The dimension of the intractable integral corresponds to
number of spline basis functions.

¥ For univariate smoothing this is about 20D30.
¥ But for bivariate smoothing it could be 100D150.

¥ For the data mining stuff the number of variance components
can be large. In the spam example there are about 40 variance
parameters.

¥ So the spam GLMM is quite big in terms of parameters and
speed becomes an issue.
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