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Abstract In this paper we extend linear mixed models with elliptical errors by adding
a covariate subject to measurement error in the linear predictor. The former class is
defined appropriately so that the joint marginal distribution of the response and the
observed covariate subject to measurement error is also elliptical. Thus, numerical
integration methods are not required to obtain the marginal model and the mean and
the variance—covariance structures of the hierarchical model are preserved. A kurtosis
flexibility is allowed for each joint marginal distribution and since the conditional
distributions are also elliptical, the predictions of the random effects as well as of
the covariate subject to measurement error may be performed in a similar way of the
normal case. A reweighed iterative process based on the maximum likelihood method
is derived for obtaining the parameter estimates, which appear to be robust against
outlying observations in the sense of the Mahalanobis distance. In order to assess the
sample properties of the maximum likelihood parameter estimates as well as their
asymptotic standard errors, a simulation study is performed under different parameter
settings and error distributions. Goodness-of-fit measures based on the Mahalanobis
distance are presented and normal curvatures of local influence are derived under three
usual perturbation schemes, which are selected appropriately. Finally, an illustrative
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example previously analyzed under normal error models is reanalyzed by considering
heavy-tailed error models. The diagnostic procedures are applied for comparing the
fitted models.

Keywords Linear mixed models - Local influence - Measurement error models -
Robust estimates - Student-t models - Structural models

1 Introduction

Linear mixed models with elliptical errors have become an interesting approach for
analyzing data sets with repeated measurements, due to the easy of incorporation of
the framework proposed by Laird and Ware (1982). The similarity between the prop-
erties of the elliptical class and the normal one, as well as the kurtosis flexibility, may
be considered additional attractive to consider elliptical linear models. Some authors
have studied elliptical models in the multivariate and repeated measurement contexts.
For instance, Lange et al. (1989) presented an approach for modeling multivariate
t-distributions with known and unknown degrees of freedom, whereas Welsh and
Richardson (1997) described multivariate t-linear mixed models using marginal dis-
tributions, Lindsey (1999) discussed the application of the power exponential models
in repeated measurement problems and Pinheiro et al. (2001) proposed a robust hier-
archical linear mixed model in which the random effects and the within-subject errors
follow a multivariate t-distribution. Savalli et al. (2006) introduced the elliptical lin-
ear mixed models with emphasis on the assessment of variance components, whereas
Staudenmayer et al. (2009) discussed Student-t mixed models under the semiparamet-
ric framework. Wu (2010) also discussed mixed-effects models, under the multivariate
t-distribution and more recently Lemonte and Patriota (2011) presented a multivariate
elliptical model with a general parametrization.

We extend in this paper the structure proposed by Savalli et al. (2006), by adding
a covariate subject to measurement error in the linear predictor. From this structure
the joint marginal distribution of the response and the observed covariate subject
to measurement error is also elliptical. Thus, numerical integration methods are not
required to obtain the marginal model, the mean and the variance—covariance structures
of the hierarchical model are preserved in the marginal model and a specific value for
the kurtosis parameter may be defined for each marginal distribution. In addition, the
predictions of the random effects and the covariate subject to measurement error may
be performed similarly to the normal case, for instance, by using the empirical Bayes
method. Other attractive to consider elliptical linear models is the robustness of the
maximum likelihood estimates against outlying observations under heavy-tailed error
models.

Some authors have extended the approach proposed by Savalli et al. (2006) for
different situations. For instance, Osorio et al. (2007) derived the normal curvatures of
local influence under usual perturbation schemes, Russo et al. (2009) defined the ellip-
tical partially nonlinear mixed models by adding a nonlinear function into the linear
predictor, whereas Ibacache-Pulgar et al. (2012) added a nonparametric function in the
linear predictor for modeling the profiles in longitudinal studies. On the other hand,
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linear mixed models with measurement error have been well studied under normal
errors. For instance, Zhong et al. (2002) proposed a unified method for the parameter
estimation based on the corrected score function of Nakamura (1990), whereas Cui
et al. (2004) discussed consistency and asymptotic normality in linear mixed-effects
models with measurement error in both fixed and random effects. For a discussion
of mixed-effects models with measurement error under the assumption of normality
see, for instance, Wu (2010) and Buonaccorsi (2010). Recently, Riquelme et al. (2015)
extended the functional mixed model proposed by Zhong et al. (2002) by assuming that
each measurement error follows an elliptical distribution. A corrected score approach
is applied for the parameter estimation; consistency and asymptotic normality are also
discussed. Unlike the previous work, we propose in this paper an elliptical structural
mixed model, in which the random effects, the unobserved covariate, the measurement
errors and the random errors follow jointly a multivariate elliptical distribution.

The work is presented as follows. In Sect. 2 we introduce the class of elliptical linear
mixed models with a covariate subject to measurement error. A reweighed iterative
process for obtaining the maximum likelihood estimates is derived in Sect.3 and a
methodology for the predictions of the random effects and the covariate subject to
measurement error is proposed in Sect.4. A simulation study to assess the sample
properties of the maximum likelihood estimates and their asymptotic standard errors,
performed under different parameter settings and error distributions, is described in
Sect. 5. Goodness-of-fit measures are presented in Sect. 6 as well as normal curvatures
of local influence are derived from the marginal model under three usual perturbation
schemes, which are selected appropriately. In Sect. 7 the housing price data, previously
analyzed by Longford (1993) and Zhong et al. (2002) under linear mixed models with
normal errors, is reanalyzed under heavy-tailed error models. Diagnostic procedures
are applied for comparing the fitted models. The final section presents some concluding
remarks whereas in the appendices we present the derivations of the score functions,
Hessian and Fisher information matrices as well as the perturbation matrices from the
local influence methodology.

2 The model

Following a similar notation of that given in Savalli et al. (2006), we will define the
elliptical linear mixed models with a covariate subject to measurement error as

yi=XiB+Zb+yu; +e¢ )

and
up =u’+ej, 2
fori = 1,...,n, where y; is an m;-dimensional vector of observed responses from

the ith cluster, X; is an m; x p matrix which contains the explanatory variable values,
B is the fixed parameter vector, Z; is an m; X g design matrix of the random effects b;,
u; is the m;-dimensional covariate subject to measurement error with u; denoting its
observed values, y is a fixed parameter value whereas €; and e; denote m;-dimensional
errors.
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We will assume that the random effects b;, the covariate subject to measurement
error u and the model errors €; and e; are not correlated having the following joint
distribution:

bi 0 D 0 0 0

ut | ind wk 0o X, 0 0

6; E]3mi+q 01 o 0 U2Im,' 0 ’ (3)
e 0 0 0 o 021,

where El, (u, X) denotes a r-dimensional elliptical distribution with position param-
eter u and dispersion matrix X (see, for instance, Fang et al. 1990).

Let the observed vectors y; and u; jointly expressed as W, = [le, ulT]T, for
i =1,...,n. From Egs. (1)-(3) we may express
b;
R Xlﬂ Z; VIml- Im,' 0 u;k
Wl‘( 0 >+[0 Ln 0 L, || e |
€;
fori =1, ..., n,thatis, W; is a linear combination of the latent vectors. Then, from

statistical properties of the elliptical class, it follows that

ind XiB+yu; Xy
W;: ™ Ely, (] i), :
' 2mi <<IL* yE, Xy +Uezlm;

1

where X; = Z,-DZ;r + y2):u + ozlmi, fori = 1,...,n. Typically, the classical
inferential analysis is based on this distribution.

In addition, for simplicity, we will assume that u* = ul,,; and X, = auz I,,;,where
1,,, denotes an m; x 1 vector of 1's and I,,, is the identity matrix of order m;. The
variance—covariance matrix of the random effect vector b; will be denoted by

T1 T12 oo Tig
1 T N

D= ,
Tg1 Tg2 .- Tq

and we will denote the vector T = vech(D), which contains ¢ variance parameters
(t1, ..., ‘L'q)T apd s = @ (g > 2) covariance pa.rameters (t12, ..., r(q_l)q)T.
Hence, the distribution of the observed data becomes given by

Wi ™ Blow, (iw. Vi) )

where

o Xiﬂ+)/lilm,-
Riw = Mlmi
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and

V. |:ZiDZl.T + (Y202 + o), yolly, }
l yauzlm,' (0',42 +03)Imi '

fori=1,...,n.

It can be seen that the parameters of this model are not identifiable. Consequently,
restrictions must be placed on the parameters to identify them. In the statistical liter-
ature on measurement error models, see for instance (Fuller 2006), there are various
suggestions on identifiability restrictions. In this work, for simplicity, we will assume
that the scale parameter oez, associated with the measurement error u;k, as well as fy
are known. Thus, with these restrictions on the parameters, the model (4) will be iden-
tifiable. In effect, taking into account that the elliptical distributions are fully specified
by the position vector and the scale matrix, we have that the conditions of identifia-
bility for the elliptical model (4) are a natural extension of the normal model, when
the kurtosis of the distribution is known. Then, using results from Demidenko (2004)
and Wang and Heckman (2009), on identifiability in normal mixed models, it follows
the identifiability of the elliptical linear mixed models with measurement error (4).

Therefore, we will have p + g + s + 4 parameters to be estimated, represented
by the vector 0 = (y, ﬂT, uw, T, ouz, O’Z)T. It follows from the distribution (4) that
Var(y;;) = z;']—.Dz,' i+ yzau2 + 02, whereas the intraclass correlation becomes

T ..
Zl'jDZz]

pjjr = Corr(yij, yij)) =

TDv + 1202 402 [oT Do 4+ 1202 + o2
\/z,»jDzU +yo;+o \/zij,Dz,/ +yo;+o

for j # j', where Zij = (Zij1s -+ - zijq)T denotes the jth row of the matrix Z;. One
also has that Cov(y;j, u;;) = yau2, Cov(yij, uij) = 0for j # j’, Var(u;;) = 0,42+062
and Cov(u;j, u;j) = 0 for j # j'. Hypotheses of interest are the assessment of
Hp : T =0 against Hy : T # 0 and Hp : y = O against Hy : y # 0.

3 Parameter estimation
3.1 Score function

The log-likelihood function for the parameter vector  becomes given by

L) =) Li®6),
i=1

where L;(0) = — 3 log|V;| + log{g(8;)} with §; = (W; — [LiW)T Vi (Wi — i)

being the square of the Mahalanobis distance for the ith observation, i = 1,...,n,

g(+) is a function from IR : [0, o0) such that fooo u%_lg(u)du < 00. For the score
function
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OESORHOINIRORZODEESY

=

aL;(0)
90

we obtain the derivatives

aLiO) 1 [ _avi\ 1 . | v
©® _ _7tr<v,.1 >+5v(5,-):2rfvi 1 (“})'"’>+r,7v,.1 V; lr,»},

ay 2 ay ay
(5
IL;(9) X\ o
B v(5i)< 0') Vor, (6)
aL; (8 N
@ _ sy (Y1) volr and 7
a[L lm,‘ !
AL:®) 1 [ _aVi\ 1 Vi _,
=——tr|V: — (Si LV V: is 8
Ok 2r( b0k eIV o ®
where r; = W; — p;w, ni is the kth element of the (g + r + 2) x 1 vector
n = (t',02,0%) 7 with the variance—covariance parameters, v(8;) = —2W,(3;)

with W, (§;) = d% log{g(6;)} = % The quantity v(§;) that appears in the ith com-
ponents of the score functions (Sg)—(8) may be interpreted as a weight, and since in
general g(§;) is an increasing function of §;, then v(§;) > 0. For some heavy-tailed
error distributions, such as Student-t with v degrees of freedom, v(§;) is inversely
proportional to the Mahalanobis distance, so that outlying observations in the sense

of this distance should receive smaller weights from the estimating equations.
3.2 Fisher information matrix
In order to obtain the Fisher information matrix F(@) = E{U @)U )"} for the

parameter vector # we derive in Appendix A the submatrices of F (6) according with
the subvectors of @, obtaining

F,, @) F,0) F,.0) Fyaf(o) F,520) F,-(0)

Fg,(0) Fpgg@) Fpg,0) 0 0 0
F(0) = Fiiy(0) Fup@) Fu.0) 0 0 0
Fauzy(O) 0 0 Fagag(o) Fauzoz(o) Fauzr(e)
ngy(O) 0 0 Fazauz @) Fy52(0) Fi2(0)
F,(0) 0 0 quz(0) F_,20) F.(0)

Note that one has orthogonality between f and 5 as well as between p and 7.
3.3 Computation of the maximum likelihood estimates
The maximum likelihood estimate 8 will be obtained by maximizing the log-likelihood

function L (@) over the parametric space ©. Thus, the value of 6 that maximizes L (@)
over ® should satisfy
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L®) > argmaxg.q L(0).

The determination of 8 may be performed by alternating the solution of the estimat-
ing equations U” (0) = 0, UP @) = 0 and U*(@) = 0 given 7, through a Fisher
scoring algorithm, with the maximization of the log-likelihood function in 5 given the
parameters B, y and w. This procedure may be represented by the following iterative
process:

n —1
Lo o 0T (G ®1,,.
V(k+1)={— Sve e Al (0
i1

(k)
X Z {c?k) + v(SI-(k))r,(k)TVfl(k) (5 1’”")
i=1

S~

1 = X;p®
)\ OT (0 (Y i
— A ) A t
+ 2U(81 )rl i (ui . M(k)lmi ) (9)
n T -1
(k+1) _ Z k) [ Xi 1k ( Xi
i=1
n AT (SN0
w0, ( Xi 10 (Yi—vPu lm')
><§ v (8! V; i, 10
i=1 ¢ )(0 > l <”i_:u(k)1m; 1o

-1
" ®1 \T "1
k+1) _ Z &N (VT Am; =10 (V7 my
g - { 1 v(ai ) (lmt > Vi <1ml )
1=

! 1 N\ _x.g®
@y (v ~1) (yi — XiB
« o0 (4 ) v (2 ) v

and
n* = argmax, {2 (y©, 89, )] (12)

for k = 0, 1, 2, .... Starting values should be given for the parameters 8, y, u and
n in the iterative process (9)—(12). In particular, for non Gaussian elliptical models,
such values may be assigned as the maximum likelihood estimates from the normal
linear mixed model with a covariate subject to measurement error. Due to the similarity
between elliptical mixed models and normal mixed models, is reasonable to expect for
large n that the maximum likelihood estimate # may be approximated by a (p+¢g+s+
4)-dimensional normal distribution of mean # and approximate variance—covariance
matrix given by @appmx () = F(0)~!. Nevertheless, in Sect. 35, we summarize the
results of a simulation study to assess the sample properties of 0 under different
parameter settings and model error distributions.
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4 Prediction of the random effects and covariate measured with error

The prediction of the random effect b; as well as of the covariate u} measured with error
may be performed by applying the well known properties of the elliptical class, that
conditional and marginal distributions of elliptical random variables are also elliptical.
Thus, similarly to the normal case (see, for instance, Zhang et al. 1998), one may derive
empirical Bayes estimates for b; and u]".

In particular from (3), the marginal distribution of (Wl-T, biT)—r becomes given by

Wl-> ind ((ﬂiW) [ Vi CWbi|>
~ ElZm, ’ ’
(b,- a0 Cy, D

Z,D
0
the elliptical class properties it follows that

where Cy) = denotes the covariance between W; and b;. Therefore, from

BilW; ~ Bly (Clp Vi (Wi = )i D = €y Vi Oy ).
Then, from E(b;|W;) we may derive the empirical Bayes estimate of b; as

b; = E(b;|W;)
~T -1 ~
=Cy,V; (Wi —Riw). (13)

Similarly, for obtaining the empirical Bayes estimate of u}, we may derive the
marginal distribution of (WiT, u;‘T)—r as

W; id 1) miw Vi Cwu
at ) B (Lt ) L o2t ])

)/O’uzlm,

where Cy,x = 27 ! ) denotes the covariance between W; and u;“. Therefore,
o I,

u
from the elliptical class properties it follows that

u*|W; ~ El,, (Mlm,- +Chu Vi Wi — i) 021, — CJVM*V;ICWM*) )

Then, the empirical Bayes estimate of u takes the form

= Ay, + Cope Vi (Wi — i), (14)
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5 Simulation study
In this section we summarize the results of a small simulation study performed to assess

the empirical behavior of the maximum likelihood estimates and their asymptotic
standard errors from the elliptical model

W, S Ebm, (1w Vi)

with
Riw = Mlmi
and
V. — [rlm,. Ly, + (2o + 0y yoiln, }
’ o, I, 07 +0 ) |’
where X; = (x4, ..., x;) T, fori = 1,...,n. The values assigned for the parameters

are y = 05,1,2,5, 8 =2,5,10, 0 = 1, v = 1,2,5, 10, ouz = 5,10, 15 and
% =10, 15, 20, 30. The explanatory variable values x; ’s are generated from a uniform
distribution in the interval [—2, 2], we assume 03 =0.2,n=15,30,100and m; = 5
and two different error distributions are considered, normal and Student-t with v = 4
degrees of freedom.

We perform the calculation of the relative bias of each estimate and of its
approximate variance from the Fisher information matrix, as well as the normal
approximation for the sample distribution of each estimate available by the statistic
of the Kolmogorov-Smirnov goodness-of-fit test. The relative bias of any esti-
mate from 0 = (y, B, u, 7, auz, O'Z)T, namely é, is estimated as 100 x |9_ —01/9,
where § = R~! Zle 6@, with ") being the maximum likelihood estimate

of 6 in the rth replication. The relative bias of 1/\/7-EE;,I)I,IOX(6A) is estimated as

100 x |\/\_7ar(é) - \/Var(é)| /\/Var(é), where /Var(@) = R-' Y8 | \[Vary) o (9)
and Var@) = (R — D7'R 60 — 412, with Var')  (6) being the esti-

approx

mate of Var(f) in the rth replication. We consider in each scenario R = 500
replicates.

Tables 1, 2 and 3 describe the relative biases and we may notice that in general
the parameter estimate biases and the standard error biases are less than 5% and the
biases seem to decrease as the sample size increases. The only parameter for which the
maximum likelihood estimate and its standard error estimate remain with bias greater
than 5% in some scenarios is the random effect variance. From the KS statistical test
values each parameter estimate seems to follow approximately a normal distribution
even for small sample size. We also observe that the biases are in general smaller under
the Student-# models.
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Table 1 Relative bias of the maximum likelihood estimate (Rb-MLE)(in %), relative bias of the asymptotic
standard error (Rb-ASE)(in %) and the p-value of the Kolmogorov—Smirnov statistic for assessing the
normality of the parameter estimates from the simulation study of linear elliptical models under normal and
Student-f (v = 4) error distributions and n = 15

Parameter Normal Student-¢
Rb-MLE Rb-ASE p-value Rb-MLE Rb-ASE p-value

p=10 0.32 0.08 0.85 0.24 0.08 0.87
y =05 0.46 0.04 0.93 0.41 0.06 0.41
nw=1 6.61 0.09 0.40 5.51 0.12 0.74
auz =5 1.65 0.56 0.18 1.05 0.71 0.61
o2 =10 1.22 0.81 0.48 1.17 0.75 0.87
=35 7.89 3.60 0.32 2.94 3.18 0.84
B =10 1.16 0.16 0.83 0.89 0.12 0.87
y=1 1.94 0.13 0.78 1.24 0.05 0.40
n=1 6.08 0.06 0.46 4.79 0.07 0.69
0,42 =5 2.90 0.40 0.86 1.99 0.47 0.51
62 =120 2.60 1.97 0.77 1.55 1.91 0.58
=5 11.69 6.24 0.37 7.10 291 0.69
B =10 1.01 0.17 0.82 0.76 0.07 0.85
y =2 1.17 0.07 0.89 1.15 0.05 0.70
uw=1 1.37 0.11 0.93 0.74 0.12 0.71
auz =10 1.78 0.93 0.89 1.09 1.04 0.41
62 =20 2.53 2.73 0.66 1.95 0.95 0.95
=35 5.58 6.87 0.68 4.02 2.37 0.79
B=2 1.31 0.11 0.95 1.05 0.16 0.66
y=1 3.45 0.17 0.98 1.56 0.10 0.85
nw=1 1.27 0.04 0.92 1.03 0.06 0.91
0,42 =5 1.12 0.25 0.89 0.85 0.39 0.98
62 =20 1.87 2.15 0.53 1.42 1.75 0.97
T = 16.97 3.52 0.68 7.04 2.13 0.54
B= 1.73 0.17 0.95 0.95 0.10 0.64
y = 2.97 0.04 0.67 1.18 0.06 0.78
n= 2.80 0.13 0.52 1.05 0.05 0.70
03 =15 1.52 1.53 0.99 1.22 0.57 0.88
62=15 6.44 2.62 0.35 5.10 1.62 0.71
T=2 13.04 2.17 0.95 8.69 1.63 0.95
p=2 5.95 0.21 0.58 3.39 0.33 0.36
y=35 1.37 0.10 0.94 1.10 0.23 0.47
nw=1 2.26 0.08 0.94 1.66 0.11 0.92
auz =5 1.14 0.54 0.91 1.09 0.66 0.85
62 =30 4.47 4.73 0.58 3.42 1.14 0.63
=10 9.72 5.50 0.31 5.49 2.96 0.62
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Table2 Relative bias of the maximum likelihood estimate (Rb-MLE) (in %), relative bias of the asymptotic
standard error (Rb-ASE) (in %) and the p-value of the Kolmogorov—Smirnov statistic for assessing the
normality of the parameter estimates from the simulation study of linear elliptical models under normal and
Student-f (v = 4) error distributions and n = 30

Parameter Normal Student-¢
Rb-MLE Rb-ASE p-value Rb-MLE Rb-ASE p-value

p=10 0.25 0.05 0.67 0.17 0.05 0.97
y =05 0.26 0.04 0.98 0.18 0.07 0.77
nw=1 2.83 0.03 0.92 1.40 0.04 0.89
auz =5 0.99 0.22 0.76 0.36 0.13 0.50
62 =10 1.18 0.50 0.89 1.12 0.52 0.67
=35 4.19 1.58 0.10 2.05 1.96 0.73
B =10 0.87 0.13 0.54 0.59 0.04 0.68
y=1 1.00 0.07 0.72 0.85 0.08 0.55
n=1 4.35 0.05 0.97 3.60 0.06 0.42
0,42 =5 1.54 0.30 0.74 1.02 0.37 0.75
62 =120 1.39 2.06 0.86 1.03 0.77 0.89
=5 6.28 5.22 0.77 3.50 1.15 0.66
=10 0.89 0.06 0.94 0.46 0.07 0.78
y =2 1.05 0.05 0.66 0.88 0.04 0.94
nw=1 1.23 0.12 0.87 0.54 0.13 0.15
o2 =10 1.19 1.12 0.84 0.74 0.54 0.83
62 =20 1.29 0.85 0.85 1.11 0.22 0.77
=35 3.36 3.28 0.69 2.20 1.57 0.60
p=2 0.90 0.09 0.86 0.24 0.08 0.42
y=1 2.13 0.03 0.79 1.17 0.06 0.34
nw=1 0.66 0.04 0.87 0.55 0.06 0.08
0,42 =5 1.04 0.29 0.64 0.80 0.21 0.93
62 =20 1.56 1.36 1.00 0.96 0.50 0.91
T = 9.05 1.27 0.54 5.76 1.21 0.68
B= 1.66 0.08 0.78 0.88 0.08 0.84
y = 1.48 0.04 0.75 0.83 0.02 0.81
n= 2.24 0.05 0.69 0.97 0.05 0.88
03 =15 1.29 0.62 0.59 1.14 0.54 0.95
62=15 4.31 1.05 0.63 3.59 1.25 0.60
T=2 9.59 2.65 0.12 5.42 0.55 0.52
p=2 4.33 0.10 0.89 2.88 0.25 0.91
y=35 1.31 0.07 0.85 0.89 0.10 0.73
nw=1 1.83 0.03 0.49 1.19 0.08 0.77
auz =5 1.05 0.16 0.92 0.78 0.53 0.89
62 =30 2.09 2.07 0.64 1.32 0.88 0.94
=10 5.32 5.21 0.78 2.03 1.88 0.34
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Table3 Relative bias of the maximum likelihood estimate (Rb-MLE) (in %), relative bias of the asymptotic
standard error (Rb-ASE) (in %) and the p-value of the Kolmogorov—Smirnov statistic for assessing the
normality of the parameter estimates from the simulation study of linear elliptical models under normal and
Student-f (v = 4) error distributions and n = 100

Parameter Normal Student-¢
Rb-MLE Rb-ASE p-value Rb-MLE Rb-ASE p-value

p=10 0.17 0.03 0.81 0.12 0.10 0.91
y =05 0.11 0.02 0.64 0.09 0.02 0.57
nw=1 0.58 0.03 0.42 0.39 0.06 0.48
auz =5 0.36 0.16 0.93 0.13 0.36 0.76
62 =10 0.89 0.38 0.50 0.28 1.11 0.79
=35 3.08 0.31 0.91 1.54 1.05 0.49
B =10 0.44 0.07 0.69 0.39 0.01 0.31
y=1 0.40 0.02 0.51 0.18 0.03 0.89
n=1 2.50 0.03 0.87 1.05 0.01 0.52
0,42 =5 1.03 0.18 0.84 0.79 0.08 0.72
62 =120 0.84 1.19 0.90 0.51 0.17 0.35
=5 3.51 1.69 0.85 1.80 0.61 0.38
=10 0.34 0.03 0.97 0.28 0.04 0.94
y =2 0.62 0.04 0.84 0.58 0.02 0.58
n=1 1.06 0.07 0.77 0.32 0.04 0.92
Uuz =10 0.88 0.67 0.26 0.22 0.38 0.78
62 =20 1.07 0.57 0.83 1.01 0.19 0.77
=35 2.25 1.47 0.88 1.61 0.84 0.76
B=2 0.64 0.02 0.56 0.16 0.01 0.38
y=1 1.55 0.03 0.54 0.55 0.05 0.70
nw=1 0.34 0.02 0.48 0.31 0.02 0.82
0,42 0.73 0.14 0.28 0.44 0.11 0.82
62 =20 0.51 0.56 0.52 0.26 0.38 0.68
T = 3.02 1.12 0.78 1.77 0.50 0.48
B= 1.13 0.03 0.82 0.70 0.02 0.53
y = 1.02 0.02 0.98 0.69 0.01 0.63
n= 1.18 0.07 0.96 0.65 0.04 0.76
03 =15 1.11 0.77 0.97 0.98 0.29 0.87
62=15 3.69 0.56 0.72 2.12 0.31 0.66
T=2 6.28 1.18 0.85 3.78 0.26 0.91
p=2 2.93 0.09 0.65 1.23 0.08 0.55
y=5 0.89 0.05 0.37 0.23 0.09 0.40
n=1 1.06 0.03 0.49 0.81 0.04 0.65
auz =5 0.82 0.14 0.90 0.17 0.25 0.82
62 =30 1.09 1.84 0.61 0.76 0.49 0.19
=10 1.37 2.40 0.58 0.98 0.97 0.60
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6 Diagnostic methods
6.1 Goodness-of-fit methods

In order to assess the goodness-of-fit of elliptical linear models one may consider, for
instance, index plots of the Mahalanobis distance or modified Mahalanobis distances
(see, for instance, Osorio et al. 2007). In particular, for normal and Student-¢ (with v
degrees of freedom) error models one may apply the modified Mahalanobis distance
Y = 2— which follows, respectively, under the underling models X2 cand Foy; .

Alternatlvely, one may apply the transformations proposed by Wllson—Hllferty (see,

for instance, Johnson et al. 1994) for obtaining appropriate scores that may be com-
pared with the quantiles of the standard normal distribution. Such scores for normal
and Student-# models are, respectively, given by

and
( 2 ) 3 1
0l -(1- )
9v i Om;
di[t] — - ,
2 % 1 2
(97195 + 9_m,->
and, approximately, one has that di[Nl, dim ~N(,1),fori =1,...,n

6.2 Local influence

The local influence method proposed by Cook (1986) has been largely applied in the
statistical modeling area to assess the impact of minor perturbations in the model or
data on the parameter estimates. In this sense, the influence measure

LD(@) =2[L®) — L@,|0)],

named likelihood displacement, has been proposed to compare the perturbed and
fitted models, where L(f|@) denotes the perturbed log -likelihood function with
® = (w1, ...,w,) being the perturbation vector and 0 is the maximum likelihood
estimate under the perturbed model. In addition, there is a no perturbation vector @g
such that L(@|wg) = L(#). Therefore, one has L D(w) > 0. The idea of the method-
ology is to study the behavior of the L D(®) around wg which consists in selecting
a unit direction £ (||£]| = 1) and to consider the plot of L D(wo + a£) versus a, for
a € N. This plot is called lifted line, and may be characterized by considering the
normal curvature C¢(#) around a = 0. Large values of C; (@) indicate sensitivity to the
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perturbation scheme in the direction £. Cook (1986) showed that the normal curvature
in the direction £ may be expressed as

Ce(0) =2€" AT{—L(6)) ' ALy,
where £ € , ||£|| = 1, with

_9°L(O) d A — 92L(0|w)

9000 g 3030’ |y_5 ’

w=wg

L)

—i(@) denotes the observed information matrix of # whose expressions are derived
in Appendix B, whereas A = (A, A}, Ay, Aauz, A2, AtT)T is the perturbation
matrix, evaluated at 0 = 9 and 0 = wqo. The direction ¥,,,, from the maximum
curvature, Cy,qx, corresponds to the eigenvector related with the largest eigenvalue
(in absolute value) of the matrix B = AT{—'I;(é)}’] A, that is, the direction related
with the largest variation. The index plot of |£,,,,| may reveal those observations that
contribute most in such direction.

Poon and Poon (1999) proposed the conformal normal curvature, that is invariant
under uniform changes of scale, and is defined as

Ce(9)
Be(#) = —————— ,
204" AT (L))" AL||F
where || - || r denotes the Frobenius norm, ||A||r = {tr(ATA)}% for the matrix A. A

feature of this curvature is that 0 < B¢(#) < 1. For example, the index plot of By, (8),
where £; is an n x 1 vector of zeros with 1 at the ith position, may be performed to
assess the influence of each observation on B;(#). Other influence graphs based on
normal conformal curvature were proposed by Poon and Poon (1999).

Various works have been developed on the derivation of local influence curvatures
in elliptical linear models. For example, Galea et al. (2003) derived such curvatures in
univariate elliptical linear models, whereas Osorio et al. (2007) and Ibacache-Pulgar
et al. (2012) derived the local influence curvatures in parametric and semiparametric
elliptical linear mixed models, respectively. Similarly, Cao et al. (2010) and Relvas
and Paula (2016) obtained the local influence graphs for univariate AR(1) elliptical
models.

6.2.1 Selecting the perturbation scheme

Zhu et al. (2007) proposed a method for selecting appropriate perturbation schemes for
the perturbed model whose probability density function, denoted by f(W; 0, ®), leads
to the perturbed log-likelihood function L (6 |w) = Z?:l L;(0|w;). The methodology
is based on the Fisher information matrix with respect to the perturbation vector w,
under the perturbed model. This matrix is denoted by G(w) = {g;;(w)}, with
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d d
gij(@) =E,{ —L@lw)—L@lw), i,j=1,...,n,
80),‘ aa)j

where E,, denotes the expectation taken with respect to the probability density function
of the perturbed model. The elements g;; (w) of G(w) are the variances of the scores
with respect to the components of @, and indicate the amount of perturbation introduced
by the ith component of . The off-diagonal elements of G(w) are the covariances
among the scores with respect to different components of @ and represent the linear
correlation between different components of ®. Thus, if G(®) is a diagonal matrix,
the components of @ are orthogonal in the sense of Cox and Reid (1987). Therefore,
a perturbation scheme will be considered appropriate if G(wg) = cI,, where ¢ > 0.
However, if a perturbation scheme satisfies

G(wo) = diag{g11(®o), . .., gun(®0)},

we can choose an appropriate perturbation scheme @, by making
~ _1 1
@ =wo+c 2G(wo)2 (@ — o),

so that G (®) evaluated at ¢ equals cI,.

Nevertheless, few works have been developed under the approach of selecting the
perturbation scheme of local influence. A recent and interesting derivation in capital
asset pricing model under the multivariate normal distribution is described in Galea
and Giménez (2016).

Case-weight perturbation

Under this perturbation scheme we assume that
n
LOlw) =) wiLi(®),
i=1

where L; () = —% log |V;| + log{g(5:)},0 < w; < landwg = (1,...,1)T. For
this perturbation scheme G (@) = diag[Var,{L(0)}, ..., Var,{L,(0)}], and the form
G(wo) = cl,, is only attained when m| = my = --- = m,,. In general, one has that

oj = 1+ (w; — 1)y/Vary {L;(0)},

so that the perturbed log-likelihood function becomes given by

L©1&) = Y[ 1+ (@ = Dy/Vara (L @) ]| Li0).

i=1

Below we derive w; under the particular cases of normal and Student-¢ errors.
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Normal case

In this case one has that

1+
Var,, {L;(0)} = Var (—EJV,. 1r,->

1
= 4 Var(8;) = m;.

since §; ~ Xzzm,-~ Then, we have that w; = 1 + (w; — 1)./m;.
Student-t case

Here, we obtain
2m; 2
Varg, (Li(0)} = (m’T’L”) Var{log(l + v_ISi)},

where

2 .
Var {log(l + v_l&-)} =y’ (g) -y’ (U + ml) ,

2

with ¥’/(-) denoting the trigamma function (see, for instance Arellano-Valle 2010).
Then, the perturbation scheme yields

2m; 2m;
G=1+ ’"‘2+”\/w(g)—(wi—1)w'(”+2—"“>, i=1,....n

The elements of the matrix A for this perturbation scheme are given in Appendix C.

Scale matrix perturbation

In this case we will consider the perturbation scheme w;” ! Vi, with w; > 0 and wg =
(1,...,1)T. The perturbed log-likelihood function becomes given by

L®lo) =) Li@lw)),
i=1

where

1 _
Li(6lw) = = log; 'V, + log{g (80}

1
m; logw; — 3 log |Vi| + log{g(w;)},
with 8o, = @;8i = (Wi — piw) Ty Vi (Wi = ).
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The score function for w; becomes given by

U - IL;i(0|w;)
@ w;
m
= — + W, (8,81,
wj
and
PLO) oy
Bw,-awj ’ '
Hence

2
Ewﬂgwwmwwmd},izﬁ
0. i#]

gij(w) =

and thus G(w) = diag{g;1(w), ..., & (w)}.
Then, we have

2
m; 2m;
&xw>=Ew{(—§)—+—4W@wwwi+wﬁwww?}
wj w;
= (0] + 2B {Wo(Gu)si} + Bo [ W20,,)7)
Wi wj
2
_ (m_) +%(_ﬁ)+f_g2i
w; w; 2w; w;
Joi
o
Since
1
E, {Wg(aw,)sl} =E, {zwg(aw,)sw,}
1
= (%)
- wj 2
- Za)i
and

1 1
E, WQ(awi)azi—z} - —E, [Wz(aw,,)(sfw}
{ 8 w, w[ C‘),‘ 8
Ly
- C()lz 8i?
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we obtain

G(wp) = diag (f;‘;l o fg” )

@10 @0
= diag (f1 -+ fan) -
Note that G(wg) # cI,,. Some algebraic manipulation leads to w; = 1+(w; —1),/ fg;,
fori =1, ..., n. Expressions for fg, are derived in Appendix A.
The elements of the matrix A for this perturbation scheme are given in Appendix C.
Observed data perturbation
We will consider the perturbation scheme

1
Wo, =W; + Vl.zwi,

with w; = (w1, ..., a)iz,n,.)T, w; € RMi @ = (wlT, R w;)T and wg is a2m; x 1
vector of zeros. Thus, the perturbed log-likelihood function takes the form

LOlw) =) Lo,
i=1

where L; (0|o;) = —3 log |Vi|+1og{g(8u,)}, With 84, = (We, — i) "V (Wo, —
Iiw)- The score function for w; becomes given by

_ 0Li(0|w;)
@r 8(0,‘

06,
= Wg(bw;) —
g ‘”')aw,»

1
IV’

=2W, (8w,
g( w,) de;

Vi (Wa, — i)
=W BV (Way — pry)-
One has that G(w) = diag{G|(®), ..., Gy, (®)}, where
Gii(w) =E,{U,U,)

_1 _1
=4E, {Wgz(awi)vi ’ We, — tiw)(We, — ,LiW)TVi i }

4d, 1 _1
— 8i Vizvivl' 2
2mi
= Ci12m,-,
. 2d,. .
with ¢; = m—g,’,forz =1,...,n.
1
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Hence G;;(w) # cIyy, and consequently G(w) # cg. We may apply a simple
transformation to obtain

@0 + G2 (00)(@ — wo)

(:) =
= G2 (0w
= diag(s/<tIom,, - - - » v/Cnlom, ).
1
Therefore, the perturbation scheme becomes given by @; = %Viz w;, for i =
1, ..., n. Expressions for dg; are derived in Appendix A.

The elements of the matrix A for this perturbation scheme are given in Appendix C.

7 Application

As amotivating example we will consider the housing price data that has been analyzed
by various authors (see, for instance, Harrison and Rubinfeld 1978; Belsley et al. 1980;
Zare and Rasekh 2011; Hérdle and Simar 2012). The aim of the study is to assess the
association of house prices with the air quality of the neighborhood by using regression
models. The outcome variable LMV (logarithm of the median house price in USD
1000) is related with 13 explanatory variables, 6 of them are defined from census
tracts and the remaining variables are defined for districts. Altogether there are 506
observations. Longford (1993) applied a linear mixed model with normal errors to
analyze the complete data by assuming the 13 explanatory variables with fixed values
and the parameter estimation performed by the maximum likelihood procedure. Some
residual graphs available in the Longford’s analysis point out extreme observations
indicating that a heavy-tailed error distribution could be assumed in the model. On
the other hand, Zhong et al. (2002) considered only the data of n = 132 census tracts
within the 15 districts of Boston, but by adding in the model a covariate subject to
measurement error and with the parameter estimation based upon the corrected score
function of Nakamura (1990). The number of census tracts in the 15 districts of Boston
are {8,6,3,2,7,11,13,8,19,23,11,6,7, 4, 4}.

Thus, motivated by the works addressed above, we will reanalyze the subset consid-
ered by Zhong et al. (2002) assuming the model (1)—(2) under normal and heavy-tailed
error models. The census tracts explanatory variables considered in the analysis are:
CRIME (per capita crime rate), ROOM (average number of rooms squared), AGE (per-
centage of owner-occupied units prior to 1940), DIST (logarithm of the weighted mean
of distances to five employment centers in the Boston region), BLACK ((Bj — 0.63)2,
where By denotes the proportion of Black American in the census tract) and LSTAT
(logarithm of the proportion of the population that is lower status). In addition, simi-
larly to Zhong et al. (2002), the dummy variable CHAS (=1 if the census tract borders
the Charles River, =0 otherwise) and the pollution covariate NOXSQ (annual average
nitric oxide concentration, square of parts per 10%), assumed subject to measurement
error, will also be included in the model.
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Proposed model

In order to reanalyze the subset of the house prices data we will assume the following
linear mixed model:

yi = XiB +bil,, + yul + €, (15)
u =u; +ej, (16)

where y; denotes an m; x 1 vector with the values of LMV for the m; census tracts
of the ith district, X; is an m; x 8 matrix whose jth row XlT contains a constant
and the values of the explanatory variables CRIME, ROOM, AGE, DIST, BLACK,
LSTAT and CHAS for the jth census tract in the ith district, 8 = (Bo, B1, ..., B7) "
are the coefficients related with the fixed effects, b; is the random-effect, 1,,, denotes
anm; x 1 vector of 1's, u} denotes the covariate NOXSQ subject to measurement error
for the ith district whereas u; contains the values of NOXSQ for the m; census tracts
in the ith district, i = 1, ..., 15. In addition, we will assume for W; = [yiT, uiT]—r
the following marginal distribution:

. ind
Wi = (i) = Bl (miw Vi) (17)
1
where
’L' — Xlﬂ + Vﬂlm[
iw /’le,'
and
V.- [rlmi Ly, + (2o + 09y yoiln, }
’ voulm (0F +0 ) |

The estimation and inference we will be based on the marginal model. To avoid
identification problems, the parameter Sy and %2 will be assumed known, namely
Bo = 9.0 (obtained from the linear mixed model with normal error and no measurement
errors in covariates) and o> = 0.2.

Fitting the models

Table 5 presents the maximum likelihood estimates from the fitted models under
normal and Student-f errors. We estimated the degrees of freedom for the Student—r¢
model by applying the Akaike criterion (Akaike 1974; Lange et al. 1989) and we
found v = 5, see Table 4. We may notice from Table 5 that the explanatory variables
LSTAT and NOXSQ are marginally significant for both models. This is an important
difference from the results obtained by Zhong et al. (2002), that used the corrected
score approach (y = —0.0118(0.0084) and z-value= —1.4), where the covariate
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Table 4 AIC values under some

Student-f models with v degrees Y AlC

of freedom 1 890.73
2 883.31
3 880.88
4 880.03
5 879.83
6 879.95

Bold value indicate the selected 00 891.10

degrees of freedom

Table 5 Maximum likelihood estimates, approximate standard errors and some statistics from the elliptical
model (15)—(17) under normal and Student-¢ errors (with v = 5 degrees of freedom) fitted to the housing
price data

Parameter Normal Student-¢

(effect) Estimate SE z-value Estimate SE z-value
B1 (CRIME) —0.0072 0.0053 —1.3602 —0.0065 0.0054 —1.2061
B> (ROOM) —0.0010 0.0099 —0.1023 —0.0021 0.0101 —0.2105
B3 (AGE) 0.0009 0.0043 0.2113 0.0013 0.0043 0.2988
B4 (DIST) 0.0786 0.4647 0.1692 0.1712 0.4517 0.3791
Bs (BLACK) 0.4503 0.5947 0.7572 0.4513 0.5993 0.7531
Be (LSTAT) —0.5427 0.2211 —2.4547 —0.5668 0.2229 —2.5432
B7 (CHAS) —0.0352 0.3469 —0.1015 —0.0225 0.3572 —0.0631
y (NOXSQ) —0.0097 0.0017 —5.7188 —0.0124 0.0014 —8.6419
n 45.5838 2.6904 16.9430 47.4301 2.4409 19.4315
0,42 63.4978 30.3667 48.4985 41.4285

o2 0.0290 0.0147 0.0284 0.0249

T 0.0464 0.0723 0.0319 0.0580

Statistics Value Value

L®) —434.1991 —427.9173

AIC 892.3982 879.8346

measured with error NOXSQ was not significant. In addition, from Table 5 we may
notice that the approximate standard errors of the MLE of y are lower than the one
obtained by Zhong et al. (2002).

The interpretations are similar, as the LSTAT (or NOXSQ) increases (by keeping the
remaining explanatory variable values fixed) is expected a decreasing of the response
LMV.

For assessing the hypotheses Hyp : © = 0 against H; : t > 0 we may apply
one-sided tests discussed, for instance, by Savalli et al. (2006). In particular, for large
n, the asymptotic null distribution of the likelihood ratio statistics follows a mixture
of chi-squared distributions, namely % X(% + % X12’ where x02 denotes the degenerated
distribution at the origin. By applying such test we obtain, respectively, the statistical
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values &L = 6.1922 (p < 0.001) and &g = 4.5342 (p < 0.001) under the
fitted models with normal and Student-¢ errors. Then, one may estimate the intraclass
correlation as

L b

=iy

>

PR
i to

obtaining, respectively, o = 0.570 and p = 0.471 for the fitted models.

Diagnostic analysis

In order to assess the goodness-of-fit of the elliptical proposed models, Figure 1
describes the normal probability plots of the estimated scores c?l.[N] and ﬁi[t]. We may
notice from the graphs that (15)—(17) under the Student-# distribution with v = 5
degrees of freedom seems to be more appropriate to fit the housing price data then
under the normal distribution.

In the sequel we will present the influence graphs from the two fitted models and
under the three perturbation schemes discussed in Sect. 6 by considering the method-
ology of selecting the perturbation proposed by Zhu et al. (2007).

Figure2 describes the index plots of |¢,,,| under the case-weight perturbation
scheme from the normal and Student- elliptical models fitted to the housing price data.
We may notice more sensitivity under the normal model for which district #10 appears
as the most influential. Under the Student- model district #6 appears with some
influence. Similarly, from Fig. 3, the index plots of |¢,,,| under the scale perturbation
scheme point out district #10 as the most influential under the normal model and
districts #4 and #6 with smaller influence under the Student-# model. Elimination of
each district above does not change the inference. Particularly, district #10 that appears
as the most influential has the largest number of census tracts.

Finally, in Fig.4 one has the index plots of |¢,,,| under the observed data pertur-
bation scheme from the normal and Student-¢ elliptical models fitted to the housing

© ©
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N(0, 1) quantile N(0, 1) quantile

Fig. 1 Normal probability plot for the transformed distance from the normal (left) and Student-z (with
v = 5 degrees of freedom) (right) elliptical models fitted to the housing price data
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price data. The census tracts #141, #142, #143, #148 and #153 are pointed out from
the normal model, whereas the census tracts #180, #182 and #184 appear with smaller
influence from the Student-r model.

8 Concluding remarks

In this paper we propose a linear mixed models with elliptical errors in which a covari-
ate subject to measurement error is considered in the linear predictor. The parameter
estimation and inference are performed by the marginal model obtained from the
joint distribution of the observed response and observed covariate subject to measure-
ment error. The proposed elliptical model has some interesting features, such as (i)
closed-form expression for the marginal model, that is also an elliptical model, (ii)
preservation in the marginal model of the mean and variance—covariance structures of
the hierarchical model, (iii) possibility of kurtosis flexibility for the marginal distri-
bution, (iv) robust aspects of the maximum likelihood estimates by down-weighting
outlying observations in the sense of the Mahalanobis distance and (v) possibility of
predicting the random-effects as well as the covariate subject to measurement error
in a closed-form by applying the empirical Bayes estimate. We derive in closed-form
expression the Fisher information matrix for the full parameter vector and a reweighed
iterative process based on the Fisher scoring algorithm is developed for the parame-
ter estimation. Some goodness-of-fit statistics for elliptical models are presented and
the normal curvatures of local influence are derived under three perturbation schemes
which are chosen by the methodology proposed (Zhu et al. 2007). A simulation study is
performed under various parameter settings and indicates for consistency and asymp-
totic normality, even for small and moderate sample sizes, for the parameter estimators.
Finally, a reanalyze of the housing price data set by considering a pollution covariate
subject to measurement error and the methodology developed in this paper reveals
that a Student-¢ elliptical model (with v = 5 degrees of freedom) seems to be more
appropriate than the normal model.

Acknowledgements This work was supported by CNPq and FAPESP, Brazil and FONDECYT-Chile
1150325. The authors are grateful to the reviewers for their helpful comments and suggestions.

Appendix A: Derivation of the Fisher information matrix

Consider the Mahalanobis distance expressed in the following form:

1 1
Si=Wi—miw) V., 2V, 2(W; — i)

= riTVl._%Vi_%ri
=2z
= lzill%
where ||z; || denotes the norm of z; = E;%ri and z; nd Ely; (0, 1,,),i=1,...,n.
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From Fang et al. (1990) one has

E{ W@z} = -5

E{W26) 1212} = dy and
E{wielzl'] = fo.

In particular, for the normal distribution dg, = % and f,, = m;(m; + 1), whereas for

the Student-t distribution with v degrees of freedom these quantities become d,;, =
i 2m; 2m; .

%vi;m’f’ﬂ and fo, = m;(m; + l)vi;m’[_"ﬂ. Expression for dg; and f,, for other

elliptical distributions may be found, for instance, in Osorio et al. (2007).

Fisher information for y
The Fisher information for the parameter y is defined by
n
Fyy0) =E{U7(0)U(0)} =Y E{U/ ®U )},
i=1

where

a’ feo: S IV IV,
ElUY @O)U” 0)) = - _Js S V.fl lV.fl Vi
Wi Our®)] 4 (mi(mi+1) >+2mi(mi+1) T\ ay 1 dy

T
73 —1 1y, .
+2d,, 0 V. 0 , i=1,...,n,

with 0 being an m; x 1 vector of zeros.

Fisher information submatrix for g
The Fisher information submatrix for the parameter vector 8 is defined by
n
Fy@ =e{vf@uio)| =Y elvlouvio],
i=1

where

T
clorwnar] -2 () vo (%)

and X; is anm; x p matrix with the explanatory variable values for the i th observation,
i=1,...,n.
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Fisher information for p

The Fisher information for the parameter u is defined by

Fuu(0) =E{U*@)U"®)} = > E{Ul"6)U!®6)}.

i=1

where

2 (Yl \ ' o1 (v1n ) .
E{U,"u(g)Uiﬂ(o)} = m_g (yln:r_h> Vi ] (VIHT, ) ,i=1,...,n.

i

Fisher information for a,f

The Fisher information for the parameter cruz is defined by

R =E Ut ourio) = Y e{uf ot o],
i=1

where
2 2 1 av; ;
E{Ul.a“ @ U’ (0)} = —tr? <Vi1 ;) {f—g — 1}
4 do; mi(m; + 1)
. aV; aV;
+Ltr vyl Ly 1L , i=1,...,n.
2mi(m; + 1) ' o2 ' 0o}

Fisher information for o2

The Fisher information for the parameter o> is defined by

Fn® =E{U7 0V ®)] = ZE {vr®ur®).
i=1

where
5 2 1 _,0V; fo:
E{U?’ 09U’ 0}=—t2 v Je
P OUE O =3V 567 ) Vs 11
Sa: 190V 0V, )
— tr|{V: —V. — )], =1,...,n.
+2mi(m,~+l) AN dc2 ' o2 ! "
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Fisher information submatrix for ¢

The Fisher information submatrix for the parameter vector t is defined by
Fee® =E{U"®OU ®)"].

with the (j, [)th element being expressed as

E{UT@0)U" @)= E [Uf’ QA (0)} ,

i=1

where
. 1 LAV, LAV o
E{U.’-’oU.”o}:-t vt gy ey
! ®) l() 4r ! 0t; t Loy mi(m; +1)
; aVv; oV,
I TRy e e AR DS
2mi(m; + 1) ! a‘L'j Loy

Fisher information submatrix for y and g
The Fisher information submatrix for the parameter y and the vector § is defined by
n
F,50) =E {Uy(o)Uﬂ(o)T} =YE {Uiy(a)Uf(o)T} :
i=1

where
R S . T 75 PO
Eluy@ul@T) == (") v;
m;

Fisher information for y and u

The Fisher information for the parameters y and u is defined by

Fyu(®) =E{U7 @) U"®)} = > E{U] @)U ®)},
i=1

where

2dy, L\ o 1, .
E{Ul?’(a)Ul."(o)}: mg (Mom‘> V,~1<yl m’), i=1,...,n.
m;

i
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Fisher information for y and auz

The Fisher information for the parameters y and O’uz is defined by

Fro2®) =Y E {UZ (O)U;’“zw)} ,

i=1

where
2 1 0V 0V for
Elur@ew™ o)l = —uw (v (v 122 — 28
{ l() i ()} 4r( i 8‘}/ r i aauz ml(ml+1)
fg' _13V,~ _13Vi .
— (V. —V. — ], =1,...,n.
o+ T\ 5 Vi a2) "

Fisher information for y and o>

The Fisher information for the parameters y and o2 is defined by

Fyo2® = Y E{Uf 0)U7 )],
i=1

where
) 1 vV, v, fu
E{U?’OUF’ 0}:_t v Vi (v YN e
rOUE) 4r(’ oy )\t 902 ) Lmimi + 1)
fg- _18V,' _18Vi .
—= |V, —V, — ), i=1...,n.
+2mi(mi+1) Y dy ' 902 ! "

Fisher information submatrix for y and t

The Fisher information submatrix for the parameters y and 7 is defined by

Fye(0) = ZE ZAOUHOME

i=1
where E{U (@)U} (0) "} isan 1 x (g + s) vector whose jth element is given by
; 1 A A aV; .
Efv7 @U@ = co (v ) (v V) S
1 1 4 1 ay 1 87:] mi(mi + ])

i HAZEON

—tr| V. ; =1,...,n.
+2mi(mi+1)r(’ y ' 0t "
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Fisher information submatrix for B and

The Fisher information submatrix for the parameters 8 and u is defined by

Fp.0)=Y E {U?(())Uﬁ(o)} ,

i=1
where

2dg (X;\" 1 (vl ,
E{Uf(o)U;‘(o)}zm—f<0’> v,.1<”1m"_1'>, i=1,....n

Fisher information for ouz and o

The Fisher information for the parameters 03 and o2 is defined by

Fozo2®) =Y E {Uf"z <0>U;’2<0>} ,

i=1

where
2 2 1 _,0V; _,0V; f
E{U @)U O =-u(Vvii— |u(Vv ' —— )] —L
{ i O ()} 4r< ! 803)r< " 902 ) [mi(m; +1)
fg- _13V,~ _18Vl' .
— 1t ; V= —, =1,...,n.
T im0 T\ 502V 502 ) n

Fisher information submatrix for auz and t

The Fisher information submatrix for the parameter ouz and the vector 7 is defined by

F,o.(0)=) B {U?"Z Ol wf} :

i=1

2
where E{Ul.g” (0)Uf(0)T} isan 1 x (g + s) vector whose jth element is given by

u

2 . 1 vV, vV, f
E{UOU O =-u (V= )uw (v L) —5 1
{ i ()’()} 4r< 902 )\ T ) Lmitms + 1)

) oV, aVv;
+ Jai (v Ity 1220 =1,
2m;(m; + 1) "dog oot
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Fisher information submatrix for ¢ and ©

The Fisher information submatrix for the parameter auz and the vector 7 is defined by

F,2,0) = ZE ZRQUHOME

i=1

where E {Uigz (0)Ul.f(0)T} isan 1 x (g + s) vector whose jth element is given by

T 1 4,0V, _,0V; )
ferouro] = e (5 ) e (05 Lo )

. aV; av;
—}—Ltr viIi—vIi 1) i=1,..,n
2m;(m; + 1) 32 ! a‘L'j

Applying similar calculation we may show the orthogonality between B and
(', auz, 02)T as well as between u and (T, auz, o).

Appendix B: Derivation of the Hessian matrix

The Hessian matrix for # may be expressed as
n
Loy=> Li®),
i=1
where

Li(0) =

2 2 2
"Uuy “ﬂuﬂ ”Uulu‘ . uau "(Tu(T --O—ut
Liz Li2 Li2 Li2 ) Li Li2
. o . volo w22 eglr
IS A S A VN ¥
2 2
B S
AL AL AL SACEN ALENN §

i i i i i

Below we derive the submatrices above evaluated at #. One has

A 92L;(0
i) = i(0)
Yoy lo—=p
1 (~_1dV;~_13V; 1 [ ~a10%V;
S A /LAl T aal U §
2 Ay Ay 2 dy?
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2
- il \ 7oV
+ W50 {—2?IV;1 <“})’”l > + ,T—rl}

dy
< T3 P Iy, AT -19Vi > L,
-rw@<&>{2< o ) < & ) e
3

Vil a-1o
VvV, T,
By 0y? }

e [V~ 0V,
+ W, G)F V! {28—;% !

N & 21())
L") = ———=
BB’ lo_s

.
X\ o ot (X ~ (X
:2( 01> v {2W£,(8,-)ririTVi < 01) +Wg(5,-)( 0’)},

92L;(0)
oo |g—g

P\ o <ol (71 ~ (71
- z(ylm@> V; {2W§(3,»)?,-?,TVI. ( lmnjf) + Wg(a,-)< lm@i>},

L) =

volo? 9%L; (0
00,007 |y_5
1 ~_10V;~_10V; TP 10Vi~ _]A ~ 10V ~_1
=—-tr|V. —V W §; V V. V ST
2r< i 902 b0 2>+ GO, 902 ! o2 1
10Vi~_10V,; ~
W, (8)F, V, V. 7,
+ g() 9o} i 802 r,
o0 @ — 32L; ()
i © 802002 |y_p
1 [(~_13V;~_10V; ~To-19Vig Vol -190Vis
=§tr<Vl- 2V 32)+W’(3) Vi S S VR VSV '
- 10Vi~_10V; ~
+2W GOF Vi SV VT
L.rr(o) _ azLi(o)
! 9ot |,
1 ~_10V;~_10V; ~TD 10V~ —1AAT ~_10V; ~
zitr(Vi 871‘/1 a T)+W(8) V a'[ Vi V 81’ i ri
T5-10Vis 10Vis 1
+2W,G)F V; et Vi o Vi T
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2
avp o~ OELi(0)
L7 )= —
dyaB  ly—p
T ~
= {2W5’,(6,~) (ﬁ’) V.7 1AAT+W 8 (X ) }‘7,-_1 {2(“})’"')
Vi~_1.
+8_ylvl ri}r
e A 32L; (0
Lg’“(g) — A
Ayou [p—p
~ T ~
71, A=l Tl Al oV ~—1,
=2W, (6)(1% ) V, FiFV, {z( 0m)+8—y’v, Fi
R T A
A Y1y, o =1 (il Tl 1y,
+2Wg(5i){ 1)::) Vi ( 0m>—"i Vi (31
A T
ylmi ~—10V; ~—1,
+(1m,.) ke At
ol A 92L; (0
Lf“"(o) _ ( )
3)/3 uw leg=6
1t Vlav,-‘rlavi 1t ! 92V,
= —tr . . — —tr .
2 Y 9e2 Tt Ay 2 ' 9ydo?
aV; N 7. A%
—wlGo LT S e () Ty,
aol% 1 1 1 1 1 1
AT —10V; /le i ATAouzA
_Wg(é){Zr v, . 2V < 0'" +7 G;"Fit,
~on PV e—liayie=lay, 2y, avio—lavi ¢!
WhereGi :_3)/30,42 =V; (in W_Byaduz-’_wvi W) Vi B
27 .
Ziyaz(o) _ 3 Lz(02)
0ydo= |g_g
L (em1dVi 10V e T o-10Vio 1 (il \ | T a0t
_2tr<Vi 202V ay)—wg(s,){zn ViV ( 0 >+r,. G; r,}
—W.(3) {AITV, 18V2, v, lAl} {ZA,T‘A/;I (ulm,>+ﬁ‘>l—18V, A;lAl} ’
0 14
pot VD el gy e —lavs | avi e lavy vl
WhereGi Zdyaaz i (7‘/1 _V+_VVl m) Vi s
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SYT A 2Li
L0 = o Li6)
YT |p=p
1 [(~10V;~—10V; c ram10Via—1 (Al \ AT
- 5tr<vi l%vi 133‘; ) — W) izr,TV,. ! e ! (“}) ')+r,TG,. ri}
R ATA—IHV{ A—l,\ AT 1 [lel ATA—IBVI' ~A—1,
_Wg((S,){r[ Vi Py Vi r,}[Zri Vi ( 0 )—I—r[ i 8)/ i if>
AT V] el vie v avielavi ) o
WhereGi ZB)/T:VI (_-[Vl _y+_yVl —T) Vl 5
PGy 32L;(9)
' B |94
T ~ ~
X;\ ~-1 5 1, aon (P ) o-1a
:2(0'> v {Wg(a,-)<’”lm’7'>+2wé(3,-)r,~(”lm’f’t)vi ri},
v 8o A 92L; (0
L?W 6) = —1(2)
0By |y_p
.
X ~—1 ~ An aTea—110ViA—1,
:2(01> Vo We@n Lo, + WoG0RTV; }gz’v,. P,
u
v 802 A 92L; (0
L;Sa (0) _ l( )
!
; ATl 0Via—1,
=z<)f)l> Vi W@ ton, + wiGoid V| SV R
Lﬁr(é) . 32L,'(0)
! CABITT |4
.
X. A —1 A A A A A —1 8V A—],\
:2<0l> Vv, {Wg(Si)IZmi+W£,(6,~)rirl~TVi }aT—T'V,- i,
o A 9%L; (0
L;uru(a): 1(2)
Ipdoy lo=g
N T
1, A~ ] s AT oVi~—1,
=2<Vlm,> Vi {Wg(8 )12m1+W(3 )rir T }gle, ri,
mi u
w2 A 92L; (0
opdo* |g—p
-
72 . . PN A—l oVi -1,
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92L;(0)
apndt’ |,

L0 = )

=0

:2(3711"“) v {W(S)Izm,—i—W(é‘)A ATA”}

mi

BV,- A—1,
or i

w022 A azLi(o)
doz00|y_4

1 Aflavi A718V,-
=§tr<V, ﬁVl p)

" 19V; AT a1 A aVi~—1,
VS {W(S ik W +2Wg(5,~)12mi}gz’v,. P,

u

6=
u 9=0
- (v S )
ATV 12:' ‘A/i_ {Wé(gi)fifiTVi_l +2Wg(§,~)12mi} %f/i—l;i
u
and

ot o 9°Li(0)

30231T f= é
1 ~—-10V; ~-10V;
:2tr<V[ Fys 2V a‘[T)
AT 19V, LT Wi g1,
vV, = 2V {W((S)rr vV, "ow, (6)1211!,}8_[_1-‘/[ ri.

Appendix C: Derivation of A matrix
Case-weight perturbation

In particular for the normal case we obtain

A, = 92L; (0|w)
ayawl 0=0, w=w(
o .19V, . i1, AV, A
EYITN P S AL NS Sl DY NC R PRAd Jar s § B

2 dy 0 dy

32L;(0|w) X\ Al

= —m —_— [ V r’

GV T P 'm‘<0) o

@ Springer



Elliptical linear mixed models with a covariate subject...

92L; (0w 72 P TAflA
, = LLiCe) _¢m—,-<yl'"r) v,
dpudw; 0=0, w=wy mi
32L; (0 L 10V L ra—10Via—1,
= DL (V) gV |
u do0w; |g_p. W= 2 do; do;
32L; (0 .19V, ~ 10V .
A(,z: i(0|w) _ _ mi tr Vll i AIT ll i llAl
30200; |95 weawp 2 o? do?
and
32L;(0|w) S . 19V; Tea—10Vi~—1,
TS T oo =——w\V, — |1V, —V,; rig,
3‘[]3&),' 9:@" w=wy 2 31']' 31’j

~ N A—1, N N .
where §; :rl-TV,- riandr; =W; — ;. forj=1,...,9 +s.
For the Student-¢ case we obtain

_ 9’Li(0lw)
4 Ay dw; 0=0. w=awy
i ~—-10V; A ~— al,,. oV, ~—
S |:tr (Vl- l—l> TRV o {2 (”’1’”’ ) + 0y lf,” :
2 dy 0 ay
92L; (0|w) X\ ool
= — = S V. Fi,
ﬂ 3,330), eza . plv( ) 0 1 r;
:M :p.v(g.)(ﬂmf)Tf/ﬂ;.
1 a'uawi 9:?57 oy i i lm,- i is
92L; (0 ; Vi .
A(,ZZ# _—%{tr<Vl —2>—v(8)f‘TV la v, A,},
0 0Wi 9=, p=w u
32L; (0 v, AV,
A= ‘_%{t (V’I—z>‘”(‘”T GetVi }
07 0w; 6=t/9\, w=wq
and
A — 92L; (0|w) _Pi v 1& oG6; )f‘TV 10V; ‘A/ .
T — afjaa)l‘ 9=§’ ooy - 1 a_[j _L_J i L >

@ Springer



@ Springer

J. A. Borssoi et al.
. A AT 1A ~ ~
where p; = 2m,+v\/l1// (%) -y’ (#), 8 = rlTVl» riandr; = W; — ;. fo
j=1,...,9+s.
Scale matrix perturbation

In general we obtain

2
L;
A, - 92L; (0|®)

3)/860,' 0_@ w=wy
N T
A A ~ Ml ; ATA—18V- ~A—1,
:,/fgiHW(;((Si)(Si‘i‘Wg((Si)} {2( Om) _ri Vi a—yl}vl ri,
32L;(0|w) X\ a1,
Ap = -2 fi{W(5)5+W(6)}( ) ViR
P 0BOW;  |9=7. wewy ¢ ¢ 0 .
9°Li(0]w) P\
A, = =2 Wy (8)8; + Wy (5 V, Fi,
e e RO VI [WiGs+wenf (7 ) ViR
32L;(0|w) STy 13V,» 1
A, = LLil0®) __ .{W88 WB] YT
o2 aguzawi 07 ooy fai (3:)3; + W (8i) 0,42 i Ti
3%L;(0|w) 1avl .
A, = 2 Lil0l®) - .{W88 W(S] LAARVInFY
= oTwr s o Fa We@bi + We G 7/ Vi =5V,
and
92L; (0w R 19V; o
A, = Li0le) —VTa {W )5 +Wg(8)} PV o Vi
aTj awi 0=§, w=wy()
~ AT =1 R
where§; =r; V;, riandr; =W, —

ﬁ,iw,forj = 1, ..,q+S.
Observed response perturbation

In general we obtain

A, = 32L; (0|w)
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32L;(0|w)
ﬂ ®; 0:§,w:w0
-2 (X T[vv(S-)I +2w’(3-)f-ﬂ}f/%f/‘1
= \/W 0 g\0i) I 2m; gOTil; i Vi oo
_ 9’Li(0|w)
L=
auaw’j— 0=0, w=w
2 );lm) ! A ST A%A—l
= ) Iw,éor +2W5rr}.v.,
\/W lm g( ) 2m, ( ) i i
92L; (0
oy = Ll
000w, =5, wewy
1
2 A .19V} .10V AL
= Wg(S,’) ;.lT 11 lz_AtT tl zlvzz
2dg; [m; 007 do;;
A 10Vial, .7p-l
—W; )V, ngi PRIV
u
27 .
A 3%L;(0|w)
o2 T T 5 T
2 T
000w, 0=0, wewn
1/2
2 A T-10V, Ta-190V; AL
= ———— W, () |7V, PV, —V. ?
\/W{ g(l)(z i 3(72 i i 30,2 i
A 10Vin—1, Tr—1
—W,GF V. oo ;V r,-rlTVl- 2}
and
92L;(0|w)
T = Al a7
070w, 9=, wcp
1
2 a | rac10VZE 10V, A1)
= VWG | # V-V, V2
V2dg; /m; ot ot

where §; =f*;rf/i riandr; = W; — iy, for j=1,...,q +s.

@ Springer



J. A. Borssoi et al.

References

Akaike H (1974) A new look at statistical models identification. IEEE Trans Autom Control 19:716-722

Arellano-Valle RB (2010) On the information matrix of the multivariate skew- model. METRON Int J Stat
68:371-386

Belsley DA, Kuh E, Welsch RE (1980) Regression diagnostics: identifying influence data and sources of
collinearity. Wiley, New York

Buonaccorsi JP (2010) Measurement error: models, methods, and applications. Chapman and Hall, London

Cao CZ, Lin JG, Zhu LX (2010) Heteroscedasticity and/or autocorrelation diagnostics in nonlinear models
with AR(1) and symmetrical errors. Stat Pap 51:813-836

Cook RD (1986) Assessment of local influence (with discussion). J R Stat Soc B 48:133-169

Cox D, Reid N (1987) Parameter orthogonality and approximate conditional inference. J R Stat Soc B
49:1-39

Cui H, Ng KW, Zhu L (2004) Estimation in mixed effects model with errors in variables. ] Multivar Anal
91:53-73

Demidenko E (2004) Mixed models: theory and applications. Wiley, Hoboken

Fang KT, Kotz S, Ng KW (1990) Symmetric multivariate and related distributions. Chapman & Hall, London

Fuller WA (2006) Measurement error models. Wiley, New York

Galea M, Giménez P (2016) Local influence diagnostics for the test of man-variance efficiency and sys-
tematic risks in the capital asset pricing model. Stat Pap. doi:10.1007/s00362-016-0838-8

Galea M, Paula GA, Uribe-Opazo M (2003) On influence diagnostic in univariate elliptical linear regression
models. Stat Pap 44:23—45

Hirdle WK, Simar L (2012) Applied multivariate statistical analysis, 3rd edn. Springer, New York

Harrison D, Rubinfeld DL (1978) Hedonic prices and the demand for clean air. J Environ Econ Manag
5:81-102

Ibacache-Pulgar G, Paula GA, Galea M (2012) Influence diagnostics for elliptical semiparametric mixed
models. Stat Model 12:165-170

Johnson NL, Kotz S, Balakrishnan N (1994) Continuous univariate distributions, 2nd edn. Wiley, New York

Laird NM, Ware JH (1982) Random-effects models for longitudinal data. Biometrics 38:963-974

Lange KL, Little RJ, Taylor JMG (1989) Robust statistical modeling using the ¢ distribution. J Am Stat
Assoc 84:881-896

Lemonte AJ, Patriota AG (2011) Multivariate elliptical models with general parametrization. Stat Methodol
8:389-400

Lindsey JK (1999) Multivariate elliptically contoured distributions for repeated measurements. Biometrics
55:1277-1280

Longford NT (1993) Random coefficient models. Oxford University Press, New York

Nakamura T (1990) Corrected score function for errors-in-variables models: methodology and application
to generalized linear models. Biometrika 77:127-137

Osorio F, Paula GA, Galea M (2007) Assessment of local influence in elliptical linear models with longi-
tudinal structure. Comput Stat Data Anal 51:4354-4368

Pinheiro JC, Liu C, Wu YN (2001) Efficient algorithms for robust estimation in linear mixed-effects models
using the multivariate 7-distribution. J Comput Graph Stat 10:249-276

Poon W, Poon YS (1999) Conformal normal curvature and assessment of local influence. J R Stat Soc B
61:51-61

Relvas CEM, Paula GA (2016) Partially linear models with first-order autoregressive symmetric errors. Stat
Pap 57:795-825

Riquelme M, Bolfarine H, Galea M (2015) Robust linear functional mixed models. J Multivar Anal 132:82—
98

Russo C, Paula GA, Aoki R (2009) Influence diagnostics in nonlinear mixed-effects elliptical models.
Comput Stat Data Anal 53:4143-4156

Savalli C, Paula GA, Cysneiros FJA (2006) Assessment of variance components in elliptical linear mixed
models. Stat Model 6:59-76

Staudenmayer J, Lake EE, Wand MP (2009) Robustness for general design mixed models using the ¢-
distribution. Stat Model 9:235-255

Wang N, Heckman N (2009) Identifiability in linear mixed models. Technical report. Department of Statis-
tics, University of British Columbia, Vancouver

@ Springer


http://dx.doi.org/10.1007/s00362-016-0838-8

Elliptical linear mixed models with a covariate subject...

Welsh AH, Richardson AM (1997) Approaches of the robust estimation of mixed models. In: Maddala GS,
Rao CR (eds) Handbook of statistics, vol 15. Elsevier, Amsterdam, pp 343-384

Wu L (2010) Mixed effects models for complex data. Chapman and Hall, New York

Zare K, Rasekh A (2011) Diagnostic measures for linear mixed measurement error models. SORT 35:125-
144

Zhang D, Lin X, Raz J, Sowers M (1998) Semiparametric stochastic mixed models for longitudinal data. J
Am Stat Assoc 93:710-719

Zhong XP, Fung WK, Wei BC (2002) Estimation in linear models with random effects and errors-in-
variables. Ann Inst Stat Math 54:595-606

Zhu H, Ibrahim JG, Lee S, Zhang H (2007) Perturbation selection and influence measures in local influence
analysis. Ann Stat 35:2565-2588

@ Springer



	Elliptical linear mixed models with a covariate subject to measurement error
	Abstract
	1 Introduction
	2 The model
	3 Parameter estimation
	3.1 Score function
	3.2 Fisher information matrix
	3.3 Computation of the maximum likelihood estimates

	4 Prediction of the random effects and covariate measured with error
	5 Simulation study
	6 Diagnostic methods
	6.1 Goodness-of-fit methods
	6.2 Local influence
	6.2.1 Selecting the perturbation scheme
	Case-weight perturbation
	Normal case
	Student-t case
	Scale matrix perturbation
	Observed data perturbation


	7 Application
	Proposed model
	Fitting the models
	Diagnostic analysis

	8 Concluding remarks
	Acknowledgements
	Appendix A: Derivation of the Fisher information matrix
	Fisher information for γ
	Fisher information submatrix for β
	Fisher information for µ
	Fisher information for σ2u
	Fisher information for σ2
	Fisher information submatrix for τ
	Fisher information submatrix for γ and β
	Fisher information for γ and µ
	Fisher information for γ and σ2u
	Fisher information for γ and σ2
	Fisher information submatrix for γ and τ
	Fisher information submatrix for β and µ
	Fisher information for σ2u and σ2
	Fisher information submatrix for σ2u and τ

	Fisher information submatrix for σ2 and τ

	Appendix B: Derivation of the Hessian matrix
	Appendix C: Derivation of Δ matrix
	Case-weight perturbation
	Scale matrix perturbation
	Observed response perturbation

	References




