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whereu = arg min,, S(u) Is the mode of-S5(u). Let (Binit, Oinit, Gini) denote the estimate from (2).
1. Overview
The Laplace approximation @p,(.) in (1) is

The GLMMLasso-MLE hybrid estimator
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whereWp g ; = diag™' ((ﬁ’v(ui(ﬁ,9))9'%(@9))2) where forS C {1,....p}, (Bs)r = B if k € S and
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anduv(.) is the variance function. (Bs)r=01if k & S.
Generalized Linear MLE | GLMMLasso
Mixed Models (GLMMs) [gl mer | [g] nml asso] The GLMMLassoestimator is defined by The thresholded GLMMLasso estimator
i . The thresholded Lasso with refitting was examined In
. 0, ) = L3, 0 2 ; )
n. number of observations (8,9, 0) m}%éﬁj“% (8,0, 9) (2) Geer et al (2010). Defin®jes == {k : |Brinit] >
p. number of variables Aihres +- The thresholded GLMMLasso estimator is de-

This Is a high-dimensional, non-convex optimizatio

problem! fined by

2. Generalized Linear Mixed Models and

¢1-Penalized Estimation (8,0, 0)thres = arg mein —2log L(ﬁgm, 0,6) (4)
3. Computational Algorithm Bipres??

Classical Model Set-up | Selection of the regularization parameters
To calculate the GLMMLasso estimator (2), we ase

Notation: a— T ne e ) For the choice of the regularization parametgrand
. . rdinatewi imization with inex Ine searc
g = 1, ..., N independent groups/clusters/subjects Preinatewise Optiilzats exact ine . Atnres, WE propose the BIC and the AIC
. . . l.e. optimizing@y“(.) with respect to one coordinate
J =1, .,n, observations for group/cluster/subjgct keeping all other coordinates fixed (Tseng and Yu 921 L(B 0 (;) (n) df
— N f rvation : : : ’ Cp )\ — —4£ 108 y Uy +an) - A
" 29_21 n total numb-er of observations 2009). An overview of the algorithm may be describeg
y : n-dim response variable as follows: wherea(n) = log(n) for the BIC,a(n) = 2 for the AIC
b : g-dim (correlated) random effects GLMML algorithm anddf, = [{1 < k < p: B # 0} + dim(6).
B € R? fixed-effects parameters (0) Choose a starting valug®, 8 40)).
0 € R? covariance parameters Repeatfor s = 1,2 6 llustrat
- - T . lllustration
¢ dispersion parameter (1) (FIXED-EFFECTS PARAMETER OPTIMIZATION
X : n x p model matrix for3 Fork =1,...,p
Z : n x ¢ model matrix forb a) (Laplace approximation) ) .
dlg : ¢ X g covariance matrix, determined By Calculate the Laplace approximatiapi(.) based —
on the current parameter estimates. ISR NN L
Model Assumptions (MA 1): b) (Quadratic approximation and inexact line I I 5555995 -
. . h HessETTTTI L | T Dlhisadsiedss
e y;|b are independent far=1,...,n search) . JEEST S R
e ;b has a density of the form i) Approximate the second derivative by’ > 0. oo -
o | ii) Calculate the descent directimﬁ) c R - i - e S
eXp | ¢ (yifi - b(@) + (i, Qb)} with p; = Ely;|b iii) Choose a step size!” > 0 such that there is a H
: decrease In the objective function. R L i B
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b~ N,(0,Xg) with Xy > 0 for € R Forl —1. . hmmmnsasneo s mm o nee0n 0.
Spherical Coord n?tes (Bates, 2011): 0\") = arg min Q4(.) FIGURE 1: Minus twice out-of-sample log-
Write 39 = AgAjp and defineu by b == Agu where b likelihood for a growing number of covariates. The
u ~ N,y (0,1). MLE performs badly whereas the GLMMLasso es-
- (3) (DISPERSION PARAMETER OPTIMIZATION timators remain stable. We use a random-intercept
Parameter Estimation (Bates, 2011): S — arg min OFA() logistic mixed model withn = 400, N = 40,
A A A — )\ .
(8,0,9)nLE = argmin —log L(3, 0, ¢) 6 ng=10,0"=1, 8y = (0,1,-1,1,~1).
B.0,¢
whereL (3,0, ¢) is the likelihood function. until convergence.

g onal | The above algorithm solves (2) exactly. In order {c 6 R y
Hig -dmenspna Model Set-up speed up the algorithm, we suggest approximate - R pactkage
Model Assumptions (MA 2): algorithm comprising the following two parts:

_ N . . . |
on =7, 1Ny <P e Regardu as fixed for the quadratic approximation|  An implementation of the algorithm will be available

e the trued, Is sparse with respect to the derivatives ¢f. In (1) b). online In theR packagegl nm asso. The Gaus-
sian case Is implemented In the standal®wackage

e d small, sayd < 10 o Active-set algorithm: cycle through the non-zero cof | Sceo (Schelldorfer et al, 2011), which is avail-
— Goal: Assuming (MA 1) and (MA 2), estimat8. 6, efficient_sﬁ,is),_and through alp coefficients only ev- able fromCRAN.
¢ and predicb. ery Dth iteration.

The GLMMLasso Estimator References

' iah-di i ' 4. Two-stage GLMMLasso estimator(s
Tp cope with high-dimensionality a_nd t(_) en_force spa Bates D. M. (2011) Computational  Methods
sity, we use d.asso-type penalty(Tibshirani, 1996). for  Mixed Models. available at http://cran.r-

Hence Apart from good variable selection properties accont- project.org/web/packages/Ime4/vignettes/Theory.pdf

0 — _9oo L 0 \ 1 lished by the Lasso, we advocate a two-stage prode- Tibshirani R. (1996) Regression Shrinkage and Selectiarthe
Qx(8,9,0) 3 1(8,0,0) + A8l (1) 5ure o gﬁt accurate parameter estimates Elenpce he Lasso. Journal of the Royal Statistical Society, Series B&GB-

for A < 0 and first stage aims at estimating a candidate set of variables 208
(B 0 (g) — arg min Q (5 0 ¢) : blg : ™ J | of th g . Tseng P. and Yun S. (2009) A Coordinte Gradient Descent Mietho
RS §9¢ AVED B 5 (Var!a e screening). _ego_a or the SeC(_)n _step IS for Nonsmooth Separable Minimization. Mathematical Pro-
o unbiased parameter estimatiguralameter estimation). gramming 117:387-423
In general,L(ﬂ 0, §b) has no analytical form, so we Therefore we propserafitting by ML methOdS' This Schelldorfer J., Bhimann P., van de Geer S. (2011) Estimation
two-stage procedure can be summarized as follows: for High-Dimensional Linear Mixed-Effects Models Usirig

use thd_aplace approximation to approximate the in-
' ion. i Two-stage GLMMLasso
tegrand of.(3, 6, ¢) by a quadratic function, i.e. J van de Geer S, Bhimann P, Zhou S. (2010) The Adaptive and

Stage 1: Compute the GLMMLasso estimator (2). the Thresholded Lasso for Potentially Misspecified Models.

—S(uw ~ TLA 2 ~\|—1/2 —S(u _
[ = Rqe Wdu ~ [ = (QW)Q/ 1S"(w)] el >> Stage 2: Perform a ML method as in (3) or (4). arXiv:1001.5176v3

penalization. The Scandinavian Journal of Statistics3B8:214




