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Resumo

Estudos longitudinais envolvendo resultados de laboratério, medig¢oes repetidas podem
ser censuradas devido aos limites de detec¢ao do ensaio. Por exemplo, em ensaios clinicos
de AIDS, as medigoes de RNA do HIV-1 sao coletadas irregularmente ao longo do
tempo e geralmente estao sujeitas a alguns limites superiores e inferiores de deteccgao,
dependendo dos ensaios de quantificagdo. Para analisar esses dados, varias abordagens
utilizando modelos de efeitos mistos lineares e nao lineares censurados tém sido propostas
na literatura. Uma complicagao surge quando a forma paramétrica dos modelos de efeitos
mistos parece muito restritiva para caracterizar a complexa relagao entre uma variavel de
resposta e suas covariaveis ao longo do tempo. Nesta tese, propomos o uso de modelos
mistos semiparamétricos para analisar dados longitudinais censurados, estendendo os
modelos de efeitos mistos lineares censurados e fornecendo um esquema de modelagem
mais flexivel, permitindo modelar o valor esperado da variavel resposta através de uma
funcao arbitraria do tempo e de func¢des paramétricas das covariaveis. Além disso, uma
suposicao comum de distribuicao para modelos de efeitos mistos é a distribuicdo normal
para erros aleatorios e efeitos aleatorios. Essa suposicdo pode nao ser robusta contra
desvios da normalidade e pode levar a uma inferéncia enganosa ou tendenciosa. Portanto,
também estendemos os modelos mistos semiparamétricos com erros normais a erros com
distribui¢ao t multivariada e também estendemos os modelos de efeitos mistos lineares/néao
lineares a erros com distribuicao skew-normal, a fim de permitir distribui¢des com caudas

mais pesadas que a normal.

Palavras-chave: Dados censurados. Algoritmo EM. Dados longitudinais. Modelos de

efeitos mistos. Modelo misto semiparamétrico.



Abstract

Longitudinal studies involving laboratory results, repeated measurements can be censored
due to assay detection limits. For example, in HIV/AIDS clinical trials, the HIV-1 RNA
measurements are collected irregularly over time and are often subject to some upper and
lower detection limits, depending on the quantification assays. For analyzing such data,
several approaches using censored linear and nonlinear mixed-effects models have been
proposed in the literature. A complication arises when the parametric form of mixed effects
models appears too restrictive to characterize the complex relationship between a response
variable and its covariates over time. In this thesis, we propose the use of semiparametric
mixed models to analyze censored longitudinal data extend censored linear mixed-effects
models and provide a more flexible modeling, allowing to model the expected value of
the response variable through an arbitrary function of time and parametric functions of
covariates. In addition, a common assumption of the distribution for mixed-effect models is
the normal distribution for random errors and random effects. This assumption may not be
robust against deviations from normality and may lead to a misleading or biased inference.
Therefore, we also extend the semiparametric mixed models with normal errors to errors
with multivariate-t distribution, and also, we extend the linear /nonlinear mixed-effects
models to errors with skew-normal distribution, in order to allow distributions with tails

heavier than normal.

Keywords: Censored data. EM algorithm. Longitudinal data. Mixed-effects models.

Semiparametric mixed model.
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Chapter 1

Introduction

1.1 Background and motivation

Longitudinal studies are common in epidemiological and biomedical research.
In these studies, measurements of one or more variables are made repeatedly over time for
a group of subjects. A key feature of longitudinal data is that the repeated measurements
of a variable within a subject tend to be correlated with each other, that is, there may
be within-individual correlations. The measurements across subjects are usually assumed
to be independent. Due to the within-individual correlations and the between-individual
variations in longitudinal data, classical regression models for cross-sectional data, such
as linear or generalized linear models, are not appropriate for longitudinal data analysis.
Parametric regression models, such as linear mixed-effects (LME) models (Laird & Ware,
1982) have proved to be valuable tools for analyzing continuous longitudinal data. With the
incorporation of subject-specific random effects, LMEs can properly model the correlation

of longitudinal data.

As an example of longitudinal data, we may consider an AIDS (acquired
immunodeficiency syndrome) study. The HIV (human immunodeficiency virus) progress
status is usually measured via HIV-1 viral RNA (viral load) or CD4 cell count in the
plasma. CD4 cell count is more often used as an endpoint for long follow-up trials or
advanced patients population, but for trials with short follow-up periods, viral load is often
used as a primary endpoint to quantify treatment effect, where CD4 cell count is viewed as
a covariate to help predict virologic responses. Since the viral load is measured repeatedly
from the beginning of the treatment, the measures obtained from the same subject may
be correlated but can be assumed to be independent if obtained across different subjects.
A powerful tool to handle such longitudinal data is mixed-effects modeling, where linear
and nonlinear mixed-effects (LME/NLME) modeling approaches have been proposed in
HIV dynamics (Wu et al., 1998; Wu, 2005).

Another complexity of longitudinal data is when the response in a longitudinal
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study is a laboratory-based outcome, in this study censoring may occur due to the upper
and/or lower detection limits of an assay. Examples of such censored longitudinal data
arise from a variety of research areas (Moulton & Halsey, 1995; Singh & Nocerino, 2002).
Censoring can be left, right or interval-censored, typical examples of left censored longitu-
dinal data are from HIV studies, where the detection of viral load in blood compartment

is often limited by the sensitivity of a laboratory-performed assay.

Many statistical approaches have been developed to deal with longitudinal data
containing censored measurements within the mixed-effects model framework. A simple
and ad hoc approach is to substitute the censored measurements with the value of the
full or half detection limit, which was shown to produce biased estimates (Hughes, 1999;
Jacqmin-Gadda et al., 2000). As alternatives to these crude imputation techniques, Vaida
& Liu (2009) proposed expectation-maximization (EM) schemes for LME/NLME models
with censored responses (LMEC/NLMEC).

Although LMEs are useful tools for analyzing longitudinal data, an important
assumption of LMEs is that the response variable is linearly related to its covariates by a
known function. Commonly, this linear regression function is not straightforward to derive
due to the lack of sufficient understanding of scientific problems. In other situations, the
linear parametric form of LMEs appears too restrictive to be used to address the complex
relationship between a response variable and covariates. To overcome this difficulty, a
more general and robust modeling tool is needed, which motivates the development of

nonparametric regression models.

In the last years, nonparametric and semiparametric regression models, that
provide great flexibility in modeling covariate effects of longitudinal data, have been
extensively investigated. Instead of using a linear predictor, these models formulate
the relationship between the response variable and certain covariates through arbitrary
functions, and the unknown functions are estimated using nonparametric smoothing
techniques. Hence, semiparametric regression models have gained increasing attention
in longitudinal data analysis due to their flexible structure. As implied by the name,
semiparametric regression models incorporate both parametric and nonparametric forms
of covariate effects, and therefore enjoy the flexibility of nonparametric regression models
while retaining nice properties such as easy implementation and good interpretability
of parametric models. There are a rich literature on the development of semiparametric
regression models for longitudinal data analysis, for example, Zeger & Diggle (1994);
Ruppert et al. (2003); Arribas-Gil et al. (2015); Szczesniak et al. (2015).

However, these developments are in general made on the assumption of normal
errors. Some works have investigated alternative distributions for the errors in multivariate
and repeated-measures problems with indications of light- or heavy-tailed distributions.

Pinheiro et al. (2001) proposed a robust hierarchical linear mixed model in which the



Chapter 1. Introduction 20

random effects and the within-subject errors have a multivariate t-distribution. Lachos et al.
(2010) proposed a robust generalization of LME, called the skew normal/independent linear
mixed (SNI-LME) model, by assuming a skew normal/independent (SNI) distribution
(Branco & Dey, 2001) for the random effects and a normal/independent distribution for the
random errors. Ibacache-Pulgar et al. (2012) extend semiparametric mixed linear models
with normal errors to elliptical errors in order to permit distributions with heavier and
lighter tails than the normal ones. In the context of censored responses, Matos et al. (2013b)
proposed an EM algorithm for linear and nonlinear mixed-effects models with censored
response using the multivariate Student’s t-distribution (t-LMEC/t-NLMEC). Bayesian
proposals in the context of heavy-tailed include Lachos et al. (2011) who adopted a Bayesian
approach to carry out posterior inference for censored linear and nonlinear mixed-effects
models considering a class of thick-tail distributions (the so called normal/independent
proposed by Lange & Sinsheimer (1993)) as the joint distribution of the error term
and random effects, while Bandyopadhyay et al. (2012, 2015) studied the LMEC model
considering both skewness and heavy-tails. Most recently, Castro et al. (2019) proposed a
Bayesian flexible semiparametric approach to model censored longitudinal data, where
the random error of the model is normally distributed and the random effects follow a

skew-normal distribution.

This thesis is devoted to a series of chapters that use different models and
techniques to deal with censored data, in particular, HIV/AIDS clinical trials. As a result,
we have implemented different approaches to modeling longitudinal the censored data.

The organization of the thesis is as follows:

Chapter 2: We propose semiparametric mixed models to analyze censored
longitudinal data with irregularly observed repeated measures. The proposed model ex-
tends the censored LME model and provides more flexible modeling schemes by allowing
the time effect to vary nonparametrically over time. We develop an EM algorithm for max-
imum penalized likelihood (MPL) estimation of model parameters and the nonparametric
component. Further, as a byproduct of the EM algorithm, the smoothing parameter is
estimated using a modified LME model, which is faster than alternative methods such
as the restricted maximum likelihood (REML) approach. Finally, the performance of the
proposed approach is evaluated through extensive simulation studies as well as application
to dataset from AIDS study.

Chapter 3: We extended the semiparametric mixed model for longitudinal
censored data with normal errors to Student’s-t erros. This models allows flexible functional
dependence of an outcome variable on covariates by using nonparametric regression,
while accounting for correlation between observations by using random effects. Penalized
likelihood equations are applied to derive the maximum likelihood estimates which appear

to be robust against outlying observations in the sense of the Mahalanobis distance. We
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estimate nonparametric functions by using smoothing splines jointly estimate smoothing
parameter by the EM algorithm. Finally, the performance of the proposed approach is
evaluated through extensive simulation studies as well as application to dataset from AIDS

study.

Chapter 4: Although normal distributions are commonly assumed for random
effects, such assumption may be unrealistic obscuring important features of among-
individual variation. We relax this assumption by consider a likelihood-based inference
for linear and nonlinear mixed effects models with censored response (NLMEC/LMEC)
based on the multivariate skew-normal distribution. An ECM algorithm is developed for
computing the maximum likelihood estimates for NLMEC/LMEC with the standard errors
of the fixed effects and the exact likelihood value as a by-product. The algorithm uses
closed-form expressions at the E-step, that rely on formulas for the mean and variance of a
truncated multivariate skew-normal distribution. It is applied to analyze longitudinal HIV
viral load data in two recent AIDS studies. In addition, a simulation study is conducted

to examine the performance of the proposed methods.

Chapter 5: We present final remarks and perspectives for future research
related to this thesis.

In the following sections of Chapter 1, we provide a brief description of the
EM algorithm, which will be used in our developments to find, for instance, the maximum
likelihood estimates of the model parameters and the damping exponential correlation

(DEC) structure. Also, we describe the data sets used in the applications of the thesis.

1.2 The EM algorithm

The EM algorithm (Dempster et al., 1977) is a popular iterative algorithm
for maximum likelihood (ML) estimation in models when the data has missing/censored
observations and/or latent variables. More specifically, let y,,s denote the observed data
and y,;s denote the missing data. The complete data Yeom = (Yobs, Ymis) 1S Yobs augmented
With Yonis, and Leom (0|Yeom) = 10g(f(Yeom|@)) the complete-data log-likelihood function
of a parameter vector 8 € ©. The EM algorithm consists basically of two steps: the
FEzxpectation step (E-step) and the Mazimization step (M-step). Each iteration is performed

as follows:

~(k ~(k
E-step: Calculate the conditional expectation Q(0|0( )) =E [Ecom(9|ycom)|y, 0' )],

~ (K
where 0( ) is the estimate of @ at the k-th iteration.

M-step: Find 8 such that Q(6"[0®) = %‘axQ(Bla(k)).
€0

These steps are performed iteratively in e, (0|ycom) until it reaches the convergence.
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When the M-step in the EM algorithm is difficult to implement, it is often
useful to replace it with a sequence of constrained maximization (CM) steps, each of which
maximizes Q(6|6"%)) over @ with some function of @ held fixed. The sequence of CM-steps
is such that the over all maximization is over the full parameter space. This leads to a
simple extension of the EM algorithm, called the ECM algorithm (Meng & Rubin, 1993).
A further extension of the EM algorithm is the ECME algorithm (Liu & Rubin, 1994).
This algorithm replaces each CM-step of ECM with a CM-step that maximizes either the
constrained Q-function, as in ECM, or the correspondingly constrained likelihood function.
Liu & Rubin (1994) showed that ECME typically shares with EM the simplicity and
stability, but has a faster rate of convergence, especially for the Student’s t-distribution

with unknown degrees-of-freedom.

1.3 Damped exponential correlation structure (DEC)

Following Munoz et al. (1992), the damped exponential correlation (DEC)

structure is defined as:
Ez‘ :El(d),tl) = [ |1tij_tik‘¢2:| y 1= 1,...,n,j,k: 1,...,774, (11)

where t; = (t;,...,ts,) is a vector of time points for subject i and ¢ = (¢, ¢2)'. The
parameter ¢, is the correlation between observations separated by one t-unit in time, and
the “scale parameter” ¢, permits attenuation or acceleration of the exponential decay of
the autocorrelation function defining a continuous-time autoregressive (AR) model. From

a practical point of view and in order to avoid computational problems, the parameter
space of ¢ and ¢ is confined within ¢ = {(¢1,¢2) : 0 < ¢ < 1,¢5 = 0}.

For nonnegative ¢, the correlation structure given in (1.1) produces a variety

of standard correlation structures upon fixing the damping parameter ¢, as follows:

1. if ¢3 = 0, then E; is the compound symmetry correlation structure (CS);

2. when 0 < ¢9, 1, then E; presents a decay rate between the compound symmetry and
AR(1) model;

3. if o = 1, then E; generates an AR(1) structure;
4. when ¢y > 1, then E; presents a decay rate faster than that of AR(1).

5. if ¢pg — o0, E; yields MA(1), the moving average model of order 1.

1.4 Case studies

In this section we present the motivating datasets, which will be analysed in
this thesis.
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1.4.1 ACTG 315 data

The AIDS Clinical Trials Group (ACTG) protocol 315 considers 46 HIV-
1 infected patients treated with a potent antiretroviral regimen consisting of protease
inhibitor and reverse transcriptase inhibitor drugs. Before initiating the antiretroviral
regimen, all patients discontinued their own antiretroviral regimen for five weeks as a
“washout" period. The aim of this antiretroviral regimen is to show that immunity can be

partially restored in people with moderately advanced HIV disease.

The viral load was quantified irregularly on days 0, 2, 7, 10, 14, 21, 28, 56, 84,
168 and 196 after start of treatment, generating 361 observations. CD4" cell counts were
also measured along with viral loads. Measurements below the detectable threshold of 100
copies/mL (40 out of 361, i.e, 11% censored observations) were considered left-censored,
and the censoring mechanism was assumed to be independent of the complete data. The
number of measurements per subject varied from 4 to 10. Figure 1a displays the individual
profiles of the viral loads. As can be seen, the HIV-1 RNA levels changed over time in a
nonlinear manner. Moreover, a variation in the intercept among individuals is also observed.
In Figure 1b, we display a scatter plot of the viral load and CD4" cell counts, showing
an inverse relationship between viral and the CD4" cell count, i.e., high CD4" cell count
leads to lower levels of viral load. This is because the CD4" cells (also called T-cells)
alert the immune system in case of invasion by viruses and/or bacteria. Consequently, a
lower CD4" count means a weaker immune system. For a more detailed description of the
HIV/AIDS study, we refer the interested reader to Landay et al. (1998) and Kotzin et al.
(2000).

log10 HIV-1 RNA
10g10 HIV-1 RNA

Figure 1 - ACTG 315 data. (a) Individual profiles for HIV viral load (in log;, scale) at
different follow-up times. Dotted line indicates the censoring level. (b) Scatter
plot of the CD4™ cell counts against viral loads (in log;, scale). Gray line is a
regression line between y ~ CD4™.
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1.4.2 AbQ055 data

The ACTG protocol A5055 was a phase I/11, randomized, open-label, 24-week
comparative study of the pharmacokinetics, tolerability, safety and antiretroviral effects
of two regimens of indinavir, ritonavir and two nucleoside analogue reverse transcriptase
inhibitors on HIV-1 infected patients. A more detailed description of this study and data
can be found in Acosta et al. (2004).

In this study, 44 patients were randomized in one of two regimens and plasma
HIV-1 RNA (viral load) was measured (copies/mL) in blood samples collected irregularly
on study days 0, 7, 14, 28, 56, 84, 112, 140, and 168 of follow-up. The nucleic acid sequence-
based amplification assay (NASBA) was used to measure plasma HIV-1 RNA, with a lower
limit of quantification of 50 copies/mL, and there were 102 out of 308 (around 33.12%)
RNA viral load measurements below the detection limit, so there was left censoring. A
series of potentially explanatory variables was collected at the same time. For the data
analysis, we consider only the covariates CD4" and CD8" cell counts. The number of
measurements per subject varied from 1 to 8. Figure 2a shows the longitudinal trajectories
of RNA viral load (in log-base-10 scale) across days for patients. It can be noted that the
viral load trajectory is complex and is substantially different across individuals. Figures
2b and 2c display the individual trajectories of CD4% and CD8™ cell counts, respectively.
Previous studies show that CD4" cells and CD8" cells are immunologic markers, providing
a way of prognosticating the status of progression from HIV to AIDS. HIV-1 infection and
AIDS are characterized by a significant and progressive destruction of CD4% cells, which
results in a weakened immune system that can no longer fight infections. In addition to
the steady decline of CD4" cells during infection, there is a concomitant increase in CD8*

cells as part of the normal immune response to viral infection (Stevens et al., 2006).

4000 -
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(a) (b) (c)

Figure 2 — A5055 data. Individual profiles for HIV viral load (in log;, scale), CD4™ and
CD8" cell count at different follow-up times. Dotted line indicates the censoring
level.
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1.4.3 AIEDRP data

The AIEDRP data set consists of longitudinal HIV RNA measurements taken
on 320 subjects from the Acute Infection and Early Disease Research Program (AIEDRP),
a large multicenter observational established to develop and evaluate data from studies
of patients with acute or recent HIV infection. During the acute stage of infection, the
large HIV RNA observations may lie above the limit of quantification of the assay, which
we treat as right-censoring. This limit was between 75,000 and 500,000 copies/milliliter,
depending on the assay. The time of infection was estimated at 24 days prior to first
positive HIV RNA sample or detectable serum p24 antigen test. The subjects had between
one and 14 observations: 129 had one, 82 had two, and 109 had three or more observations.
Of the 830 recorded observations, 185 (22%) were above the limit of quantification of the

126
°

log10 HIV RNA
a
©

253

50 100 150
Days since infection

Figure 3 - AIEDRP data. Individual profiles (in log,, scale) for HIV viral load at
different follow-up times.

assay. In the absence of treatment, following acute infection the HIV RNA decreases and
then varies around a setpoint value. This setpoint value may differ between individuals,
and is of central interest here. The viral setpoint characterizes the severity of infection, it
may relate to the strength of the subject’s immune system, and it may predict clinical

progression of the disease. The individual profiles are shown in Figure 3.

1.4.4 UTI data

The UTTI data is referred to a study of 72 children and adolescents who had
HIV-1 infection and stopped their medications at 4 academic centers in the United States
between January 2000 and September 2004. An unstructured treatment interruption (UTI)
is an issue in the adolescent population, because the potential alternative of suboptimal

adherence can lead to antiretroviral resistance and diminished treatment options in the
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future; however, there is little information on the clinical, virologic, and immunologic
outcomes of UTI in pediatric and adolescent populations. The aim of this study was
to monitor the HIV-1 viral laod (RNA) after unstructured treatment interruption. The
subjects in the study had taken ARV therapy for at least 6 months before UTI, and the
medication was discontinued for more than 3 months. The HIV viral load were studied
from the closest time points at 0, 1, 3, 6, 9, 12, 18, 24 months after UTI. The number of
observations from baseline(month 0) to month 24 are 71, 62, 58, 57, 43, 34, 24, and 13,
respectively. Out of 362 observations, 26(7%) observations were below the detection limits
(50 or 400 copies/mL) and were left-censored at these values. The individual profiles are

shown in Figure 4.

log10 HIV-1 RNA
IS @
.

w
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Figure 4 — UTI data. Individual profiles (in logl0 scale) for HIV viral load at different
follow-up times.
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Chapter 2

A semiparametric mixed-effects

model for censored longitudinal data

2.1 Introduction

Longitudinal studies are used in many fields of research, including epidemiology,
clinical trials, and survey sampling. Parametric mixed-effects models are powerful tools to
model the relationship between a response variable and covariates in longitudinal studies.
LME models and nonlinear mixed-effects (NLME) models are the two most popular
examples. These models have been extensively studied in the literature and applied to
analyze longitudinal data (Davidian & Giltinan, 1995; Pinheiro & Bates, 2006; Diggle,
2002; Wu, 2010). One difficulty that arises in longitudinal data analysis is when the
response is censored for some of the observations, that is, the measurements collected
over time and the assay procedure may be subject to upper and lower detection limits.
Typical examples of censored longitudinal data are from Human Immunodeficiency Virus
(HIV) studies, where the detection of the viral load (the number or virus RNA copies)
in the blood compartment is often limited by the sensitivity of a laboratory assay. With
the advance of effective antiviral treatments, in some cases the HIV copy number can be

extremely low and beyond the detection limit, which leads to left-censoring.

Several statistical approaches have been developed to deal with longitudinal data
with censored measurements in the LME framework. Hughes (1999) proposed a likelihood
method based on Monte Carlo EM (MCEM) for LME with censored responses (LMEC).
Vaida & Liu (2009) proposed an EM algorithm to compute the maximum likelihood (ML)
and restricted maximum likelihood (REML) for linear and nonlinear mixed effects models
with censored responses (LMEC/NLMEC), which uses closed-form expressions at the
E-step. Matos et al. (2013a) presented influence diagnostics and perturbation schemes
for the LMEC and NLMEC models. For a robust estimation of longitudinal data in the

presence of potential outliers or atypical observations, Pinheiro et al. (2001) proposed a
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robust extension of the LME model by considering a joint multivariate-t distribution for
the random effects and within-subject errors, called the Student-t LME (t-LME) models.
More recently, Matos et al. (2013b) developed an EM-type algorithm for computing the ML
estimates for NLMEC/LMEC based on the multivariate Student’s t-distribution, named
t-NLMEC/t-LMEC. Furthermore, Lachos et al. (2019) proposed a flexible longitudinal
LME model for multiple censored LME models based on the symmetric class of scale
mixtures of normal (SMN) distributions, where an stochastic approximation of the EM
(SAEM) algorithm is proposed to compute the ML estimates of the model parameters
and to take into account the autocorrelation existing among irregular observations, and a

damped exponential correlation (DEC) structure is considered.

Although LME models are useful tools for analyzing longitudinal data, an
important assumption for these models is that the response variable is a known parametric
function of both fixed effects and random effects. However, this assumption is not always
satisfied in practical applications. To overcome this difficulty, a more general and robust
modeling tool is needed, which motivates the development of nonparametric regression
models (Green & Silverman, 1994; Wang, 1998a; Rice & Wu, 2001). Nonparametric models
are more robust against the model assumptions but they are usually more complex and
less efficient. Semiparametric models are a good compromise and retain nice features of
both parametric and nonparametric models. In semiparametric models, the parametric
components are often used to model important factors that affect the response and the
nonparametric component is often used for nuisance factors. Semiparametric regression
models for longitudinal data have gained increasing attention due to their flexible structure.
For example, Zeger & Diggle (1994) proposed a semiparametric model where a nonpara-
metric function is used to model the time effect, and a random intercept together with a
Gaussian stochastic process is used to account for the within-subject correlation. Zhang
et al. (1998) extended the Zeger & Diggle (1994) model to a more general class of models
named semiparametric stochastic mixed models and proposed various stationary and
nonstationary stochastic processes to model serial correlation. Vock et al. (2011) developed
a mixed model framework for censored longitudinal data in which the random effects
are represented by the flexible seminonparametric (SNP) density, and showed through
simulations that this approach can lead to reduced bias and increased efficiency relative to

assuming Gaussian random effects.

The literature contains many works about semiparametric models for longitu-
dinal data, but to the best of our knowledge there are no studies of semiparametric mixed
effects models for longitudinal irregularly observed censored data (SMEC). Motivated by
this, the aim of this work is to perform a study of statistical inference in the SMEC model,
in which the estimators of the regression coefficients and the nonparametric function of
time are obtained using the EM algorithm for MPL estimation. A major challenge facing

the penalized likelihood approach is estimation of the smoothing parameters (Wood, 2004).
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There are several proposals to estimate this parameter, the most popular approaches
being the generalized cross-validation (GCV), Akaike information criterion (AIC) and
maximum restricted likelihood (REML). A drawback of these methods is that they are
usually unstable and computationally expensive. In this article, as a byproduct of the
EM algorithm, the smoothing parameter is estimated using a modified parametrization
LME model, which is faster than those alternative methods. The autocorrelation existing
among irregularly observed measures is modeled for the parametric damped exponential
correlation (DEC) structure as proposed by Munoz et al. (1992), this correlation structure

allows us to deal with unequally spaced and unbalanced observations.

The rest of this chapter is structured as follows. Section 2.2 presents the
multivariate normal and some of its keys properties. In Section 2.3, we introduce the
SMEC model and the estimation and inference are outlined. Details of the EM algorithm as
well as the derivation of the standard errors are also presented in this Section. A discussion
about the estimation of the semiparametric degrees of freedom and the smoothing parameter
are given in Section 2.4. Section 2.5 presents the results of simulation studies conducted
to analyze the performance of the proposed methods. The analyses of two longitudinal

datasets are presented in Section 2.6. Finally, some concluding remarks are given in Section
2.7.

2.2 The multivariate normal

A random variable Y is said to follow a p-variate normal distribution with
mean vector pu and variance matrix 3 (positive definite), denoted by N,(u,X), if the
probability density function (pdf) of Y, is given by

oty D) = Gl e {5 by - w27 -}

2
where ®,(-|a, A) and ¢,(-]a, A) are the cdf and pdf, respectively, of N,(a, A). In order to

introduce some notation, for a normal random vector, we establish the following which is

important for our subsequent research.
Proposition 1. Let Y ~ N,(u,X) and Y is partitioned as Y = (Y{,Y;)", with

211 212
> and p = (pi,py)"

dim(Y1) = p1, dim(Y2) = p2, p1 + p2 = p, and X =
o1 Mo

be the corresponding partitions of 3 and w. Then
(1) Y1~ Ny, (py, 1),
(ii) The conditional distribution of Yo|Y1 =y is given by

Y2|Y1 =Y~ sz <M2.17 §322.1) s

where Ygp 1 = Yoy — 2212f11212; Moy = Ho + 22121711(}’1 - H1)~
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Now, let TN, (p, 3; A) represent a p-variate truncated normal distribution for
N,(p, X) lying over the truncation region A = {(y1,...,y,) € R’ 1 a1 <yy < by,...,q, <
yp < b} = {y € R? : a <y < b}. Specifically, we say that the p-dimensional vector
Y ~ TN,(p, X; A), if its density is given by:

iyl i) = B )

2.3 The semiparametric mixed effects model with censored responses

2.3.1 The model

Ignoring censoring for the moment, suppose that in a longitudinal study
there are n subjects, with the ith subject having n; observations over time. Denote
by yi = (Yi1,.--,¥Yim,) the vector of observed responses for the ith subject at time

t; = (ti,...,tm,) . The semiparametric mixed-effects model is specified as follows:

yi=XiB+Zb; + Nif + €, (2.1)

where b; < N,(0,D) is independent of ¢; ind- N,.,(0,€;),i = 1,...,n, X; is the n; x p

design matrix corresponding to the p x 1 vector of fixed-effects B, and Z; is the n; x ¢
design matrix corresponding to the ¢ x 1 vector of random effects b;. Let t® = (¢9,...,¢%)T
be a vector of ordered distinct values of the time points ¢;;. Then N; is the incidence matrix
(n; x r) for the ith subject connecting t; and t° such that the (j, s)th element of N; equals
the indicator function I(t;; = t°) for j=1,...,n;and s = 1,...,7, f = (f{#9),..., F(E2)T
is an r x 1 vector, with f(-) an arbitrary twice-differentiable smooth function of time, and
€; is the n; x 1 vector of random errors. The dispersion matrix D = D(«) depends on the
unknown and reduced parameter vector ax of dimension g. The correlation structure of
the error vector is assumed to be €; = 0°E;, where the n; x n; matrix E; incorporates a
time-dependence structure. Following Mutioz et al. (1992), as described in Section 1.3, we
adopt a DEC structure for E;, which is defined as:

E: = Ei(gst) = o] i=1 o k=1 n

where ¢ = {(¢1,02) : 0 < ¢1 < 1,¢2 = 0}, ¢ is the correlation between observations
separated by one t-unit in time and ¢5 is the “scale parameter”, which permits attenua-
tion or acceleration of the exponential decay of the autocorrelation function, defining a
continuous-time autoregressive model. Examples of particular cases in this family of corre-
lation structures include the compound symmetry (CS), AR(1), and MA(1) correlation
structures when ¢, takes the values 0,1, and oo, respectively. A more detailed discussion
of the DEC structure can be found in Munoz et al. (1992).

Before proceeding further, we introduce some notation. Let y = (y{,...,y,.)',
X=X, ., X)" N=(N/,...N)", e=(¢,...,€))7, and Z = diag(Z,, ..., Z,).

’rTn
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Then model (2.1) can be written as:
y = X8+ Nf + Zb + ¢, (2.2)

where b = (b/,...,b!)T is N,,,(0, D(av)), with D(cx) = diag(D, ..., D) and € is Ny (0, Q),
with @ = diag(Qy,...,Q,). The matrix [X, NT] must be of full column rank, where

T = [1,t°] and 1 is an r x 1 vector of 1’s.

As mentioned earlier, the proposed model also considers censored observations,

i.e., we assume that the response y;; is not fully observed for all , j. Let the observed data

for the i-th subject be (V;, C;), where V; represents the vector of uncensored readings

(Vi; = Vi) or censoring interval (Vy;5, Va;5), and C; is the vector of censoring indicators,
such that:

i = it Vi < iy < Vayg, (2.3)

0 if Yij = Voi

forallie {1,...,n}andj e {1,...,n},ie., C;; = 1if y;; is located within a specific interval.

Note that for a right-censored observation Vs;; = 00, and for a left-censored observation

Vii; = —oo. The model defined in (2.1)-(2.3) is henceforth called the DEC-SMEC model.

Notice that in the absence of the nonparametric function N;f , 2 =1,...,n, in
(2.1)-(2.3), the DEC-SMEC model reduces to the DEC-LMEC model proposed by Matos
et al. (2016) (see also, Vaida & Liu, 2009), and in the absence of the random effects term b;
(other terms in (2.1) remaining intact), the DEC-SMEC model reduces to the well-known
partial linear model (Ibacache-Pulgar et al., 2013). Finally, when 8 = 0, the DEC-SMEC

model reduces to the nonparametric mixed model developed by Wang (1998a).

2.3.2 The log-likelihood function

Following Vaida & Liu (2009), frequentist inference on the parameter vector
0= (B",fT,0%,a’,¢")" is based on the marginal distribution of y;. For complete data,
we have marginally that y; ind- Ny, (1, 25), where p; = X;8 +N,f and 3; = Q; + Z,DZ/,
with the non-parametric component representing some fixed function. For responses with
censoring pattern as in (2.3), we have y;|V,;,C; ~ TN, (u;, 2i; A;), where TN,,.(.; A)
denotes the truncated normal distribution on the interval A, where A; = A;; x ... x A;p.,
with A;; being the interval (—oo, ) if C;; = 0 and the interval (V3;5, Va;;] if Ci; = 1. To
compute the likelihood function associated with the model defined by (2.1) and (2.3), the

first step is to treat separately the observed and censored components of y;.

Let y? be the n?-vector of observed outcomes and y§ be the n;-vector of censored

observations for subject ¢ with (n; = nj + ny) such that C;; = 0 for all elements in y7, and
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1 for all elements in y;. After reordering, y;, V;, p,;, and ¥; can be partitioned as follows:

DI Vet
yi = vec(y{,ys), Vi = vee(V7, Vi), pi = (uf, ) and 33; = ( S0 e ) :
where vec(.) denotes the function which stacks vectors or matrices of the same number of
columns. Then, we have

y? ~ Nno(l'l’z(')v Eioo)u yzc|yzo ~ an(l"’iom Sl)?

i

where p1,,, = pf + (29 (y?— p?) and S; = B — (X)X, Thus, the likelihood
function for subject ¢ , using conditional probability arguments and following Vaida & Liu
(2009) and Matos et al. (2013a), is given by:

Li(0) = f(y710)P(Vi <yi < Vy|V7i,0)
Vs,
= Ono(Ys (B 5) | Op(YT Micor Si)dyS, (2.4)
Vi
where ¢,(+; i, X) denote the probability distribution function (pdf) of the p-variate normal

distribution N, (g, 3), with mean vector g and covariate matrix X.
The log-likelihood function for the observed data is thus given by ¢(0) =

((Bly) = Z{log L;}. Hence, the estimates obtained by maximizing the log-likelihood
i—1
function £(0) are the ML estimates. However, maximization of ¢(8) without imposing

restrictions on the function f(-) may cause over-fitting and non-identification of 3 (see, for
instance, Green, 1987). A well-known procedure that is based on the idea of log-likelihood

penalization consists of incorporating a penalty function in the log-likelihood, such that:
A
60,0 = ((6ly) - 5I(0) (2.5)

where J(f) denotes the penalty function over f(-) and A is a smoothing parameter that
controls the tradeoff between goodness of fit and the smoothness of the estimated function.

By maximizing (2.5), one obtains the MPL estimates.

2.3.3 The EM algorithm for MPL estimation

This Section describes in detail how the proposed DEC-SMEC model (2.1)-(2.3)
can be fitted by using the ECM algorithm (Meng & Rubin, 1993).

Lety = (y{,....,y))',b=(b/,....,b)", V = vec(Vy,...,V,) and C =
vec(Cy, ..., C,), where (V;, C;) is observed for the ith subject. In the estimation procedure,
b and Y are treated as hypothetical missing data, and for augmentation with the observed
data V, C, we set Yeom = (C', V', y",b")" . Hence, the EM-type algorithm works over
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n

the complete-data log-likelihood function £.(0|ycom) = Z 0;(0|ycom), where
i—1

1 _
li(0)Ycom) = ——= logo — = log(IE ) — 557 — (Vi — 1 — Z:0) "E7 N (yi — p; — Ziby)

with C' being a constant independent of the parameter vector 6. Given the current

~(k
estimate 8 = 9( ), the E-step calculates the conditional expectation of the complete data

log-likelihood function given by:

(k) (k)
Q(618") = E|[t(6lyeom)|V,C.0"|
Q ~(k)
= >,Qi(6107)
i=1
Q ~R), ~(k)
= ZQU(I&LUQW )+ZQ2¢(01|9 ), (2.7)
1=1 =1
where
~ . 1 1 N ~
Qu(B.£.0%8") = ~"logo? — Log(B) — o [l — 2B (509 - 2B
2 2 202
+ p E7 ]
and
. 1 1, [
Qui(ald™) = ~ log|D| - St (binT D‘1>,
with
—— (k) — (k) — (k)
alt = (ylyl E ' —2yb] Z/E'+bb] Z]E; lz>

1y

(k) = (k)
] =@ (Yi _l'l‘i)a

—— (k) I ~(k —(k) .

b;b; = E|bb/ |V, C,, 9( )] =A; + ¢, (yiyiT - 2Yi(k)l% + HiMiT) @,
——(k) ~(k) /\(k) ~

Yibz‘T = E YZbT iy iy ] (y’LYz - Yi(k)ﬂ';’r) ‘Pz—'rv

with A; = (D' + Z/E;'Z;/0%) " and o, = A;Z, E; ' /o?.
It is clear that the E-step reduces only to the computation of
—(k) T ~(k) (k) _ A (k)
iy, =E [Yiyi Vi, C;, 6 ] and y; [Yi‘Vz‘,Cue ] ;

that is, the first and second moments of a truncated multivariate normal (MN) distribution.

These expected values can be determined in closed form, using Proposition 1, as follows:
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1. If the ¢th subject has only non-censored components, i.e, y; = y; then

—

yiyi =yiyi, YVi=y.

2. If the ith subject has only censored components, i.e, y; = y;, we have

e

Yiyi

~(k

R ~ (k)
yi = E [}’i‘Vz',Ciae ] )
where y;|V;, C; ~ TNy, (2, S0 Ay, fi; = Xo8 + N, 3, = Q,; + 2,DZ] .

3. If the ith subject has censored and uncensored components, i.e, y; = (yfT,yfT).
Then from Proposition 1 and by the fact that {y;|V;,C;}, {yi|Vi, C;,y7} and

IV, C;,y?} are equivalent processes, we have
Yi Yi

—

0y,0T 0T
. ~ YiYi  YiWi
yiyl = Elyiy!ly:, Vi Ci.0] = ( P )
yi = Elyily7, Vi, Ci, 0] = vec(y], wi),

where ®; = E[W|6], w,w; = E[W,;W/]|0], with W; ~ TN, (p;,,, Si; Ay), and

A, = Aj x ... x Ay, with A;; being the interval (—oo, 00) if C;; = 0 and the interval
(Vaij, Vaiz] if Cy5 = 1.

For more details on the computation of these moments, see Vaida & Liu (2009)
and Matos et al. (2013a). Alternatively, Kan & Robotti (2017) proposed an efficient
algorithm to compute any arbitrary moment for the MN distribution. These can be
obtained in the R package MomTrunc (Galarza et al., 2020).

Following Green (1987), the MPL estimate of @ is the value that maximizes
the function
A

Q,010") = 8p") - 2e),

~(k
where J(f) and A are as defined in (2.5) and Q(0|0( )) is the conditional expectation
function. Similarly to Ibacache-Pulgar et al. (2013), we will consider the following penalty

function:

1) = [ = e

where [f”(t)] denotes the second derivative of f(t) with [a,b] containing the values ¢,
of 7 =1,...,r and K is the nonnegative definite smoothing matrix defined in Green &
Silverman (1994). In this case, the estimation of f leads to a smooth cubic spline with

knots at the points t?.
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~(k
The CM-step then conditionally maximizes Qp(0|0( )) with respect to € and

A (k+1
obtains a new estimate 9( ), as follows:

—1
B(k-ﬁ—l) _ (Z XTR, > ZXTE 1(k) ( () _ N ER) Zigg@), (2.8)
i—1 i=1
n ! n
~ L ~(k - 3
. (Z NTE N, + o2 )AK> MINTE (59 -x 3" (29)
=1 =1
_ zif,(.’f))7
~ (k r - B
P LS a0 N -2
LAt +Nif(k-i-l))TEi—l(k)(XiB(kJrl) +Nif(k“))] (2.10)
~ 1 =)
D~ LSppT 2.11
n Z v 2
~ 1 1 ~ ~ N
d)(kJrl) _ a]:‘g max _5 10g(|Ez|) . w |: ( ) _ 2“(./€+1)TE;1 (yl(k?) o Zlbz(ki)>
Pe(0,1) xR+ 202
N ﬁz(‘k+1)TEi_1ﬁz(‘k+l)])’ (2.12)

n

where N = an This process is iterated until some distance between two succes-
i=1
sive evaluations of the actual penalized log-likelihood £,(8, \) in Section 2.3.2, such as
k+1 k
1,(0 (A ))/E (@ 9" )) 1|, becomes small enough, for example e = 1076. A set of reasonable
~(0
starting values may be achieved by computing B ) ( : D(0 and d)( ) as the solution

of the normal linear mixed-effects model, using the package nlme (Pinheiro et al., 2020),

-1
and so, £FO = Z N,/N; + 02 )\K> Z N/ (}’z X ﬂ ) In each iteration of the EM

algorithm, the smoothmg parameter, A, can be estimated as described in Section 2.4.

2.3.4 Estimation of the random effects

To estimate the random effects, we consider the conditional mean of b; given

the observed data V; and C;, that is, E[b; | V;, C;]. Thus, for a given value of 6 =
(BT, f7,0% a™,¢")7, the conditional mean of b; given V; and C; is
bi(6) = E[b; | Vi, Ci] = ¢,(§: — Xi8 — Nif), (2.13)

where ¢; = A;Z/E; Jo? and A; = (D™ + Z/E;'Z;/0*) ™. Note that y; = E [y;|Vy, Ci]
is given by the first moment of a truncated MN distribution. In practice, the estimator
of b, lA)i, can be obtained by substituting the MPL estimate 6 into (2.13), leading to

lA)i = bz(a) Moreover, the conditional covariance matrix of b; given V; and C,; is
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Note that Var|y;|V;, C;] can be easily obtained as a byproduct of the proposed ECM
algorithm developed in Section 2.3.3.

2.3.5 Approximate standard errors

In the context of nonparametric regression, the covariance matrix of the MPL
estimates can be evaluated by inverting the observed information matrix obtained by
treating the penalized likelihood as a usual likelihood (Segal et al., 1994). Within the
framework of censoring, the variance of the parameter estimates can be obtained using

the missing information principle (Louis, 1982), according to which:
observed information = complete information - missing information.

Following Segal et al. (1994) and Louis (1982), we derive the covariance matrix
of (B ,?) by using the inverse of the penalized observed information matrix. Thus, the

approximate covariance matrix of (,@ ,f) is given as:
Cov(B.B) ~ Z,(8.1)]5.

where the penalized expected information matrix Z,(S3, f) takes the form:

Tag I
_[*BB “pf
7,(8,f) = (IZ—If sz> . (2.14)

Thus, we obtain the variance of B and f estimated at convergence, respectively, as:

\//—a;'approx(/@) = <I,B,6 B Iﬂfzf_flz/gf) é ’
Vit = (T~ TheT5l57g¢)|,

where

3y
=

I
D=

{ij:ilxi — X/ 3 Var [y;[Vi, Ci EilXi},

i=1

<)
-

[
Ingb

{XIEilNi — X/ 2 Var [y;|Vi, Ci EilNi},

1

1

)
I
=

{NiT YN, — N/ X Var [y,|V;, Ci] EilNi} + MK TK.

1

(2

Note that when f = 0, we obtain the variance of the fixed effects in the
approximate ML estimation given by Vaida & Liu (2009) and Hughes (1999).
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2.4 Estimation of the smoothing parameter

The smoothing parameter A has been assumed to be fixed, but in practice it
should be estimated. Selecting a suitable value of ) is crucial to good curve fitting. A classic
data-driven approach to selecting the smoothing parameter is cross-validation, which leaves
out one subject’s entire data at a time, but this approach is often computationally expensive.
Likelihood-based smoothing parameter selection has been proposed as an alternative to

prediction error-based approaches such as GCV or information criteria.

Several authors have shown the connection between a smoothing spline and
a linear mixed-effects model for analysis of longitudinal data (see, for instance, Speed,
1991; Wang, 1998a). The authors treat the smoothing function as a linear combination of
the fixed effects and random effects, so that the A is variance component, which can be
estimated by ML or restricted maximum likelihood (REML) (Wahba, 1985; Kohn et al.,
1991). Reiss & Ogden (2009) provided a theoretical comparison of GCV and REML with
finite sample sizes, showing that GCV is prone to undersmoothing and is more likely to
develop multiple minima and to give more variable A estimates than REML. Zhang et al.
(1998) formulated the semiparametric mixed model defined in (2.2) as a modified LME
model and proposed to estimate the smoothing parameter A and the variance component

simultaneously using REML.

Following Green (1987) and Zhang et al. (1998), we can write f via a one-to-one
linear transformation as:

f = T4 + Bd, (2.15)
where § and d are vectors with dimensions 2 and r — 2, B = L(L'L)™" and L is an

r x (r — 2) full-rank matrix satisfying K = LL" and L'T = 0. Given (2.15), Equation

(2.2) can be reformulated as:
y = X0, +Z,b, + €,

where X, = [X,NT], Z, = [NB,Z], 8, = (8",6")7 are the regression coefficients and
2

b, = (d",b")" are mutually independent random effects with d ~ N(0, 6TTL_Q), and b

and € have the same distributions as those given in Section 2.3.1.

Using the connection between the smoothing spline and the LME model, in
this chapter we propose to estimate A using the EM algorithm, due to its simplicity of

implementation and stable monotone convergence.

This novel procedure is described as follows. Consider the following model:

b, ~ N(r—2+q)><1 (07 \Il) )
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where
s 0
ql — 7 r—2
0 D()
In order to use the EM algorithm we consider the augmented data vector
Ycompsx = (y',b])", where b, is assumed to be the missing variable. In this case, the

log-likelihood function for the augmented data model, dropping all the terms that are not

functions of A, takes the form:

1 1
LN, Y comps )€ — 5 log W] — §bI\IF1b*.
The solution A can be obtained via the following joint iterative process:
~(k+1
Step 1: Obtain 0( " ), as described in Subsection 2.3.3 ;

Step 2: (E-step) Given the observed data, evaluate the expectation of £(\; ¥comps)

and estimate in the kth iteration :
~ ~ 1 1 — (k
MAEY = E N Yeomps) |y, A | = == log |®| — =tr lIl‘lb*bT() ,
D 2 2 ®

with b7 = E [b.b]ly A0 | = AT+ ATZETO v - X8 (v - X187 ZIAT,
Af = (O '+ ZFTQ1Z) ! (see, Matos et al., 2013a);

Step 3: (M-step) Uptade A by
r—2

NEHD) .
“1oW g =11 17 (k)
tr (\Il IH\IJ 1b*b1 )

Thus, by repeating Step 1, Step 2 and Step 3, this iterative process leads to
the MPL estimates of @ and the smoothing parameter \.

2.4.1 Effective degrees of freedom for model selection

Degree of freedom is defined as approximately the number of effective parameters
involved in modeling the nonparametric effects (Green & Silverman, 1994). It is useful in
model selection criteria. Similarly to Tibshirani (1990), we can define the effective degrees

of freedom as:

di(\) = tr{NS;}
— w{N(N'E'N+\*K)'N'E '},

where E = diag(E4, ..., E,).
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The Akaike information criterion (AIC) is based on information theory and is
useful for selecting an appropriate model given data with adequate sample size (Akaike,
1974). It is denoted by:

AIC = —20,(6, \) + 2{m + df(\)},

where Ep(g’, A) denotes the penalized log-likelihood function available at 6 for a fixed A

and m is the number of parameters estimated (83, 0%, a, @).

2.5 Simulation studies

In order to examine the performance of our proposed models and algorithm,
we present two simulation studies. The first one investigates the performance of the MPL
estimates of SMEC models for different correlation structures and the second one shows
the asymptotic behavior of the MPL estimates as well as the consistency of the proposed

standard errors of the MPL estimates.

All computational procedures were implemented using the R software (R Core

Team, 2020), which is available from us upon request.

For the simulations, we considered a DEC-SMEC model as defined in (2.1)-(2.3).

We simulated data from the model
Yij = Brwy,; + Bowa,, + f(tij) + boi + buitij + €45, (2.16)

withi=1,...,n, 5 =1,...,n, (be, b;) "> N(0,D), and €;; ¢ N,,, (0, €2;). The parame-
ters were set at 87 = (81, ) = (2,—1.5), 6° = 0.55, and D with elements a;; = 0.25,
aqo = 0.1, and agy = 0.2. The values XZ-T = (w1, x2) were generated independently from a
uniform distribution in the intervals (0,1) and (-1,2), respectively, and those values were

kept constant throughout the experiment.

In simulation studies, we generate samples with random censoring at a certain
rate. For example, for a sample with 10% of censored observations: First, we generate
Vi - N, (e, %5), i = 1,...,n. Then, we take the value of the 10th percentile of the
sample, this value becomes the limit of censorship. Therefore, all values below the 10th
percentile are now censored and their values are the censorship limit. Thus, we generated

a random sample with 10% of censored observations.

2.5.1 Simulation study 1

For the first study, we simulated several datasets considering different values
of the parameter ¢; under the correlation structure AR(1). This study aims to discover

the effect of the correlation level on the estimates. We chose a smooth function f(¢;;) =



Chapter 2. A semiparametric mized-effects model for censored longitudinal data 40

2sin(0.257t;5), where t;; = (4,6,9,10,11,12), and for each value of ¢;, we simulated 500
datasets with sample sizes n = 100. In addition, we considered 10% and 20% of left-
censored observations for each value of ¢;. Once the simulated datasets were generated,
we fitted the proposed model assuming the uncorrelated (UNC) and AR(1) structures.
The model selection criteria (AIC) values as well as the estimates of the model parameters
were stored for each simulation. To evaluate the estimates obtained from the DEC-SMEC
model with different values of ¢, we compared the bias (Bias) for each parameter over
the 500 replicates. It is defined as:

] %0
Bias(fr) = DT - 0).
j=1

where é,(gj) is the estimate of 6y from the jth sample for j = 1,...,500.

Table 1 has the summary statistics of the AIC values based on 500 replicates,
where it can be observed that the model selection criterion chose the true model (AR(1))
in all 500 replicates when the parameter ¢; is equal to or greater than 0.5. When ¢, = 0.1,
the estimation of the AR(1) and UNC model is confounded.

Table 1 — Simulation study 1. Summary statistics of AIC values based on 500 simulated
AR(1). The percentage of times that the AR (1) model was selected is in

parentheses.
Censoring level Structure O
0.1 0.3 0.5 0.7 0.9
Mean UNC 1772.426  1732.959 1663.156 1520.367 1124.027

AR(1) 1772.360 1724.511 1639.541 1477.433 1065.243
UNC 32.8789 329188  33.9434  35.0294  36.0151

10% censored

SD AR(1)  32.8677 325091  32.7543  32.776  32.8190

(35%) (96.8%) (100%) (100%) ( 100%)

Moy UNC 1637034 1600.819 1537.841 1409.838 1058.398

AR(1)  1637.119 1593.437 1516.984 1372.072 1007.159

20% censored 3D UNC 30.7722  31.3998  32.2036  33.1929  34.1557

AR(1)  30.8306 31.1223  31.2321 31.2826  31.6325
(31.8%) (94%)  (100%) (100%) (100%)

Figures 5a - 5b show the bias of each parameter estimated over 500 samples,
considering 10 and 20% censored observations and in the uncorrelated and AR(1) models.
Figure 5a shows that the correlation parameter did not affect the fixed-effects estimates,
resulting in bias less than 0.009 for both levels of censoring. In Figure 6, for the both
levels of censoring, the biases in the UNC structure are greater than those obtained in
the AR(1) structure. In addition, as the value of the correlation parameter increases (¢1)

the bias in the UNC structure increases. It can also be noted that the estimates in both
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models were underestimated. With respect to the components of the variance (Figure 5b),
it can be observed that the biases of parameter estimates (02, aq1, g2 and agy) in the
AR(1) structure are lower than those obtained in the UNC structure for different values of
¢1. Also, the biases of the parameters in the UNC structure increase as the correlation
parameter increases for the both levels of censoring. The biases in the AR(1) structure are
smaller and are little affected by the correlation parameter. Therefore, we can conclude

from this study that when the true model is fitted to the dataset, the correlation level

does not affect the parameter estimates.
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Figure 5 — Simulation study 1. Bias of 3, 0® and « estimates in the uncorrelated (gray,
dotted line) and AR(1) (black, dashed line) structure for 5 different values of ¢;.
First column: 10% of censored observations; second column: 20% of censored

observations.

2.5.2  Simulation study 2

In this simulation study, the main focus is to evaluate the finite-sample perfor-
mance of the MPL estimates of the regression coefficients and the nonparametric function
with the smoothing parameter estimated using the proposed EM algorithm. Another goal
is to examine the consistency of the standard errors for the MPL estimates of B and f. In

this study, parameter values were the same as mentioned in (2.16).

For this purpose, the left censoring proportion was fixed at 15% and sample sizes
at n = 60, 100, 200, and 400 were considered. For each sample size, we generated 500 samples
of the DEC-SMEC model considering an AR(1) structure with parameter ¢; = 0.6. For this
study, we chose a function f(t;;) = cos(mwa/t;;), with ¢;; = (2,3,4,5,6,7,8,9,10,11,12).

To evaluate the computational accuracy, we computed:
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Figure 6 — Simulation study 1. Bias of f estimates in the uncorrelated (gray, dotted
line) and AR(1) (black, dashed line) structure for 5 different values of ¢;.
First column: 10% of censored observations; second column: 20% of censored

observations.

The arithmetic average of estimates:

7o)

where

500

MC M(Gy) = am}j@m,

The absolute errors of estimates:

MAE(6),) =

500

500 Z |(9(J) 0, |

is the estimate of 65 from the j-th sample for j = 1,...,500.

The average values of the approximate standard errors obtained through the method
described in Section 4.3.4 (MC SE).

The standard deviations estimates of 8 and f:

MC SD(6;) =
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e The coverage probability (CP), that is, the proportion of times that the 95% confi-

dence interval of the estimated contains the true value:
| 500

CP() = 1(0, € [95%CI of 6,]).

500 <

Evaluation of the parametric components

Table 2 has summarizes the simulation results for the parametric components
of the model. It can be observed that the MAE tend to zero when n increases and the MC
Mean approaches the true value of the parameter. It can also be seen that the estimation
method of the standard errors (MC SE, Section 2.3.4) provides relatively close results for
the standard deviation estimates (MC SD), suggesting that the derived standard errors
work well. Figures 7 and 8 show the bias (@(j) —6;,7 =1,...,500) of the estimates for
each simulated dataset. It can be noted that as the sample size increases from 60 to 400,
the range of the biases of the estimates becomes narrower, as expected. Also, Bl and 32
estimates are more accurate than estimates of the other parameters. Therefore, the results
for the parametric components of the model indicate that the MPL estimates of the SMEC
model do provide good asymptotic properties and that the proposed approximate standard
errors are reliable.

Table 2 — Simulation study 2. Summary statistics based on 500 simulated AR(1) samples
for the parametric components.

n =60 n = 100
Parameter
MCM MAE MCSE MCSD CP MCM MAE MCSE MCSD CP
b =2 2.0026 0.0623 0.0777 0.0804 93.2% 1.9997 0.0498 0.0608 0.0615 96.2%
By = —1.5 -1.5001 0.0208 0.0245 0.0256 94.4% -1.5017 0.0161 0.0206 0.0201 96.4%
02 =055 0.5394 0.0672 0.5403 0.0513
app =0.25 0.2602 0.1342 0.2654 0.1188
app = 0.1 0.0890 0.0449 0.0932 0.0367
oo = 0.2 0.1988  0.0330 0.1969 0.0242
¢1 = 0.6 0.5907  0.0495 0.5918  0.0384
n = 200 n = 400
MCM MAE MCSE MCSD CP MCM MAE MCSE MCSD CP
b =2 1.9998 0.0354 0.0430 0.0430 96.4% 2.0003 0.0256 0.0300 0.0320 92.6%
By = —1.5 -1.5002 0.0117 0.0146 0.0147 94.4% -1.5000 0.0086 0.0101  0.0107 94.6%
02 =055 0.5445 0.0384 0.5497 0.0276
app = 0.25  0.2555  0.0840 0.2515 0.0641
app = 0.1 0.0960 0.0258 0.0984 0.0191
Qoo = 0.2 0.1984 0.0179 0.1984 0.0131
¢ = 0.6 0.5953  0.0280 0.5987 0.0199

Evaluation of the nonparametric component

One of the principal objectives of this simulation is to see the effect of the

nonparametric component, f(¢;;), and the performance of the smoothing parameter selected.
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Figure 7 — Simulation study 2. Box-plots of the biases of 8 and ¢ estimates.
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Figure 8 — Simulation study 2. Box-plots of the biases of & and ¢; estimates.

In practice, the estimates of the nonparametric component provide useful information.

Table 3 summarizes some simulation results from the estimation of f for n = 60,
100, 200 and 400. It can be observed that the MAE in the estimated nonparametric
function is small for the first six components, and it becomes even smaller with increasing
sample size. The MAE is relatively higher at values of £ where the variance is larger, which
may be due to the fact that the nonparametric function has large curvature at these points.
The approximate standard errors (MC SE) obtained in Section 2.3.5 and the standard
deviation estimates (MC SD) closely agree with each other, suggesting that the derived
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standard errors work well.

To investigate the accuracy of estimating the nonparametric function f(t;;) =
tij), the true shape of this function is plotted in Figure 9 with the 500 fitted

curves and with the average estimates with four sample sizes. From Figure 9 it can be

cos(m

observed that the variability among the estimates of the nonparametric function declines
as the sample size increases, and in addition, we can note that the shape of the average
estimates of f(¢;;) is very close to the true function for all sample sizes. This is an indication
of consistency of the nonparametric estimator as well as the capacity of the estimated

smoothing parameter (discussed in Section 2.4) to capture the true unknown function.

Table 3 — Simulation study 2. Summary statistics based on 500 simulated AR(1) samples
for the nonparametric components.

Parameter n = 60 n = 100
MCM MAE MCSE MCSD CP MCM MAE MCSE MCSD CP
(2) = —0.2663 -0.2530 0.1442 0.1814 0.1802 95.6% -0.2508 0.1180 0.1416 0.1451 94.4%
(3) = O 6661 0.6558 0.1754 0.2224  0.2198 95%  0.6697 0.1451 0.1731 0.1825 93.6%
(4) = 0.9933 0.2134 0.2728 0.2689 94.6% 1.0078 0.1787 0.2120 0.2235 93.4%
fa(5) = 0 7374 0.7444 0.2493 0.3288 0.3144 95.6% 0.7532 0.2124 0.2553 0.2651 94%
f5(6) = 0.1580 0.1781 0.2954 0.3850 0.3718 94.4% 0.1820 0.2484 0.2987 0.3104 94.8%
f6(7) = —0.4421 -0.4150 0.3343 0.4406 0.4223 95% -0.4127 0.2811 0.3416 0.3517 94%
(8) = —0 8552 -0.8322 0.3704 0.4964 0.4670 95.4% -0.8242 0.3103 0.3847 0.3892 94.2%
15(9) = -0.9724 0.4102 0.5531 0.5176 95.2% -0.9665 0.3435 0.4285 0.4303 94.8%
fo(10) = —0 8728 -0.8494 0.4551 0.6103  0.5740 95% -0.8361 0.3823 0.4727 0.4791 94.8%
fio(11) = —0.5447 -0.5242 0.4932 0.6677 0.6262 94.6% -0.5030 0.4176 0.5171 0.5265 94.8%
f11(12) = —=0.1125 -0.0950 0.5329 0.7269  0.6807 94.6% -0.0716 0.4502 0.5628 0.5670 94.8%
n = 200 n = 400
MCM MAE MCSE MCSD CpP MCM MAE MCSE MCSD CP
(2) = —0.2663 -0.2545 0.0802 0.1006  0.0989 95% -0.2607 0.0622 0.0714 0.0769 93.8%
(3) = 0 6661 0.6757 0.1017 0.1230 0.1274 94.2% 0.6720 0.0753 0.0872 0.0943 92.2%
(4) = 1.0137 0.1266 0.1506 0.1584 93.2% 1.0095 0.0916 0.1067 0.1132 94%
(5) = O 7374 0.7567 0.1497 0.1814  0.1869 94%  0.7488 0.1080 0.1286 0.1357 93.6%
f5(6) = 0.1580 0.1844 0.1767 0.2123 0.2184 95%  0.1737 0.1259 0.1504 0.1575 94.8%
f6(7) = —0.4421 -0.4089 0.1967 0.2428  0.2441 95% -0.4225 0.1427 0.1720 0.1770 95%
(8) = —0 8552 -0.8221 0.2202 0.2735 0.2728 94.6% -0.8348 0.1590 0.1937 0.1973 95.6%
15(9) = -0.9633  0.2468 0.3047 0.3075 94.4% -0.9761 0.1799 0.2158 0.2212 94.8%
(10) —0 8728 -0.8301 0.2762 0.3361 0.3420 93.8% -0.8430 0.2006 0.2380 0.2475 95.4%
fio(11) = —0.5447 -0.4954 0.3013 0.3678 0.3741 94.8% -0.5104 0.2199 0.2605 0.2707 95.6%
f11(12) = —=0.1125 -0.0604 0.3272 0.4003  0.4053 94.6% -0.0761 0.2381 0.2835 0.2919 95.2%

Two additional simulation studies can be found in Appendix A. In Section A.1,
the simulation study verifies the behavior of the proposed model for different sizes of time
dimensions. In Section A.2, the study assesses the behavior of the proposed model when

compared to others in the literature.
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Figure 9 — Simulation study 2. Graphs of the nonparametric components with 500
replications. Estimated curves (gray lines), true curves (red lines) and the
average estimates (blue lines, dashed).

2.6 Application

In this Section, we apply our proposed semiparametric linear mixed-effects
model to the motivating ACTG 315 protocol HIV-1 RNA viral load dataset previously
analyzed by Wu (2002). In HIV-AIDS research, it is hypothesized that the relationship
between the viral load and the time of treatment within an antiviral regimen is nonlinear,
whereas the relationship between the viral loads and certain immunological response such
as CD47" cell count is linear. Since the viral load is recorded for patients at specific time

points, mixed-effects models are typically used.

As mentioned in Section 1.4.1, the ACTG 315 dataset considers 46 HIV-1
infected patients treated with a potent ARV therapy. The viral load was measured on
days 0, 2, 7, 10, 14, 28, 56, 84, 168 and 196 after start of treatment, with a total of
361 observations. Immunological markers known as CD4" cell counts were also measured
along with viral load. Since one of our motivations is to investigate the relationship
between virological and immunological responses in AIDS clinical trials, we consider the
standardized version of CD4" cell count as a covariate for the parametric part of the
model, whereas the time of treatment is modeled using splines. The predefined study day

of viral load measurement (not the exact measured day) was used in our analysis.

We considered the following model:

Yij = CD4 51 + f(tij) + boi + buitij + € (2.17)

J

where y;; denotes the log,, transformation of the viral load for the ith subject at time ¢;;
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(i=1,2,...,46 ;7 =1,2,...,n;), f(t;;) is an arbitrary smoothing function, by;, by; are the
random intercept and random slope, respectively for the i-th patient, and ¢;; are random

errors. Following (2.1), one may express (2.17) in matrix form as:
yi = X8+ Nif +Z;b; + €, (2.18)

where y; is an (n; x 1) vector of responses for the i-th patient, X; = [CD4;,...,CD4/ 1"
where CD4i+j indicates a summary of the unobserved CD4" values up to time ¢;;, N; is the
incidence matrix, f is a (10 x 1) vector whose components are the function f(-) evaluated
at the times in the set t° = (£ = 0,t) = 2,13 = 7,...,t% = 196), Z; = [1,,,,t;], with 1,

an (n; x 1) vector of ones and t; = [t;1, ..., tim,] ", bi = (bos, b1;)' the random intercept and
random slope, respectively, and €; = (€1, ..., €, ) represents the within-subject random
error.

The MPL estimates of @ = (BT, f', 0% a')’, the smoothing parameter estimate
(A), the corresponding penalized log-likelihood function evaluated at 0 in the fitted models,
and the values of AIC for the four models considered are presented in Table 4. These
results reveal that the model with a DEC structure has lower AIC compared to the other
structures. Moreover, and as expected, CD4™" cell counts are negatively correlated with
HIV-1 RNA levels. The clinical interpretation is that as the count of CD4 cells increases,
the immune systems of infected patients recover quickly and the viral load decreases with

rapidly.

Table 4 - ACTG 315 data. Parameter estimates of the SMEC model (2.17) for the
ACTG 315 data. SE indicates the standard errors.

UNC DEC AR(1) CS
Parameter Estimate SE Estimate SE Estimate SE Estimate SE
51 -0.0703 0.0441 -0.0583 0.0392 -0.0617 0.0398 -0.0704 0.0441
fi 4.9380 0.0918 4.9293 0.0912 4.9235 0.0952 4.9474 0.0926
fo 4.9535 0.0778 4.9754 0.0996 4.9764 0.0945 4.9334 0.0834
f3 4.1325 0.0842 4.1298 0.0870 4.1293 0.0898 4.1401 0.0829
fa 3.7863 0.0833 3.7759 0.0867 3.7742 0.0900 3.7825 0.0821
fs 3.4181 0.0893 3.4100 0.0904 3.4079 0.0928 3.4181 0.0875
fe 3.0364 0.1009 3.0304 0.1017 3.0315 0.1022 3.0352 0.1005
fr 2.7905 0.1269 2.7803 0.1294 2.7831 0.1286 2.7893 0.1268
fs 2.4340 0.1647 2.4339 0.1666 2.4210 0.1666 2.4323 0.1647
fo 2.9769 0.3025 2.8663 0.3008 2.8999 0.3034 2.9731 0.3024
fio 3.4407 0.5585 3.3810 0.5995 3.3510 0.6102 3.4380 0.5531
o? 0.1449 0.2851 0.1991 0.2855
a1l 0.2435 0.0507 0.1747 0.1034
a12 -0.0006 0.0008 -0.00003 -0.0006
22 0.0001 0.0001 0.0001 0.0001
1 0.9 0.89 0.4914
P2 0.6501 1 0
A 88.2971 63.7242 42.1648 174.4071
loglikp -275.481 -230.7881 -239.2762 -276.1796
AIC 580.406 495.4174 510.4558 585.8651

Figure 10a shows the nonparametric function for the ACTG data. From a
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medical point of view, it is important to identify when patients’s RNA viral load levels
decline and when this decline becomes slower and rebound occurs. From Figure 10a
it can be observed that viral load decreases rapidly at the beginning of antiretroviral
treatment and, after 84 days of therapy, viral load levels recover slightly. Clearly, the
viral load changes with time in a nonlinear manner and the graph is U-shaped. Note
that at later times the shaded area is larger due to the lower number of observations at
these times. Figure 10b presents the estimated trajectories for 6 randomly chosen subjects
after fitting the model given in (2.17) in the DEC structure. It is possible to see that the
SMEC model provides better subject-specific estimated trajectories than the parametric
DEC-NLMEC model. It can also be observed that in some individuals the DEC-NLMEC

model overestimates the viral loads when observations are censored.
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Figure 10 — ACTG 315 data. (a) Fitted curve of nonparametric part. The shaded regions

denote the 95% confidence intervals obtained by f + 1.964/ \//a\r(?) (b) Viral
loads in log;, scale (solid line) for 6 randomly chosen subjects and estimated
trajectories (red, dotted line) for the SMEC model in the DEC structure. Gray
line indicate the estimated trajectories in in the DEC-NLMEC model.

2.7 Conclusions

This chapter provides a theoretical framework for a semiparametric mixed
model for longitudinal censored data, which can be considered a generalization of the
normal linear /nonlinear mixed-effects models for censored data proposed by Matos et al.
(2016) and Vaida & Liu (2009). We developed a method based on the EM algorithm to
obtain MPL estimates of the regression coefficients of the parametric part and to estimate
the nonparametric component as a natural cubic spline. We proposed the EM algorithm to
estimate the smoothing parameter using a modification of the mixed model proposed by

Green (1987). Simulation studies carried out suggest that the proposed method performs
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very well in estimating the parametric part and the nonparametric function. The variance of
the MPL estimates can be estimated using the missing information principle, as described
in Section 2.3.5. The approach was applied to analyze two HIV-AIDS studies, showing the
advantage of the SMEC model to fit datasets with nonlinear subject-specific trajectories.

The R code (R Core Team, 2020) is available from us upon request.

The multivariate normal assumption of SMEC models might not provide robust
inference for the data which exhibit, even after being transformed, heavy-tailed and
asymmetric features. It would thus also be interesting to consider a broader family of
distributions such as the multivariate skew-normal distribution (Azzalini & Valle, 1996),
the multivariate skew-t distribution (Azzalini & Genton, 2008) and the multivariate skew-
normal /independent distributions (Lachos et al., 2010), which could be more practical for

the random effects and error terms.
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Chapter 3

Extending multivariate-t
semiparametric mixed models for
longitudinal data with censored

responses and heavy tails

3.1 Introduction

Longitudinal data analysis has attracted considerable research interest, and a
large number of statistical modeling and analysis methods have been suggested to analyze
such data with various features. Linear and nonlinear mixed effects (LME and NLME,
respectively) are parametric models for longitudinal data that have been extensively
studied in the last few decades; see Davidian & Giltinan (1995); Diggle (2002); Pinheiro &
Bates (2006) among others, for more ideas and methodologies for longitudinal data analysis
using parametric modeling. These models are very useful for longitudinal data analysis,
as they provide a parsimonious description of the relationship between the response and
its covariance. However, parametric models are efficient when they are correctly specified,
the model misspecification can result in biased estimation. To relax the assumptions on
parametric forms, an attractive approach is the semiparametric mixed model, which retains
the flexibility of the nonparametric model while preserving good properties such as easy

implementation and good interpretability of parametric models.

Semiparametric mixed models have received great attention in the literature
with approaches based on kernel smoothing (Zeger & Diggle, 1994), or, more often,
on smoothing spline (Zhang et al., 1998). However, these models (LME/NLME and
semiparametric) are in general made on the assumption of Gaussian errors. Some studies
have investigated alternative distributions for errors in LME/NLME, for example, Pinheiro

et al. (2001) propose a robust hierarchical linear mixed model in which the random effects
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and the within-subject errors have a multivariate Student’s t-distribution. Moreover, Meza
et al. (2012) presented an extension of a Gaussian nonlinear mixed effects model considering
a class of heavy tailed multivariate distributions for both random effects and residual errors.
In the semiparametric context, Ibacache-Pulgar et al. (2012) extended semiparametric
mixed linear models with normal errors to elliptical errors in order to permit distributions

with heavier and lighter tails than the normal ones.

At the same time, longitudinal data can be complicated when the response is
censored for some of the observations due to an assay detection limit used to quantify
the marker. For example, this can occur when measuring the chemical content of a
collection of samples (Palarea-Albaladejo & Martin-Fernandez, 2013), when measuring
the concentration of some pollutants in environmental data (Helsel, 2011) or measuring
Human Immunodeficiency Virus viral load in blood compartment (HIV RNA) (Hughes,
1999). Several methods have been proposed to deal with such limits of detection, censored
mixed-effects models are frequently used in the analysis of longitudinal AIDS data. Lachos
et al. (2011) considered a Bayesian treatment of the linear mixed model with censored
responses (LMEC) and the nonlinear mixed model with censored responses (NLMEC)
models based on the normal/independent distributions. Further, Matos et al. (2013b)
developed a likelihood-based inference for LMEC and NLMEC based on the multivariate
Student’s t-distribution, named as t-LMEC and t-NLMEC.

The aim of this chapter is to consider the study of censored mixed-effects
models using, simultaneously, semiparametric techniques such as smoothing splines and
the multivariate Student’s t-distribution, due to its capability of down-weighting out lying
observations. This chapter is organized as follows. Section 3.2 describes the multivariate
Student’s t-distribution and some of its properties. In Section 3.3, the Student’s-t semi-
parametric censored mixed-effects model is defined, where the estimation and inference
procedures of the regression coefficients, nonparametric function, and scale parameter are
presented. Results and discussions about the estimation of the smoothing parameter are
given in Section 3.4. Moreover, in Section 3.5, the goodness of fit and model selection
procedures are proposed to check the quality of fit. Simulation results are presented in
Section 3.6 and an application to the data set of HIV viral loads is presented in Section
3.7. Finally, in Section 3.8 some concluding remarks are given with some future research

directions.

3.2 The multivariate Student’s t-distribution

In this section we present the p-variate Student’s t-distribution and some of
its useful properties. The following properties are useful for the implementation of the

expectation maximization (EM) algorithm.
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A random variable Y having a p-variate Student’s t-distribution with location
vector p, scale matrix 3 (positive definite) and degrees of freedom v (v > 0) denoted by
Y ~ t,(p, X, v), has the probability density function (pdf):

0 22, oy (14 20)

tP(Y|y’7EaV) = F(I//Q)’]TP/Q o

v

where I'(-) is the standard gamma function and §*(y) = (y — p)' S '(y — p) is the

Mahalanobis distance. The cumulative distribution function (cdf) of Y is denoted by

b
T, (bl 5. v) = f £yl B, v)dy (3.1)

—0
and Ty (a, b; p, 3, v) is defined as

b
Tyfabi 20) = [ (ol Z0)dy. (3.2

a

An important property of the random vector Y is that it can be written as a

mixture of a normal random vector and a positive random variable, i.e.
Y=p+U?Z, Z~N,(0,%), U~ Gamma(v/2,v/2),

where Z and U are independent and Gamma(a, 3) stands for a gamma distribution with
mean «/f3, and density denoted by G(-|a, ). It is important to stress that if v > 1, p is
the mean of Y, and if v > 2, (v/(rv —2))X is its covariance matrix. As v — oo, U converges
to one with probability one, and so Y becomes marginally multivariate normal with mean

p and covariance matrix X, denoted by N,(u, X).

In order to introduce some notation, for the multivariate Student’s-t distribution,
the following property is useful for our theoretical developments. We start with the marginal-

conditional decomposition of a Student’s t random vector. Details of the proofs are provided
in Arellano-Valle & Bolfarine (1995).

Proposition 2. Let Y ~ t,(u, X, v) partitioned as Y = (Y|, Yy)", with dim(Y1) = pi,
Y X

dim(Ys3) = py, where p = py +pa. Let p = (] ,pg)" and ¥ = MY be the
31 Yo

corresponding partions of p and 3. Then, we have

(Z) Yl ~ tm (”17 Z11) V);' and
(ii) The conditional cdf of Yo|Y1 = y1 is given by
Yo|Y =y ~ tp, (Y2|M2.1> 01,V +p1) ;

- ~ v+ 62
where py; = py + T T (y1 — py) and Eapq = (H;}’l)
1

(y1— 1) "0 (y1 — py) and Sapq = By — 5037, 1.

) 222.1 with (52(}71) =
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A p-dimensional random vector Y is said to follow a truncated Student’s t-
distribution with location p, scale-covariance matrix 3 and degrees of freedom v over the
truncation region A = {(y1,...,y,) ERP ra; <y1 <by,...,a, <y, < b} ={yeRP:a<
y < b}, denoted by Y ~ Tt,(u, X, v; A), if its density is given by:

tp(y“*l’a 27 V)
Ty(a,b;pu, X, v)’

N

flylp, 2, v;A) = y <b.

The following results provide the truncated moments of a Student’s t random

vector. The proofs of Proposition 3 and 4 are given in Matos et al. (2013b).

Proposition 3. If Y ~ Tt,(u, %, v;(a,b)) then it holds that

v+p \' Ty(a,b; u, X% v + 2r)
El(——"r) Y®| = P E[w® 019
[(V+52(Y)> ] »7) Ty(a,b; p, 3, v) (WL k=012
V—I—p T((p+v)/2)T((v +2r)/2) . v
, Bt = )
where cy(v,r) = (F(I//Q T((p + v + 2r)/2) vt 2r”
W ~ Tt,(u, T%, 1/—|—2r (a,b)), WO =1 W =W, W® = WW" and v+ 2r > 0.

Proposition 4. Let Y ~ Tt,(u, X, v; (a,b)). Consider the partition Y = (Y| ,Y,)" with
dim(Y1) = p1, dim(Ys) = pa, p1 + p2 = p, and the corresponding partitions of a, b, p
and X. Then, under the notation of Proposition 2, the conditional k-th moment of Yo is

[( v+p >rYg€)‘Y1] _ dp(p1,v,7) Ty, (ag, bas s 1, i22.17 vV+p1+ QT)E[WU“)]
v+ 02(Y) (v + 02%(y1))" Tp, (a2, ba; prg 1, X921,V + p1) 7

where d,(p1,v,r) = (v + p)" <

i* . v+ 52(}71)
22.1 —

v+2r+pm

WO =W, WO =WW' andv+p +2r>0,k=0,1,2.

L+ v)/2)T((pr + v + 27“)/2))
L((pr +v)/2)T((p + v +21r)/2)

)222'17 W~ Ttp2(“2-17i;21:7/ + p1 + 2r; (ag, by)), W = 1,

3.3 The Student-t semiparametric mixed effects model with cen-

sored responses

3.3.1 Model specification

Let the sample consist of n subjects, with the ith subject having n; observations
over time. Let y;; denote the measurement of the ith subject at time ¢;;, then the

semiparametric mixed model for outcome y;; is given by
Yij :X;S,B+f(tlj)+z;;bl+€z], 1= 1,...,n, ] = 1,...,7?4, (33)

where 3 is the p x 1 vector of regression coefficients associated with covariates x;; (p x 1),

f(+) is a twice-differentiable smooth function of time, the b, are independent ¢ x 1 vectors
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of random effects associated with covariates z;; (¢ x 1), and the ¢;; are independent

measurement errors.

In order to write model (3.3) computationally more advantageous, we can

express in a matrix form as
yi=X;8+Nif +Z;b; + €, (3.4)

where y; = (Yi1, - .., ¥in,) | is a (n; x 1) random vector of observed responses from the ith
T
157
for the ith subject connecting t; and t° such that the (4, s)th element of N; equals the
indicator function I(t;; = t9) for j = 1,...,n;and s = 1,...,r, f = (f([&),..., f(E)T

with #J,...,t? being the distinct and ordered values of t;;, Z; is the n; x ¢ design matrix

subject, X, is an n; x p design matrix with rows x,., N; is an n; x r incidence matrix

of the random effects with ziTj and €; is an n; x 1 vector of within-subjects errors.

In this work, we assume that the random effects and the errors follow a Student’s

t-distribution:

~ n: , Vi, t=1,...,n, .
€; o 0 0 Qz

where v represents the multivariate Student’s t-distribution degrees-of-freedom (df), D is a
q x g symmetric positive-definite covariance matrix of the random effects (b;) that depends
upon a set of unknown parameter vector o and €; = 0°E; represents the within-subject
variance-covariance matrix for subject 4, o2 is the scalar within-subject variance parameter
and E; is a n; x n; matrix that incorparate a time-dependence structure. Note that b; and

€; are uncorrelated, but not necessarily independent.

Munoz et al. (1992) proposed a family of correlation structures, damped
exponential correlation (DEC) structure, which allows to deal with unequally spaced and

unbalanced observations. We adopt the DEC structure for E;, defined as
Ei = Eieit) = [ 7|, 0<oi<1 @20,

where ¢, is the correlation between observations separated by one t-unit in time and ¢,
is the "scale parameter', which permits attenuation or acceleration of the exponential
decay of the autocorrelation function, defining a continuous-time autoregressive model.
Examples of particular cases in this family of correlation structures include the compound
symmetry (CS), AR(1), and MA(1) - moving average of order 1, correlation structures
when ¢, takes the values 0,1, and oo, respectively. A more detailed discussion of the DEC

structure can be found in Munoz et al. (1992) and in Section (1.3).

It follows that the semiparametric mixed model with Student’s t-distribution

assumes the following joint distribution:

Yi \ ind XiB + N;f ZiDZiT +Q, Z,D
~ tnﬁ-q 3 T B 14 . (36)
b, 0 DZ, D
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Thus, the y; are independent and marginally distributed as

yi e tni(“i? 22’7 l/),

where pu, = X;8 + N,;f, 3, = ZiDZZ-T +Q;, fori=1,...,n.

As mentioned earlier, the proposed model also considers censored observations,

i.e., we assume that the response y;; is not fully observed for all 4, j. Let the observed data

for the i-th subject be (V;, C;), where V; represents the vector of uncensored readings

(Vi; = Vbi) or censoring interval (V3;;, Va;5), and C; is the vector of censoring indicators,
such that:

C, = g = Y= (3.7)

0 if Yij = Voi
forallie {1,...,n}and j e {1,...,n;},i.e., C;; = lify,; is located within a specific interval.
Note that for a right-censored observation Vs;; = o0, and for a left-censored observation

Vii; = —oo. The model defined in (3.3)-(3.7) is henceforth called the DEC-tSMEC model.

For responses with censoring pattern as in (3.7), we have that marginally
yil Vi, Ci ~ Tty (1, i, v Ay),

where Tt,,(.; A) denotes the truncated Student’s t-distribution on the interval A, A; =
Aj x ... x Ay, with A;; being the interval (—co, ) if C;; = 0 and the interval (V3;5, Va;;]
if C;; = 1.

3.3.2 The likelihood function

We are interested in maximum likelihood estimation of model (3.3) when y; has
a censored response. To compute the likelihood function associated with the model defined
by (3.3)-(3.7), the first step is to treat separately the observed and censored components
of y;. Let y7 be the nj-vector of observed outcomes and y; be the nj-vector of censored
observations for subject ¢ with (n; = nj + ny), such that C;; = 0 for all elements in y; and

1 for all elements in y;. After reordering, y;, V;, u,;, and ¥; can be partitioned as follows:

DI Vet
yi = vee(y?,y5), Vi = vee(V{, Vi), p| = (uf, p§) and 3y = | L 0,
Yo 3¢
(2 (2
where vec(.) denotes the function which stacks vectors or matrices of the same number of
columns.
Using properties of multivariate Student’s t-distribution (see Arellano-Valle &

Bolfarine, 1995), we have that

yio ~ tn‘l’(“‘zov Eioo’ V)a and ylc|ylo ~ tnf(ufoa Sgo7 v+ n;'))a
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where
pi = X8+ N, pf=XiB8+Nif,  p = pl+ 3080 (y) — pf),

5(y?
St = (” - (yl)> Si S =X -BUSr IS and

v+ng

8 (y9) = (y7 — ud) '3 y) — md).

Let @ = (B7,f7,0%, a’,¢",v)" be the parameters vector. From Matos et al.
(2013a), the likelihood for subject i is given by

Li(0) = f(yil0) = [f(y{|0)P(V]; <y;<V3|V!,0)
= tnf (Vfa p’ioa Ez'ooa V)Tnf(v({zv ngu “;‘307 S;':Oa v+ nzo) = Li? (38)

where T, (a, b; p, 3, v) is defined in (3.2).
Adopting the same idea of the work of Chapter 2, the log-likelihood function for
the observed data is given by ((@y) = Z log L;, and the estimates obtained by maximizing

the log-likelihood function ¢(@|y) arezitlhe maximum likelihood estimates (MLEs). For
the reason that f(-) is an infinite-dimensional parameter, the direct maximization of
(3.8) without imposing restrictions over the function f(-) may cause overfitting and
non-identifiability of B (see Green, 1987). A well-know procedure based on the idea of log-
likelihood penalization and consists of incorporating a penalty function in the log-likelihood,
such that

(6ly) = ((6ly) ~ 5T(D) (39)

where J(f) denotes the penalty function over f and A > 0 is a smoothing parameter which
controls the tradeoff between goodness of fit and the smoothness estimated function. By

maximizing (3.9), one obtains the MPL estimate.

Similarly to Ibacache-Pulgar et al. (2013), we will consider the following penalty

function:

10 = [17apa = e

a

where [ f”(t)] denotes the second derivative of f(t) with [a,b] containing the values ¢), of
j=1,...,r and K is the nonnegative definite smoothing matrix that depends only on the
knots defined in Green & Silverman (1994). In this case, the estimation of f leads to a

smooth cubic spline with knots at the points t?.

3.3.3 The EM algorithm for MPL estimation

In this subsection, we discuss the estimation of @ based on penalized log-
likelihood.
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The EM algorithm (Dempster et al., 1977) is a popular iterative algorithm for
ML estimation of models with incomplete data and has several appealing features such as
stability of monotone convergence and simplicity of implementation. We adopt a variant of
the the EM-type algorithm, called the ECME algorithm, for computing MPL estimates of
model parameters. Liu & Rubin (1994) showed that ECME typically shares with EM the
simplicity and stability, but has a faster rate of convergence, especially for multivariate

Student’s t-distribution with unknown degrees-of-freedom.

Based on the essential property of multivariate Student’s t-distribution, the

model (3.6) can be expressed in the following hierarchical model:

YZ|bZa U; h}g. an (I_,l,,” ui_lgi)7

biju; ¢ N, (0,u;'D), (3.10)
ind. vv
i G <77 7) )
u amma 979

where Gammal(a, b) denotes the gamma distribution with mean a/b and variance a/b°.
Thus, it is possible to apply the penalized EM algorithm (Green, 1990) by assuming
thaty = (y;,...,y,), b=(b/,...,b!), and u = (uy,...,u,)" are hypothetical missing
variables, and augmenting with the observed variables (V, C) where V = vec(Vy,..., V,),
and C = vec(Cy,...,C,). Hence, the penalized log-likelihood function for the model based
on complete data y. = (C', V', y" b" u")" is given by

A
lpe(Blye) = Le(Blye) — SETKE, (3.11)
with
< n; 2 1 U; To—1
le(Oly.) = Z D) logo® — 2 log(|E;|) — @(Yi —p; — Zb;) B (yi — p; — Zib;)

i=1
1 i _

= §log |D| — %biTD 'b; + log h(ug|v) + C’] , (3.12)

where C is a constant that does not depend on the vector parameter 8 and h(u;|v) is the
pdf of a Gamma(r/2,v/2) distribution.

(k)

Given the current estimate 8 = , the E-step calculates the conditional

expectation of the complete-data-penalized log-likelihood function given by

Q018") = E[elyv.c.0"] - 2k

N NONEERS ~(k)

= > Qu(B.£.0% 810 )+ Qu(ald ),
=1 1=1

where
~(k) n; 1
Qli(ﬂafao-27¢|0 ) = _510g02 - §1og(|Ez-|)
1 o ——(k)\ ~
T 952 [agk) —2p B <uiYi(k) - Ziuibi( )> ui(k)l-’fiTEi_llJ’i]
g

— ifTKf
2n
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and
Qufafd®”) = - 1ogID| - Ju (“Z‘bib? (k)D_l) |
with
A = o (uiyiyz VB~ 2uyibl ZJET +ubbl 7] Ez-_lzi) ,
u/iE-(k) = E _u@'bi i i,A(k)] =¥; (U/zB\’z( ) ﬁl(k)lh) ;
Uibz‘b;(k) = E _Uz‘bibj iy iy A(k)] =A; + Pi (ui}’iYiT(k) 214/13\’( )H‘ + ﬁi(k)MiNiT) ‘PiTa
bl = E| uwyib] Vi, Ci, ] - (uiyiyf YO ) @,

where A; = (D' +Z/E;'Z;/0*) ! and ¢, = A,Z[E; ' /o

~(k
The conditional maximization (CM) steps then conditionally maximizes Qp(0|0( :

)

~(k+1
with respect to 8 and obtains a new estimate 0( ), as follows:

n 1
B _ (Zﬁ(k)XTE xl-) > X/ B (5 - NG - 205, ) 313

i1
S (Z HONTBIION, + 2 )AK) SINTE (i) - i x B
_ ziﬁ,(’“)) (3.14)
~(k+1 —
R %Z {ag’“) —2ptITE; ! (u/z‘}\’z‘(k) - ZiUibigk)> + @O TE (k+1)](3-15)
i=1
~ 1 & (k)
D = —Nubb] 1
m;u ] (3.16)
D~ aremax (_1 log(|Ei]) — _ {an) _opkr DT g1 (Wi(k) ~ Zibi ))
9 —~(k+1) 1 1 ) ?
De(0,1) xR+ o2
b gWpD TR (k+1>]) (3.17)
f)(k-i—l) - arg max {Z ]ogT (VIZ’ 22; “‘o(k'+l) SCo(k+1) + nZg)
=1
n Z log be (V?; M;)(k+l)7 Ezgo(k-#l)’y) } ’ (3.18)
i=1

where N = Z n;. The algorithm is iterated until a suitable convergence rule is satisfied,

i=1
in this case, we adopt the distance involving two successive evaluations of the actual
penalized log-likelihood. So, this process is iterated until some distance between two
successive evaluations of the actual penalized log-likelihood ¢,(@,\) in Section 3.3.2,

such as [(,(6 o ))/Ep(a(k)) — 1], becomes small enough, for example, e = 1076. A set of
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~(0) ~(0) =~ ~(0
reasonable starting values may be achieved by computing ,B( ), 02( ), D and q,’)( : as the

solution of the normal linear mixed-effects model, using the package nlme (Pinheiro et al.,
-1
~ n ~ (0 n ~
2020), and so, f® = Z N/N; + 02( ))\K> Z N/ (yi — Xiﬁ(0)>. In each iteration of
i=1

i=1
the EM algorithm, the smoothing parameter, A, can be estimated as described in Section

3.4.

It is important to stress that from equations (3.13) to (3.17), the E-step reduces

to the computation of

Vi, Ci, 0] s and I/L\z =K |:’UHL

that is, the first and second moments of a truncated multivariate Student’s t-distribution.

These expected values can be determined in closed form, using Propositions 3-4, as follows:

1. If the ith subject has only non-censored components, then

P L U 0V, = v, wvvl = Gviv’
7 v + 52(yl) ) Zyl Zyt ZyZyZ Zylyz )

where 8(y;) = (yi — ;) "7 (yi — ).
2. If the 7th subject has only censored components then from Proposition 3, we have:

~ Tm(V117V2zalJ’wzjay+2)
U; =
Th,(Vii, Vais p;, 35, v)
wy; = GE(W;),
wyiy; = GE(W,W)),

where W ~ Ttn (/,LZ, 2:‘, vV + 2, (Vli,VQi)), H;, = Xl,B + le, 27 =

, — %, % =
‘ v+ 2
Z.DZ] + ;.

3. If the ith subject has censored and uncensored components and given that (Y; ‘Vi, C),
(Yi‘Vi, C;,Y?), and (YﬂVZ-, C;,Y?) are equivalent process, then from Proposition

4, we have
" ng v\ Tuc(Vi, Vi e, 8¢, v + ¢ +2)
’LLl == 9
v+ 62(3’?) Tnf( ?ia gi;'ulco’SZm’V + nf)
U/i-% = Vec(ﬁiyf, ’L/L\Z]E[WZ]),
= aygyt  wyET[Wi
Uiyiy; - ~ T A~ T )
UZ]E[WZ]y;) Ul]E[Wlwz ]
N ~ v+ 6%(y?)
here W; ~ Tt,c(us’,S°, v + n + 2,(Vy{;, V5;)), S = | ————= ] S; and S;,
where I(I‘l’z i oV n; ( 17 21)) % (V+ nzg +92 an

S;? and p;° are as in Section 3.3.2.
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Formulas for E[W] and E[WW ], where W ~ Tt,(u, 3, v; A), have been
recently developed using recurrence relations involving the density of multivariate Student’s

t-distribution. These can be obtained in the R package MomTrunc (Galarza et al., 2020).

3.3.4 Estimation of the random effects

In this section, we are interested in the estimation of random effects, which is
useful for evaluating subject-specific quantities of interest such as individually changed
intercepts and slopes. To estimate the random effects, we consider the conditional mean of
b, given the observed data V;, and C;, that is, E[b;|V;, C;|, empirical Bayes approach.
Thus, when the parameter values of 8 are known, the conditional mean of b; given C;, V;

is
b:(0) = E[b;|V:,C;] = ¢,(3: — X:8 — Nif), (3.19)

where ¢, is defined in Subsection 3.3.3 and y; = E[y;|V;, C;] is the first moment of the

truncated Student’s t-distribution.

The empirical Bayes estimates of random effects are obtained by substituting
the MPL estimates 6 into b;(8), leading to b; = b;(6). In addition, the fitted values of
responses can be estimated directly by y,; = XiB + Nif + le?)Z

3.3.5 The expected information matrix

In the context of nonparametric regression, the covariance matrix of the MPL
estimates can be evaluated by inverting the observed information matrix obtained by
treating the penalized likelihood as a usual likelihood (Segal et al., 1994). Louis (1982)
proposed a technique for computing the observed matrix within the EM algorithm frame-
work, this method adjust the variance of the estimated fixed effects for the information
lost owing to censoring. Using this method, and from the results given by Lange et al.

(1989), the information matrix for (8, f) can be approximated by

L,(8,fly) = I(8, fly) — Ln(8, fly),

where I,(8,fly) is the information about (3, f) in the observed data y, I.(3, f|y) is the
conditional expectation of the complete-data information, and I,,,(8, f|y) is the missing

information. Therefore, the approximate covariance matrix of (B ,?) is given as
Cov(B.T) ~ 1,1 (8.0)| .

where the penalized expected information matrix I,(8, f) takes the form:

_ IP(ﬁ?B) IP(IB>f)
L(8.1) = <1; (8.5) Ip<f,f>>’
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where
" v+n, [ (v +n; +2 i
I = — I X'eX, X' | ————ZVE, - E; | =X,
p(ﬂ,ﬁ) ;{(y+nl+2) 7 i i < i v+n, 2 1_ i )
" v+n, [ (v 4+n; +2 ]
I f) = — " I X'ZOIN, X' ——— 2V E, —E | 7N,
p(ﬁ7) ;{(V‘i‘nz‘i‘Q) i i i g I v+ n, 2 1_ i )
S i [ i+ 2 |
L(f.f) = Z _vEn N:E;lNi—N:Egl vrnita E, — E, E;lNi
P I/+7”Li+2 | v+n, |
+ MKff'K,

where Ey = (@y; — @) (@Y — Gip;) " and Eo = (ulyiy] —ufyip, — pudy] +uippl).
Note that E; depend on the computation of ;, #;y; that can be obtained in Subsection

3.3.3 and E, depend on the following quantities

~ vV+n; 2 5 v+n; 2
PR ) Y U B A VAN o A 2yi=E|l—=— ) v
’ kwé?(yi))‘ R R [(vw(yi)) ’

v+n; \’
i YiYi U 52(}’1‘) Yiy;

These expected values can be determined in closed form using Proposition 3 and 4, as

Vl', Ci, 0] and

Viaciva

follows

1. If the ith subject has only non-censored components, then,

2
~ v+ n; -~ 5 YT
12 = <I/+52(y@)) ) U%Yi = U?}’i, U%Yisz = U%Yiyi )

where 6*(y:) = (vi — ) ' S (v — 1)
2. If the 7th subject has only censored components then

% Tn- A% iyV i i72;7 4
2= ey(n,2) etV Ve B v 4 4)
T0,(V1i, Vo, p;, i, v)

w2y, = uw2E[W],
wlyyl = uE[W,W]],

(n; +v)(v + 2) v
W, ~Tt,, ‘72*7 4;(Vii, Va 72* =
St v 12 Ao B (Vi Vi), B = g

;= X;B+Nif, T, = Z,DZ] + Q;.

where ¢, (v, 2) =

29

3. If the ith subject has censored and uncensored components and given that (Y;|V;, C;),
(Y:| Vi, Ci, YY), and (Y| V;, C;, YY) are equivalent process, we have
dy(nf,1,2) Tog(Vis Vs i, S5, v + ¢ + 4)
(V + 52(}’@'0))2 Tnf( El:i’ %i; /J’zgoa SZCO’ v+ n?) 7
uly; = vec(uty?, ufE[W).
uyy!  uyfET W
wE[Wly;  wE[W,W/])’

e
U

2 T _
u;y.y; =
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+ ;) (09 + v+ 2)(n? + S
where d,(nf,v,2) = v+ ni)(ni + v+ 2)(mg V)7 Wi ~ Ttne(pi”, S, v + nj +
n; + v+ 2 ‘
v+ 0%(y?)

v+nd+4

4; (V¢,,VS)), S¢° = ( ) S; and S;, S{° and p$° are as in Subsection 3.3.2.

It can be noted that here we also need the first and second moments of truncated
Student’s t-distribution. And, as mentioned before, these moments can be obtained in the
R package MomTrunc (Galarza et al., 2020).

3.4 Estimation of the smoothing parameter

In the previous sections we considered the smoothing parameter X\ fixed to
make inference for the nonparametric function f. However, in practice, this parameter need
to be estimated from the data. Many authors have pointed out that the proper selection of
smoothing parameters is essential for good a performance of the spline estimates (Green
& Silverman, 1994).

Wahba & Wold (1975) examine how much the smoothing should be: If X is
too small, the spline is too wiggly and picks up too much noise (overfit); and if A is too
large, the spline is too smooth and the signal is lost (underfit). A classical data-driven
approach to selecting the smoothing parameter is cross validation (CV), which leaves out

one subject’s entire data at a time, but this approach is often computationally expensive
(Zeger & Diggle, 1994).

Several authors have shown the connection between a smoothing spline and a
linear mixed effects model for analysis of longitudinal data (see, Wang, 1998b; Kohn et al.,
1991, for instance,). Zhang et al. (1998) treated the smoothing parameter as an additional
variance component and estimated it with other variance components simultaneously using
REML. According to Green (1987); Zhang et al. (1998), we can write f via a one-to-one
linear transformation as:

f = Té + Bd, (3.20)

where & and d are vectors with dimensions 2 and 7 — 2, B = L(L'L)™" and L is an
r x (r — 2) full-rank matrix satisfying K = LL" and L™T = 0. Given (3.20), Equation

(3.4) can be reformulated as:
yvi = X;B* +Zb] + ¢,

where X¥ = [X;,N,T], Z; = [N;,B,Z;], 8* = (B",6")" are the regression coefficients and

0.2

b* = (d',b;/)" are mutually independent random effects with d ~ ¢,_5(0, TIT_Q) and b;

and €; have the same distributions as those given in Section 3.3.1.

Motivated by Zhang et al. (1998)’s results and using the connection between

the smoothing spline and the linear mixed models, we propose to estimate A\ using the
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EM algorithm, due to its simplicity of implementation and stable monotone convergence.

This novel procedure is described as follows. Consider the following model:

yilbf,ui ~ N (X7B* + Z;b},u; ')
bz*|ul ~ NT*2+11(07 u; ‘Il)v
u; ~ Gamma(r/2,v/2),

where

0.2

U 717_2 0

0 D

Let y; denote the observed data and (b}, u;) denote the missing data. Then,
we consider the augmented data vector y;, = (yz , b} T ZT) In this case, the log-likelihood

function for the augmented data model, dropping all the terms that are not functions of A,

takes the form: .

1 1
(N ye ——log |u; "W, — ~u;bi W, 'bFT ¢
Ovy2)oe Y {5 ol = i
The solution A can be obtained via the following joint iterative process:

~(k
Step 1: Obtain 0( H), as described in Subsection 3.3.3;

Step 2: (E-step) Given the observed data, evaluate the expectation of £(\; y¥)

and estimate in the kth iteration :

R - ()
QAP = E [ﬁ(A;yzﬂy, W] - »Zlog W[ — Ztr (T wbrbT ),
with ub?br T — E [ub*fbf'ﬂy X<k>] ~ A T AT (v — XEB)(ys —
1 (] 1 K3 ? K v _"_ Q(yz) (] 1 1 (]
X;B*) QT ZIAL, AY = (P + 27T Q7 ZE) T
Step 3: (M-step) Uptade A by
[0k _ n(r —2)

k)N
ZZ 1 (‘Ij 16\11\:[, uzb*b*T >

Thus, by repeating Step 1, Step 2 and Step 3, this iterative process leads to
the MPL estimates of @ and the smoothing parameter \.

3.5 Goodness of fit and model selection

In this section, we consider diagnoses to assess the adequacy of the fit in the

proposed model and detect influential observations.
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Under condition that y; "™ ¢, (1;, £, ), the Mahalanobis distance, 62() =
(yi — p;) 2, (y; — p;), has been considered by several authors to detect outliers in
multivariate t models. To deal with the censored values existing in y;, we used the
imputation procedure, that is, for censored values y; = E [y;|V;, C;]. According to Lange
et al. (1989), under t model F; = 67(0)/n; is F-distributed with n; and v degrees of freedom,
where n; corresponds to the number of measurements associated with the ith subject.
In addition, F = 53(@)/71Z has asymptotically the same distribution as F;, i = 1,...,n.
Therefore, using the Wilson-Hilferty approximation (Johnson et al., 1994; Galea-Rojas,

1995), we have that the transformed distance is

=2 s (1o 2
F[z] B 9v t In;

% 9 1/2 [ ’
R E2/3+ i
9v 9712

and follows approximately a standard normal distribution. Thus, a Q-Q plot of the
[2]

transformed distances, F}™, can be used to assess the fit of the multivariate Student’s

t-distribution.

For a model selection criterion, we adopt the Akaike Information Criterion
(AIC) (Akaike, 1974) and the Bayesian information criterion (BIC) (Schwarz et al., 1978,
so BIC is also known as SIC) which have been extended for standard LME and NLME
models (Davidian & Giltinan, 1995). For t-SMEC model, we can define the AIC and BIC

as follows:

AIC(8) = —20,(8) + 2p*,
BIC(6) = —20,(6) + p*log N,

~

where £,(0) corresponds to the logarithm of the penalized likelihood function, defined in
Equation (3.9), p* is the total number of parameters in the model, and N denotes the size

of the sample.

3.6 Simulation studies

In order to examine the performance of our proposed models and algorithm, we
present two simulation studies. The first one examines the finite sample properties of the
estimators. The second study compares the performance of the estimates of the t-SMEC
model and the N-SMEC model. For both simulation schemes, we simulate longitudinal

data from the following model:
yz’j = ﬁlxuj +ﬁ2$2ij +f(t¢j) +b0¢ +b1,’tij +€ij7 = 1,...,n, ,j = 1,...,711'. (321)

The parameters were set at 8' = (f1,0:) = (2,—1.5), 0> = 0.13, and D with el-

ements oq; = 0.25, aja = 0.01, agpy = 0.1. We chose a smooth function f(t;;) =
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exp(sen(0.3t;;) cos(0.6t;)), where t;; = (1,2,3,4,5,6,7). The values x; = (7, z,) were

generated independently from a uniform distribution in the intervals (0,1) and (-1,1),

respectively, and those values were kept constant throughout the experiment.

All computational procedures were implemented using the R software (R Core

Team, 2020), which is available from us upon request.

3.6.1 Asymptotic properties

In this simulation study, the main focus is to evaluate the finite-sample per-
formance of the parameter estimates. Another goal is to examine the consistency of the
standard errors for the MPL estimates of 3 and f. Therefore, we generated samples from
the t-SMEC model, with (by;, b1;) ™ (0, D, v) and €; ~ t,,(0,Q;, v), where ; = ¢°E;,
with a correlation structure AR(1) for E; considering ¢; = 0.8 and v = 5. Moreover, to
study the effect on the level of censoring and sample sizes, we consider two left censoring
proportions (10% and 20%) and sample sizes fixed at n = 50,100 and 300. For each

combination of sample size and censoring level, we generated 200 simulated datasets.

To evaluate the computational accuracy and to examine the consistency of the
estimates of the standard erros suggested in Subsection 3.3.4, we computed the following

measures:

e The arithmetic average of estimates:

1 50

MC Mean(;) = — ;
200 &

e The average values of the estimates of the standard erros obtained through the

method described in Subsection 3.3.4 using the expected information matrix (MC
IM).

e The Monte Carlo standard deviation of 8 and f (MC SD).

Table 5 summarize the simulation results based on 200 Monte Carlo data sets
for the model parameters (3, f). It can be observed that the MC Mean approaches the
true value for fixed components and when the sample size increases the value of MC SD
decreases. It can also be seen that the approximate standard errors (MC IM) obtained in
Subsection 3.3.4 and the standard deviation estimates (MC SD) closely agree with each
other, suggesting that the derived standard errors works well. From Figure 11 it can be
observed that the variability among the estimates of the nonparametric function declines
as the sample size increases, and the censorship does not influence the estimation of the
nonparametric part. Therefore, we can conclude that the t-SMEC model provides estimates
with good asymptotic properties for the fixed components and the nonparametric part is

able to capture the true unknown function.
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Table 5 — Simulation study - Asymptotic properties. Results based on 200 simulated
samples. MC IM, MC SD are the respective average of the approximate standard
errors obtained using the expected information matrix, and the average of the
approximate standard deviations from fitting t-SMEC model.

n=>50 n=100 n=300
Cens. level Parameter

MC Mean MCIM MCSD MC Mean MCIM MCSD MC Mean MCIM MC SD
b1 =2 1.9993 0.0362  0.0389 2.0040 0.0263  0.0289 1.9996 0.0148  0.0145
By =—1.5 -1.4989 0.0186  0.0199 -1.5020 0.0131  0.0141 -1.4992 0.0073  0.0076
f(1) =1.2762 1.2759 0.1091  0.1128 1.2777 0.0787  0.0747 1.2713 0.0453  0.0462
f(2) =1.2270 1.2297 0.1384  0.1397 1.2301 0.1005  0.0933 1.2198 0.0576  0.0566
10% f(3) =0.8370 0.8470 0.1759  0.1820 0.8369 0.1281  0.1197 0.8270 0.0733  0.0713
f(4) =0.5029 0.5120 0.2176  0.2244 0.5020 0.1585  0.1507 0.4915 0.0906  0.0868
f(5) =0.3725 0.3866 0.2613  0.2675 0.3659 0.1904  0.1818 0.3568 0.1086  0.1059
f(6) =0.4176 0.4335 0.3061  0.3145 0.4077 0.2230  0.2111 0.3989 0.1272  0.1264
F(7) = 0.6549 0.6785 0.3519  0.3616 0.6456 0.2561  0.2433 0.6349 0.1461  0.1433
p1=2 1.9981 0.0292  0.0466 2.0037 0.0209  0.0316 1.9987 0.0117  0.0165
By =—1.5 -1.4971 0.0150  0.0222 -1.5011 0.0104  0.0166 -1.4986 0.0058  0.0090
f(1) =1.2762 1.2666 0.0934  0.1129 1.2672 0.0654  0.0783 1.2582 0.0376  0.0477
f(2) =1.2270 1.2163 0.1184  0.1385 1.2156 0.0833  0.0957 1.1995 0.0478  0.0577
20% f(3) =0.8370 0.8301 0.1501  0.1815 0.8174 0.1061  0.1227 0.7999 0.0607  0.0722
f(4) = 0.5029 0.4909 0.1853  0.2254 0.4777 0.1313  0.1543 0.4583 0.0749  0.0874
f(5) =0.3725 0.3629 0.2221  0.2698 0.3372 0.1577  0.1865 0.3163 0.0898  0.1067
f(6) = 0.4176 0.4055 0.2599  0.3174 0.3731 0.1846  0.2166 0.3522 0.1051  0.1273
f(7) = 0.6549 0.6476 0.2985  0.3649 0.6056 0.2120  0.2483 0.5820 0.1207  0.1443

10%

20%

1-\_/

i |

05=

00T=u

0oe=u

Figure 11 — Simulation study - Asymptotic properties. Graphs of the nonparametric
components with 200 replications. Adjusted curves (gray lines) and true curves
(red lines) for all scenarios.
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3.6.2 Robustness of the estimates

The purpose of this simulation study is to compare the fits of the t-SMEC and
N-SMEC models when we assume the normal distribution for the errors and random effects.
Also, we are interested in comparing the fits when the usual assumption of normality
is violated. Then, in this case, we replace the multivariate normal distribution by the

multivariate contaminated normal, which is a particular case of the SMN distributions.

First, for the normal distribution, we consider (by;, by;) ind. N5(0,D) and €; ~
N, (0, €;), where ©; = o’E,; with a correlation structure AR(1) for E; and ¢; = 0.4. For

the contamined normal, we consider (by;, by;) ™" No(0, u; 'D), € ~ N, (0, u; '€2;) and

I 0.3 with probability 0.3,
Z 1 with probability 0.7,

where Q; = 0°E;, with a correlation structure AR(1) for E; and ¢; = 0.4. We generated
M = 200 datasets of size n = 150 with left censoring proportion 15%. Once the simulated
data were generated, we fit the N-SMEC model and t-SMEC model to each simulated

dataset.

The model selection criterion as well as the estimates of the model parameters
were recorded for each simulation. The detailed numerical results under the scenarios
considered, including the average BIC values and the MPL estimates are summarized in
Table 6. From Table 6, can be noted that when the data generated follow the normal
distribution the performances of the N-SMEC model and t-SMEC model are similar,
indicating that the t-SMEC model gives reliable estimates. Also, to evaluate the use of
the BIC criterion, the N-SMEC model was chosen by the criterion in 79.5% (159/200) of
the samples generated as the best model. When the data generated follow the contamined
normal, the t-SMEC model has better estimates and the standard errors are less than the
N-SMEC model. Evaluating the BIC criterion, the N-SMEC model was chosen in 38.5%
(77/200) of the samples.

Another important feature in our model is the ability to detect whether the
distribution has heavy tails or not. It can be seen from Table 6 that when we fit the
t-SMEC model to normal data, the estimate of v on average is high, that is, the data does
not have heavy-tails behavior. Now, when the data generated is contaminated normal, the
estimated v on average is small since we are dealing with a distribution with heavier tails
that the normal distribution. Therefore, it can be observed that the t-SMEC model fits
better than the N-SMEC model counterpart when the data have heavy tail behavior.
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Table 6 — Simulation study - Robustness of the estimates. Summary statistics based
on 200 simulated AR(1) samples for the estimates parameters.

Fit
Normal Student-t
MC Mean MCIM MCSD MC Mean MCIM MC SD

Distribution = Parameter

51 (2) 2.0065  0.0475 0.0406  1.9968  0.0349  0.0413
By (-1.5) -1.5071  0.0233  0.0197  -1.5011  0.0172  0.0197
f(1)=12762 12798  0.0640 0.0583  1.2869  0.0601  0.0611
f(2)=1.2270 1.2287  0.0780 0.0719  1.2387  0.0751  0.0767
f(3)=08370  0.8428  0.0980 0.0994  0.8526  0.0948  0.1048
f(4)=05029 05130  0.1208 0.1203  0.5236  0.1168 0.1274
f(5)=0.3725 03889  0.1435 0.1414  0.3981  0.1394  0.1486
f(6) =04176 04434  0.1673 0.1670  0.4487  0.1628  0.1733
Normal — f(7) =0.6549  0.6867  0.1918 0.1958  0.6881  0.1868 0.2014
o? (0.13) 0.1396 0.0993
aq; (0.25) 0.2606 0.2294
o (0.01) 0.0124 0.0108
g (0.1) 0.0967 0.0845
b1 (0.4) 0.3212 0.3929
v - 24.5473
A 3.0217 1.3226
BIC 1490.536 1500.18
51 (2) 1.9966  0.0552  0.0458  1.9950  0.0373  0.0474
By (-1.5) -1.4998  0.0271  0.0257  -1.4992  0.0182  0.0244
f(1)=12762 1.2910  0.0806 0.0761  1.2874  0.0652  0.0696
f(2)=1.2270 12463  0.0991 0.0931  1.2263  0.0814  0.0899
f(3)=0.8370 08706  0.1247 0.1168  0.8582  0.1037 0.1121
f(4)=05029 05494  0.1539 0.1548  0.5279  0.1279  0.1457
f(5)=0.3725 04314  0.1835 0.1863  0.3984  0.1529  0.1735
Contamined f(6) =0.4176  0.4930  0.2142 0.2225 04552  0.1785  0.2044
Normal /(7)) =0.6549  0.7400  0.2458 0.2523  0.6884  0.2049  0.2288
o? (0.13) 0.2190 0.0932
a1 (0.25) 0.4311 0.2135
a9 (0.01) 0.0215 0.0120
g (0.1) 0.1603 0.0810
¢y (0.4) 0.3593 0.3925
v - 3.8593
A 4.7094 24.0673
BIC 1925.797 1920.187

3.7 Application

In this section, we apply our method to analyze a longitudinal dataset (UTI
data) corresponding to the interruption of treatment in HIV-infected adolescents at four
institutions in the USA.

The UTTI data is referred to a study of 72 perinatally HIV-infected children
(Saitoh et al., 2008), and it is available in the R package Imec (Vaida & Liu, 2012). Primarily
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due to treatment fatigue, unstructured treatment interruptions (UTI) are common in
this population. Suboptimal adherence can lead to antiretroviral (ARV) resistance and
diminished treatment options in the future. The aim of this study was to monitor the
HIV-1 viral load (RNA) after unstructured treatment interruption. The subjects in the
study had taken ARV therapy for at least 6 months before UTI, and the medication was
discontinued for more than 3 months. The HIV viral load were studied from the closest
time points at 0,1, 3,6,9,12, 18,24 months after UTI. The number of observations from
baseline (month 0) to month 24 are 71,62, 58, 57,43, 34, 24, and 13, respectively. Out of 362
observations, 26(7%) observations were below the detection limits (50 or 400 copies/mL)
and were left-censored at these values. The individual profiles are shown in Figure 12. This
dataset was analyzed by Vaida & Liu (2009) and Matos et al. (2013b) using the N-LMEC
and t-LMEC models, respectively.

log10 HIV-1 RNA
IS @
_

w

0 5 10 15 20 25
Month of TI

Figure 12 — UTI data. Individual profiles (in logl0 scale) for HIV viral load at different
follow-up times.

Here, we revisit the UTI data assuming that the functional form of the HIV

RNA levels over time is not known. We considered the following model:
Yij = f(tij) + bi + €, (3.22)

where y;; is the log, HIV RNA for subject i at time ¢;; (1 = 1,2,...,72; j =1,2,...,n,),
f(t;;) is an arbitrary smoothing function, b; is the random intercept for the i-th subject,

and ¢;; are random errors. The model (3.22) can be express in matrix form as:

where y; is a (n; x 1) vector of responses for the i-th children, N; is the incidence matrix,
f is a (8 x 1) vector whose components are function f(-) evaluated at the times in the set
t'= () =0,t=1,13=3,...,13 = 24), Z; = 1,,,, with 1,,, a (n; x 1) vector of ones and
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t; = [tis,. .. tim,|", b; = b; the random intercept and €; = (€1, ..., €n,) represents the

within-subject random error.

We acknowledge four cases of correlation structure to specify the matrix E;: the
continuous-time AR(1) structure, the compound symmetry (CS), the damped exponential
(DEC) and the uncorrelated (UNC). Table 7 represents the MPL estimates of 8 =
(f7,0%, a,¢",v)7, the smoothing parameter estimate ()), the corresponding penalized
log-likelihood function evaluated at 6 in the fitted models, and the values of AIC and
BIC. These results reveal that the model with an UNC structure has lower AIC and BIC
compared to the other structures, that is, the measures over the time of the same subject
are not correlated. From the fit of (3.22), considering the t-SMEC model under UNC
correlation structure, estimates of individual profiles are shown for six subjects in Figure

13a, it can be seen that the model seems to provide a good fit.

Table 7 — UTI dataset. Parameter estimates of the t-SMEC model (3.22) for the UTI
dataset. SE indicates the standard errors.

AR(1) CS DEC UNC
Parameter Estimate SE Estimate SE Estimate SE Estimate SE
f 4.1106 0.0948 4.0863 0.1169 4.1276 0.0998 4.0929 0.1082
fo 4.2219 0.0921 4.1853 0.1137 4.2146 0.0975 4.2116 0.1039
f3 4.3647 0.0991 4.3462 0.1243 4.3563 0.1046 4.3672 0.1126
fa 4.5284 0.0975 4.5213 0.1218 4.5226 0.1029 4.5323 0.1103
fs 4.6484 0.1013 4.6294 0.1277 4.6324 0.1066 4.6478 0.1153
fe 4.6795 0.1048 4.6704 0.1331 4.6729 0.1108 4.6786 0.1195
fr 4.7080 0.1129 4.7161 0.1446 4.7132 0.1200 4.7090 0.1300
fs 4.8736 0.1309 4.8499 0.1691 4.8542 0.1389 4.8697 0.1516
o> 0.0777 0.4668 0.3407 0.1036
«@ 0.3171 0.0615 0.0559 0.3741
P1 0.0007 0.7369 0.7777
P2 1 0 0.0317
v 3.0344 3.0998 3.036 3.0978
A 699.1542 2095.618 2137.032 695.6855
loglikp -341.2195 -339.7186 -340.5147 -339.4198
AIC 706.439 703.4372 707.0294 700.8397
BIC 753.1388 750.1369 757.6208 743.6477

Again, for the t-SMEC model under UNC correlation structure (our best
model), we present in Figure 13b the curve of the estimated nonparametric function and
the corresponding confidence bands. It can be noted that the estimated nonparametric
function increase gradually. This is the evidence of the negative effect of the antiretroviral
therapy interruption on the viral load levels. It means, the viral load increments consistently
along the time when the antiretroviral therapy begins to be interrupted. For the fit model,
the mean viral load (E(y;;) = f(t;;)) increases from 4.09 at the time of UTI to 4.87 at 24

months.

Figure 14 displays the transformed distance plots, for the Student-t (Figure
14a) and the normal (Figure 14c¢) models. The transformed distance under the Student-t
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Figure 13 — UTI dataset. (a) Viral loads in log;, scale (solid line) for 6 randomly chosen
subjects and estimated trajectories (red, dotted line) for the t-SMEC model
in the UNC structure. (b) Fitted curve of nonparametric part. The shaded

regions denote the 95% confidence intervals obtained by f + 1.96\/\7&7”(?).

model seems to be closer to normality than under the normal model. Therefore, it can be
seen that the fitted model t-SMEC with the UNC correlation structure seems to present
an adequate fit. Identification of outlying observations under the t-SMEC model may
be performed, for instance, by the scatter plot between the estimated weight and the
estimated Mahalanobis distance, Figure 14b. As can be seen, the subject 42 receive a
smaller weight and the higher Mahalanobis distance. Besides, in this Figure, it can be
observed that many observations present smaller weights, verifying the robust aspects of
the MPL estimation under the Student’s t-distribution.

Expected normal deviate

: . Mahalanobis distances h Expected normal deviate

Figure 14 — UTI dataset. (a) Normal probability plot for the transformed distance under
the t-SMEC model with UNC structure. (b) Estimated weights (;) for the
estimated t-SMEC model with UNC structure. (¢) Normal probability plot
for the transformed distance under the N-SMEC model with UNC structure.
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3.8 Conclusion

In this chapter, we proposed a semiparametric mixed model for the analysis of
longitudinal censored data, assuming that the within-individual measurement errors and
the random effects were distributed with multivariate Student’s t-distribution. This work
can be considered as an extension of Matos et al. (2013b), where a linear/nonlinear mixed

effects model was considered for censored data with Student’s t-distribution.

In practical implementation, the EM algorithm is used to obtain MPL estimates
of the regression coeflicients of the parametric part and to estimate the nonparametric
component as a natural cubic spline. We proposed the EM algorithm to estimate the
smoothing parameter using a modification of the mixed model proposed by Green (1987).
The first simulation study validates the performance of our method and the second study
indicates that there is an efficiency gain of the t-SMEC model when compared to the
N-SMEC model for data with tails heavier than normal. A real data set previously analyzed
under N-LMEC and t-LMEC models is reanalyzed under the semiparametric mixed model,
showing the flexibility of the t-SMEC model to fit the data set in which we do not know
the functional form that relates the variables. The codes in R (R Core Team, 2020) used

in the application can be obtained from the authors upon request.

In this work, we have discussed the estimation of a single nonparametric function,
but the methods can be generalized to additive mixed models in the presence of multiple
nonparametric additive covariate effects and non-Gaussian outcomes (Ibacache-Pulgar
et al., 2013). Although the t-SMEC model considered here has shown great flexibility
for modeling symmetric data with indications of lighter or heavier tails than the normal
distributions, its robustness against outliers can be seriously affected by the presence
of skewness. Thus, it is of interest to generalize the t-SMEC model by considering a
more flexible family of distributions, such as the scale mixtures of skew-normal (SMSN)
distribution class, to accommodate the censoring, skewness and heaviness in the tails of a

distribution, simultaneously.
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Chapter 4

Likelihood-based inference for
mixed-effects models with censored
response using skew-normal

distribution

4.1 Introduction

Longitudinal studies have attracted a considerable interest in clinical trials,
biological psychology, environmental science, and medical research, as they enable the study
of change over time of an outcome and the evaluation of determinants of change. Linear and
nonlinear mixed-effect (N/LME) models are powerful tools for analyzing longitudinal data.
In these models, random effects are incorporated to accommodate among-subject variation
(Laird & Ware, 1982; Davidian & Giltinan, 1995). The random errors and/or random
effects are routinely assumed to have a normal distribution due to their mathematical

tractability and computational convenience.

Although the normality assumption may be reasonable for many situations, a
serious departure of normality will cause a lack of robustness and subsequently lead to
invalid inference and unreasonable estimates (Verbeke & Lesaffre, 1996). Specially non-
normal characteristics such as skewness with heavy right or left tail appear often in virologic
responses. For example, Figure 15a displays the histogram of the viral load measurements
for 44 subjects enrolled in an AIDS clinical study - A5055, (refer to Subsections 1.4.2
and 4.6.1 for details of this data). From this figure, it can be seen that the viral load

measurements are highly skewed, even after a log,;, transformation.

As an alternative to the weakness of unrealistic normality assumptions and
eliminate the need for ad hoc data transformations, asymmetric distributions can be

applied to consider this non-ignorable departure from normality. Lachos et al. (2010)
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proposed a robust generalization of LME, called the skew normal/independent linear
mixed (SNI-LME) model, by assuming a skew normal/independent (SNI) distribution
(Branco & Dey, 2001) for the random effects and a normal/independent distribution
for the random errors. HO & LIN (2010) proposed a model that provides flexibility in
capturing the effects of skewness and heavy tails simultaneously among longitudinal data,
they consider an extension of LME assuming a multivariate skew-t distribution for the

random effects and a multivariate Student’s t-distribution for the error terms.

Another complexity of longitudinal studies occurs when the response is censored
for some of the observations, which often arises when assay measures are collected over time
and the assay procedure is subject to limits of quantification. As a case in point, the HIV-1
viral load, which is currently the primary marker of HIV infection, has a lower and upper
quantification limit, which depends on the type of assay used. The viral load of patients
receiving anti-retroviral treatment will typically decline and stay for a longer period below
the lower limit of quantification. Figure 15b shows the measurements of viral load for
patients in the A5055 study. We can see that for some patients viral loads are below a
limit of detection (50 copies/mL here). When response observations are below limits of
quantification, a common practice is to impute the censored values by the detection limit
or half the detection limit (Wu & Ding, 1999). Such ad hoc methods may produce biased
results as pointed out by Hughes (1999), Jacqmin-Gadda et al. (2000), Matos et al. (2016),

just to name a few.

In the literature, longitudinal data with censored observations have received con-
siderable attention. Vaida & Liu (2009) proposed an exact EM algorithm for LME/NLME
with censored response (LMEC/NLMEC), which uses closed-form expressions at the
E-step, as opposed to Monte Carlo simulations. Robust extensions of LMEC and NLMEC
based on the multivariate Student’s t-distribution, named as tLMEC and tNLMEC, have
been introduced by Matos et al. (2013b). On the other hand, and under a Bayesian
framework, Bandyopadhyay et al. (2012) studied LMEC models considering both skewness
and heavy tails, replacing the Gaussian assumptions with skew-normal/independent (SNT)
distribution. However, to the best of our knowledge, no previous work have investigated
LMEC/NLMEC models based on the skew-normal distributions from a likelihood based

perspective.

In this chapter, we are devoted to presenting methodological developments of the
skew-normal linear/nonlinear mixed model with censored responses (SN-LMEC/NLMEC)
from a likelihood based perspective, which takes into account the skewness behaviour of
the random effects. The SN-LMEC/NLMEC is defined by supposing that, for each subject,
the random effects follow a SN distribution introduced by Azzalini & Valle (1996), while
the within-subject errors follow a multivariate normal distribution to prevent identifiability

problems. Like Matos et al. (2013b), we show that the E-step reduces to computing the
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Figure 15 — A5055 data. (a) Histogram for HIV viral load (in log,,) scale. (b) Individual
profiles for HIV viral load (in log,, scale).

first two moments of a truncated multivariate SN distribution. The likelihood function is
easily computed as a byproduct of the E-step and is used for monitoring convergence and

for model selection.

The organization of this chapter is outlined as follows. Section 4.2 presents
the skew-normal distribution (SN) and some of its keys properties. Section 4.3 introduces
the model (SN-LMEC) and describes an efficient EM algorithm for calculating maximum
likelihood (ML) estimates of parameters. We also discuss the issues related to empirical
Bayes estimates of the random effects and prediction of future responses. The extension
to the nonlinear case (SN-NLMEC) is discussed in Section 4.4. A simulation study is
conducted in Section 4.5 to evaluate the proposed method. In Section 4.6, two case studies
of HIV viral load are analyzed in detail. We conclude the article with some discussions in
Section 4.7.

4.2 The multivariate skew-normal distribution

In this section we present the multivariate skew-normal distribution (SN) and
multivariate extended skew-normal (ESN) and some of its useful properties. Some versions,
extensions, and unifications of the SN family are carefully surveyed in works such as
Azzalini (2005) and Arellano-Valle et al. (2006).

Definition 1. A random vector Y has multivariate skew-normal distribution with p x 1
location vector p, p x p positive definite dispersion matriz 3 and p x 1 skewness parameter

vector X, and we write Y ~ SN,(p, X, X), if its density is given by

SN, (y; 1, B, A) = 20, (y; 1, Z)O (AT (y — p)), (4.1)

where ¢, (-; p, ) and O,(-; p, X) denote, respectively, the probability distribution function

(pdf) and the cumulative distribution function (cdf) of the p-variate normal distribution
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Ny(p,X), with mean vector p and covariate matriz 3, respectively, and 12 s such

that Y2512 = 3371 Note that if X = 0, then the density of Y reduces to the Ny(u, )
density.

It is worth mentioning that the multivariate skew-normal distribution is not
closed over conditioning. Next we present its extended version which holds this property,
called, the multivariate ESN distribution.

Definition 2. A random vector Y has multivariate ESN distribution with p x 1 location
vector w, p X p positive definite dispersion matrix 3, p x 1 skewness parameter vector A,
and shift parameter T € R, denoted by Y ~ ESN,(p, X, X, 7), if its density is given by

ESN,(y; 1, A, 7) = € op(y; 1, 2) @1 (T + ATE 2 (y — p)), (4.2)

with € = ®1(7/(1 + AT A)Y2). Note that when T = 0, we recover the skew-normal distribu-
tion defined in (4.1), that is, ESN,(y; p, 3, X, 0) = SN,(y; p, 2, A).

Define,

b
Ly(a,b;p, T, 7) = J 0y, D)0 (7 + X2 (y — p))dy.

When A =0 and 7 = 0, we recover the multivariate normal case, and then

b
Ly(a,b;p,3,0,0) = Ly(a,b;u, %) = J Op(y; 1, X)dy.

Proposition 5. Let Y ~ SN,(ut, 3, X\) and Y be partitioned as Y = (Y{,Y,)", with

dimensions p1 and ps, p1 + p2 = p, respectively. Let

E11 E12
p= (), = ( s % ) A= (AL and e =(p) )]
21 22

be the corresponding partitions of w, X, X and @ = S7V2X. Then,
(i) Y1 ~ SN, (11, Sy, c10211°0); and
(ii) YaY1 = y1 ~ ESN,, (s 1, Ban.1, D510, T2.1).

where ¢12 = (1 + 90;222.1602)71/2; D = ¢+ I Zp,, Tong = Ty — X013 Ty,

Moy = Mo + Zn B3 (y1 — py) and 10 = 0 (y1 — o).
Proof. See Proposition 2 in Galarza et al. (2019). O

The mean and variance of a ESN random vector is given in the following lemma:
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Lemma 1. Let Y ~ ESN,(p, X, X, 7). Then,

i) E[Y] = p 4+ n3Y2A,

M s

i) E[lYY ] = + ppu” + 0 (pA"=2 + V2007 + mzmm ,

.
A) =2

with n = ¢1(1;0,1+ X X)/&. When 7 = 0, we recover E[Y],E[YY"] and Var(Y) the

skew-normal distribution.

i) Var(Y) =3 — 21/2>\<A—T
iti) Var(Y) Ul M= T

Definition 3. Let X ~ ESN,(pt, 2, A, 7) and P(a < X < b) > 0. A random vector Y has
a truncated extended multivariate skew-normal (TESN) distribution in the interval [a,b],
denoted by Y ~ TESN,(p, 3, X, 7, [a,b]), if its density is given by

__ ESN(yip, 3, A7)
{2 BSN,(y; 1, 2, A, 7)dy

Tx(y) a<y<hb.
For the special case T = 0, we refer to this distribution as a truncated multivariate
skew-normal (TSN) distribution, i.e., TESN,(p, X, X, 0, [a,b]) = TSN,(u, 3, A, [a, b]).

The following properties of the multivariate truncated ESN distribution are

useful for the implementation of the EM-algorithm in SN-LMEC/NLMEC models.

Lemma 2. Let Y ~ TESN,(p, X, A, 7, |a, b]). For any measurable function g(-), we have

that
ot + NTETVHY

E Y
1Y) A (Y

—pn) | _ nL
et 7 Elg(W)],

with 1 = ¢1(7;0, 1+ XA/, L = Ly(a,b;pu — pu*, W), L = L,(a,b;p, 2\, 7), ¥ =
VAL, + AN)TISY2 pf = 70, and W ~ TN, (pu — p*, ¥, [a, b]).

Proof. See Lemma 1 in Galarza et al. (2019). O
Corollary 1. Setting 7 = 0, it follows that Y ~ TSN,(u, X, X, [a, b]) and

P ATE V(Y — p))
O ATZ V(Y — p))

E lg(Y)

with Ly = Ly(a,b; pu, ¥), Lo = L,(a,b; pu, 2, X, 0) and Wy ~ TN,(p, ¥, [a, b]).

Proof. The proof is straightforward. Setting 7 = 0, it suffices to find that pu* = 0 and
n=4/2/7(1+ATA). O
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4.3 The skew-normal linear mixed effects model with censored re-

sponses

4.3.1 The statistical model

In order to allow symmetric-asymmetric properties in real data sets, the SN-
LMEC is defined by extending the normal mixed-effects models presented by Vaida & Liu
(2009). The model is specified as follows:

Yi ZXZB—FZZbl—i-GZ, 1= 1,...,n, (43)

where the subscript 7 is the subject index, Y; = (Y1, .. ., Ymi)T is a n; x 1 vector of observed
continuous responses for sample unit ¢, X; is the n; x p design matrix corresponding to
the p x 1 vector of fixed-effects B, and Z; is the n; x ¢ design matrix corresponding to the

q x 1 vector of random effects b;, and €; is the n; x 1 vector of random errors.

In this work, we assume that

(@) ((3) G a)C) e
€; 0 0 Q, 0

A
- _ — /2 —
where ¢ = —/2/1, A =DV4§, § = S UNE

cA, of b, is chosen in order to obtain E[b;] = 0, as in the normal model. The dispersion

The value of the location parameter,

matrix D = D(a) models between-subjects variability, and depends on the unknown and
reduced parameter vector a of dimension ¢q. The correlation structure of the error vector
is assumed to be Q; = 0°E;, where the n,; x n; matrix E; incorporates a time-dependence
structure. Thus, we adopt a DEC structure for €2;, as proposed by Munoz et al. (1992). This
correlation structure allows us to deal with unequally spaced and unbalanced observations

and is defined as
Qi :g2Ei :OQEZ(¢atZ) = 0-2|:¢|1tij7tik|¢2:|7 L= 17"'7”7 jak: = 17"'7”2"

where ¢, is the correlation parameter that describes the autocorrelation between observa-
tions separated by the absolute length of two time points, and ¢, is the damping parameter
which allows the acceleration of the exponential decay of the autocorrelation function,
defining a continuous-time autoregressive model. For practical reasons, the parameter
space of ¢ and ¢9 is confined within ® = {(¢1,¢2) : 0 < ¢ < 1,2 > 0}. A more detailed
discussion of the DEC structure can be found in Munoz et al. (1992).

According to Lachos et al. (2010), model (4.3) can be written hierarchically as
Yib; " N, (XiB + Zb;, ),
bi|Ti =t ¢ N, (At;,T), (4.5)
T, % IN(e 1 (e, 0)),
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where ' = D — AA".
It follows from (4.5) that the density of Y is
f(Yi) = 20,,(Y;XiB + ZicA, %) P, (5\:21‘_1/2(}% - X8 - ZiCA)) , (4.6
i, Y; " SN, (XiB + ZicA, S, Ay), i ...n, where 3; = Q; + Z,DZ/

_ ~2g.
Ai = (Di1 + Z:E;lzl)il and Al = —El ZIDC s
VI+CTAC

As previously mentioned, the proposed model also considers censored obser-

with ¢ =D 2.

vations, i.e., we assume that the response Yj; is not fully observed for all ¢, 7. Thus, we
consider the approach proposed by Vaida & Liu (2009) to model the censored responses.
Let the observed data for the i-th subject be (V;, C;), where V; represents the vector
of uncensored readings (V;; = Vi) or censoring level, and C; is the vector of censoring
indicators, such that:
1 it Vi <Y < Vi,

Cyj = SRR (4.7)
forall i € {1,...,n} and j € {1,...,n;}, i.e.,, C;; = 1 if V}; is located within a specific
interval. The model defined in (4.3)-(4.7) is henceforth called the SN-LMEC model.

4.3.2 The likelihood function

To obtain the likelihood function of the SN-LMEC model, first we treat
separately the observed and censored components of Y, i.e. Y; = (Y?',Y¢")T, with
C;;j = 0 for all elements in Y7, and C;; = 1 for all elements in Y;. Analogous, we write
V,; = vec(V{, VY), where V¢ = (V{,, V5,) with
DI Jrte

N <ol <cT
) >\z = (N 7A‘ ’ and i (')Ta ¢ Ta
E;?O ECC ) ( (2 (] ) CP (‘P’L cpl )

po= W, B = (

where p; = X;8 + Z;cA and ¢; = X 1/2)\ Then, using Proposition 5, we have that
!~ SNy (. B, ¢S 0) and Y[V = y7 ~ ESNyg (nf”, i, 81605, 71°),

’L”L

where

co C co 0071 (0] ] cc co OO0\ — ocC CcO
= p + 303 (yi _I“l’i)v S; =X — X (Ei ) 121‘ G ( +<P1TSlCPz) 1/2>

(2

D=+ 5 8% and 7 =07 (y? — ).

)

Thus, the likelihood for the i-th subject is given by
Li(0) = Li = [f(y/|0)P(VY; <y; < V5ly;,0)
= SNy (g, 307, €230 0) Le (V5 Vi 1, 81,8108, 7%),

Z’Z

and the log-likelihood function for the observed data is given by ¢(8]y) = Z log L;.
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4.3.3 The EM algorithm

In this section, we describe how to use the EM-type algorithm to compute the
Maximum Likelihood (ML) estimation of the DEC-SNLMEC model. The EM algorithm
originally proposed by Dempster et al. (1977) has several appealing features such as stability
of monotone convergence with each iteration increasing the likelihood and simplicity of
implementation.

Lety=(y/,....,y)) ,b=(b],....b)T t =(t;,...,t,)", V =vec(Vy,...,
V,) and C = vec(Cy,...,bC,), where (V;, C;) is observed for the ith subject. Treating
y, b and t as hypothetical missing data, and augmenting with the observed data V, C, we
set y. = (CT, V', y",b",t")" as the complete data. Hence, it follows from (4.5) that the

complete-data log-likelihood function is of the form

((0ly.) - i llog £(y[b) + log f(bilt:) + log £(t)]

" 1

= Z {— log |€2;] — ( yi — XipB — Zibi)—rﬂ;l(Yi - X8 —1Zb;)
l
2

log || — ( —t;A)' T (b; — tiA)} +C

where C is a constant that is independent of the parameter vector 6.

The E-step evaluate the conditional expectation of complete-data log-likelihood
WT  ~ (k ~ (k)T
function given the observed data V, C and current values 0( ) (,6( ) ,02( ), &(k)T, ¢)( : ,
k
/\( a )", yielding the so-called Q-function

Q(6:6") = Ele@:yo|v.c.8"
n (k n o
= ZQIZ (/870-27 ¢‘0( )) + Z QQi <a, }\‘0( )> s
1=1 i=1
where
i ~ 1 ~ 1 N ~
Qi ( N ,¢'\0(k)) = —n—logUQ(k) — Zlog|EM| — D [agk)((ﬁ(k))
2 2 252
~ T ~ ~ ~ T
n 5(@ XiTEi_l(k)Xiﬁ(k) —25(k) X,;TE 1) ( K _ g b(k))], (48)
~ 1 A 1 A1) (k) A (k) (k) ~ (k)T
Qo ( A" )> = —§log|1“(k)| — Str [F ' <bib,~T A" A

~ (k) ~ ~ kT
+ pPAPAW >] (4.9)

A . S S — (k)
with a®(3") = tr [Eil(k) (yiyl-T —9yib] Z] + Zibibl 7] )]



Chapter 4. Mized-effects models with censored response using skew-normal distribution 81

The following conditional distributions are useful for obtaining the conditional

expectations of missing data. From Lachos et al. (2010), we have that

bi|T; =t;,Y; =y, ~ Ng(sit; + B.Z/ Q7 (y;: — X;8),B;),
Ti|Yi=y; ~ TN; (C +m;, M7; (0, CO)) ;

where M; = (1 + ATZ]X'Z,A) V2 m; = M2A'ZI Y, (y; — XiB — ZicA), B; =
T '+ 27/ Q7'Z) " si = (1, -BZ Q7'Z)A, X, = Q; + ZTZ] .

Therefore, the Q-function is completely determined by the knowledge of the
following expectations:

a(k) _ E[T ’\(k)]

— et IPWAW 7T (5 -x, BY —z,cA" )) + MW,

1y iy

pt E[72v; ;0" ]
— A )TZTT 1(k)R(k)T 1““)z A( DN 4
U ~ (k
+ Azs%“f”z;?;“’“) (@5“ - @5‘” (Xz@(k) + ZeA")) + 2e MR,
E}Ti(kz) _ K [TiYi ) i;A(k)]
= J/W\Q(k) (ylyZ - yz(k) (Xzﬁ( : + ZicA( )) ) X, 1(k)Z A( ) + Mi(k)ﬁiyi(k)
+ g
B(.k) & [b- e (k)]

= Y+ B0z 0, (50 - x8")
0

~ ~ (K
_ ( )A(k)A(k)T n 2B (k) ZTQ 1(k) ( Zyz( ) ng)Xiﬁ( )) ST

iy iy

bb = E|bb/

+ BWzTa Mo Wz W L BW),
ybl = E[vb|v.c.8"]
D) sl A1) - )
_ <Yiy;‘r _ylgk)ﬂ( )TXiT> a; l(k)ZiBl('k)'i‘thZ(k) ®T
—®
th = E[Tb/|v, 0"

— (k) A (E)~K)T ~— ~ (k)
_ <tiyi _E® B() Xf) Q) 1, B 4 pMawT,

T ~(F)

B (k) ON ~(k) ~ (k) ~ T
with R;” = y;y, —2y (XB —i—ZZcA )—l—(Xi,B + Z;,cA )(Xﬂ + Z;,cA ),
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R ——(k) T
20—yl —osWaMTxT 1+ x, 85 x

It is easy to see that the E-step reduces only to the computation of y;, y;y.',
k; and f;y;. These expected values can be determined in closed form using Lemma 2 and

Corollary 1, as follows

1. If the ith subject has only non-censored components, then,

r ~(k
—=(k) r ~(k)
vl = E|YY]|vi.c.8"| =y,

A = BlwWe (S (v ‘—X~B—Zic8))‘vi,ci7a(’“)]

— W ()\ RIS (’“)( ~x,3" —z,cA" ))

S ol

v = E[yiws (WS (yi - XiB - 2ied) ) [Vi = Vi €, 0"

k
= Yz()7

with We(x) = ¢1(x)/®(2),z € R.

2. If the ¢th subject has only censored components then from Corollary 1,

~(k k

3 = E|Yi|vi.C, ”] E[wie"].
—=(k) i T 115k
vy, = E[Y.Y[|v.c.8"| =r[ww]e"],

Egk) = [k 7W<1> (x\ 3, s (Yi - Xi/@ - ZiCA>) ‘Vz‘, Cua(k)]
1 Lm (V127 V217 “’zk)a z )
\/g (Hiﬁmiﬁk)) Lo, (Vu,Vzi;uE) £, )
~(k)

G ]E[YiW(p (AZE;UQ( X3 Zch))‘V VvV, C..0 ]
E|

T & = NS -1 .
where \Ill(.k) = 22@1/2 (Im + }\(k))‘(k)T) 22(lf)l/z

and W; ~ TSN,,. (A(k) E( ) A(k) [Vli;VQi])-

= (8)
o

Wor ~ TN, (@, 87, [V, Vai])

3. If the ith subject has censored and uncensored components and given that (Y; ‘VZ-, C),
(Y;|Vi, C;, Y?), and (Y{|V;, C;, YY) are equivalent process, then from Proposition

5 and Lemma 2, we have

~(k
1,9( )] - Vec(Y@? (k))
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vyl = E|[v.Y]

0,0 0, k)T
8% - vy i
; wilyih owaw )

A = EB[we (WS (vi - XiB - zicA) ) Vi Y2 0"

¢1 (Aco 0 1+ )\CO(’C)TAZCO(IC))

)

Lug (Vi Vs i, 00)

®,(7) L, (V%,V&ff“(’“) g 3\00<’f>’ﬁco<k>)
Ay = E[yiws (WS (yi - XiB - 2ied) ) [Vi = Vi ©1,0"]
(k) (k)

= VeC(YwWOz) Ki ™

VAVEk) [W \O(k)] W

Elww][o”], & =E|walo"],

K3 K3

~ ~co(k
with W; ~ TESN,,c (“"(’“),S(-’“),A‘ YA v, VD),

L~ . (k) &k c c ) ~ 7’ co _ Ql/2, ¢
WOZ Tan (”’z ’lIl [Vlwv ] ) and 7 (1+>\’?0T>\50)1/27 Az Sz Pis

It can be noted that we need the first and second moments of a TESN distribu-
tion. These can be determined in closed-form using recurrence relations. For more details
on the computation of these moments, we refer to Galarza et al. (2019). These moments

can be obtained in the R package MomTrunc (Galarza et al., 2020).

~(k
The M-step then conditionally maximizes Q(0|0( )) with respect to 6 and

. . ~(k+1)
obtains a new estimate 6 , as follows:

-1
Y _ (ijﬁi “’”Xi) SXTE (5% - z,b),

A(k-‘rl) Z?:l tlbz

pl+n 1 i ﬁ(k) W AT _ A T n t/\g(k)A(k+1)A(k+1)T)
N « A S A b )
i=1
~ (k+1 1 &[a. ~ (k k A~ (k
0.2( +1) _ NZ |:a’1(k) i [3( +1)7 XTE 10 ﬂ( +1) 2[3 (k+1)T XTE 1(R) ( _ 7. b(k))] :
i=1
~ 1 1 ~ ~(k ~
kD ¢alg(%1r)n%§(+ (—2log(|Ei|) NG [az(k) _ 26( +1)7 XTE 100 ( *) _ 7. b )
€(0,1)x 20
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n

where N = Z n;. The skewness parameter vector, and the parameters of the scale matrix
i=1
of the random effects b, can be estimated by noting that

(k)

K) AT ol DK™ A

p® - % L APAMT ana A .
A~ ()T Ay~ (k) /2
(1 A DHm A )

This process is iterated until some distance between two successive evaluations of
~(k ~(k ~(k ~(k
the log-likelihood £(y) in Section 4.3.2, such as [£(8" ) =@ or 168"y /0(0")=1),

becomes small enough, for example, € = 107,

4.3.4 Approximate standard errors

In what follows, we reparameterize D = F? for ease of computation and
theoretical derivation, where F is the square root of D, i.e. FY/?, containing q(q +1)/2

distinct elements & = (au, . .., Qyeg1)/2) -

Following Louis (1982), the individual score is determined as

_ 0dlog f(Yi|0) ) <5€¢c(9|}’z‘c

| e
S(yl|0) 50 50 ‘Vwcze )

where (;.(0]y;.) is the complete data log-likelihood function formed from the complete
observation y,. Substituting the ML estimate of 8 in s(y;|0) leads to s(y;|0) = 0. As a

result, the empirical information matrix I.(8]y) is reduced to

L(Oly) = > .88/,

i=1

.
where §; = (§i(ﬁ) ,si(UQ),§i(a)T,§i(¢)T,§i(>\)T)  has elements given by

R 1 [orm /o SN
si(B) = = [XJEi_l (Yi - X8 — Zibi)] ;

o
R T S S N
§i(0?) = — [ai _ 98 XTE;! (yi — Zibi) + B'XTE; 1)@-[3] ,

207 202

~ ~ ~ T
Sl(a) = (Si(a1>7 . 7Si(aq(q+1)/2)) )

with ) (k) (k)
a; = tr lﬁ ' (y@-yiT —2yib] Z] +Zbb[ 7] )]
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R 1 a1 1 ] ] e il o~ .
Silay) = —5tr (r 11“%) +§{tr (1“ T, T 1bib27) +tb) (r 'Fo -1 T, T A)

~— Al ~ ~T

+ (F .6 -1 T, T A) iy — %[A (r F.6- T Faf‘lﬁ)
+ FI‘_IA]}
. 1 A
Si(ps) = [tr (ylyZ —2y,bTZT—|—beTZT 2(yi—Zibi)B XZT
20
1 /~ .
+ X,B8 XT) E R ]—§tr(E;1E§),
~ 1 ~A—1 1 Amle Al —~ /a1 - ~l A~
) = 5t (r I‘At>+§{tr (r IyNA bibj)ﬂibj (r A, —T7'D, D A)
~—1 - Al e Al AN T —
+ (F A, —~T7'D,T A) oy

~—] ~

B[AT(A, T, EA) 4 LA

where
i or T T
Lo, = 3 =FF, + ¥, F —F§8'F, —F,86'F,
a’f’
. OF
Fr = 50[ aza, T:1,7q(q+1)/2’
' or Aoy 2AANT
ry = —|. ~=-F _ F
) OA| A=A (1 +ATA (1+ATN2 )
A = aA _ Xt . )\tA
AT 5)\15 A:/X N (1 + ATA)l/Z (1 + )\T)\)i”/? )
- OA OAXT
A= ol 5 Aw= o t=1,...
! 8)\15 )\:A’ 2t a)\t A:A’ ) y 4,
E; = —~,5=1,2.
005 =
For the DEC structure we have that
6Ez’ ti;—t; |¢271
ti' — tz ®2 ij —lik 7
oo | J k| $1
0E; "
Ocbs = |tij - tik:|¢2 log (|tij — ti|) log (gzﬁl)gb‘lt bk .

4.3.5 Estimation of the random effects

In this section, we consider an empirical Bayes inference for the random effects
that is useful for interpreting the subject-specific variability. From (4.3)-(4.4), it implies
that Y;|b; ~ N,,,(X;8 + Z;b;, ;) and b; ~ SN,(cA,D, A). The conditional distribution
of b; given Y; belong to the extended skew-normal (ESN), and its pdf is

f(Yi[bi) f(b;)
PO = 10 ) ()b
¢q (bi; cA + DZI ST (y; — X8 — ZicA), A;) @1 (A D2(b; — cA))
, (5\22;1/2(% X8 — ZicA)>

Y



Chapter 4. Mized-effects models with censored response using skew-normal distribution 86

ie.,

bilY: ~ ESN,(cA + DZT; (v~ Xif ~ ZicA), A AC,
('DZIS Ny, — XiB — ZicA)).

Thus, from Lemma 1, it follows that
E|[bi]Y; =y;,0] = cA+DZ/S (y; — XiB — ZicA)
A; N
© W (I (- X8 - Zied)).

VI+ AL

The minimum mean-squared error (MSE) estimator of b; obtained by the

conditional mean of b; given V; and C; is
bi(6) = E[b;|Vy,Ci| = E[E(b;[Y;,0)|V,,Ci

~ A, ~
= cA+DZ/3S7'(§ — XiB — ZicA) + —Cﬁi,
V1I+¢TAC
where y; = E[YZ»‘VZ», C;] and R; = E[W@(')‘Vi, C;] depend on the censoring pattern of
subject i (see Subsection 4.3.3).

The empirical Bayes estimates of random effects are obtained by substituting
the ML estimates 8 into b;(0), leading to b; = bz(a) In addition, the fitted values of
responses can be estimated directly by y; = Xi,@ + leA)Z

4.3.6 Prediction of future observations

The prediction problem for longitudinal data is also of great importance in a
number of practical applications. Rao et al. (1987) pointed out that the predictive accuracy
of future observations can be taken as an alternative measure of “goodness-of-fit”. In order
to propose a strategy to generate predicted values from the DEC-SNLMEC model, we use
the approach proposed by Wang (2013). Thus, let y; o1s be an observed response vector
of dimension n; s x 1 for a new subject ¢ over the first portion of time and y; reqa be
the corresponding n; preq X 1 response vector over the future portion of time. Moreover,
let X7 = (X obs, Xipred) and Z7 = (Z; obs; Liprea) denote the (n;obs + Niprea) X p and

. . . _ T T
(i obs + Mipred) X ¢ design matrices corresponding to y; = (ymbs, yi’pred).

To deal with the censored values existing in y; s, we use the imputation
procedure, by replacing the censored values by y; = E[y;|V;, C;, é] obtained from the EM
algorithm. Therefore, when the censored values are imputed, a complete data, denoted by
Yiobs*, 1S obtained. The reason to use the imputation procedure is that it avoids computing
truncated conditional expectations of the multivariate skew-normal distribution originated

by the censoring scheme. Hence, we have that

_ IOk
V! = Fiobsts Yiprea) ~ SN, e 41 o) (X Bt ZieA, B, Ai) ’
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bs* obs* bs* pred —1/2
L (Ee e L s

= ——* > As mentioned in Wang
pred,obs™ pred,pred
2 2 V1+¢TAKC
(2013), the best linear predictor of y; ,ea With respect to the minimum mean squared
error (MSE) criterion is the conditional expectation of y; prea given y; one#, which, from

Proposition 5, is given by

~ T* Siva;
O — W ’ 4.10
Veoral9) = b ' <\/1+VQT,~S¢V2i> V1 +v3Sivy o

N T .T\T _ w—1/2 7% _ pred,pred pred,obs™ obs* obs*\ —1 s 0obs* pred
x pred,obs™ obs™ ,obs*\ 1
H = Xi,predﬁ + Zi,predcA + Ez (Ez ) (yi,obs* - Xi,obs*:B - Zi,obs* CA)a
T
* obs* obs*y\ 1 xobs*,pred
T = (Vu + (Ei ) > Vo (yi,obs* - Xi,obs*/g - Zi,obs* CA) .

)

Therefore, y; prea can be estimated directly by substituting 0 into (4.10), leading

to m = g’i,pred(e)'

4.4 The Nonlinear case

Extending the notation of the previous section and ignoring censoring, we first
propose the following general mixed-effects model in which the random terms are assumed

to follow a multivariate skew-normal distribution (SN-NLME).

Let y; = (Yi1,-- -, Yin,) " denote the response vector for subject 4 and f;(X;, ;) =
(f(Xit,¥s), -, f(Xin,, %)) " be a nonlinear vector-valued differentiable function of the

random parameter ¢); and covariate vector X;. The SN-NLME can then be expressed as
yi = f(Xi, i) +&, i=AB+Bb;, i=1...,n, (4.11)

where the joint distribution of (b, €;) is as in (4.4), B is a p-vector of fixed population
parameters, b; is a g-vector of random effects associated with subject ¢, A; and B; are
know design matrices of dimensions r x p and r x ¢ for the fixed and random effects,

respectively.

As mentioned by Vaida & Liu (2009), the linearization (L) procedure to obtain
the approximate MLE of 8 = (BT, .o’ o, )\T)T involves taking the first-order Taylor
expansion of f around the current parameter estimate B and the random effect estimates

tN)Z- (empirical predictors). This procedure is equivalent to iteratively solving the following
LME model (L-step)

X, = df(AiB + Bib;, X)
Z B’ B=p’
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Therefore, for the censored response the linearized model (4.12) is an LME
with censored data, with same structure as (4.3), which is then solved as indicated in the
previous section. The model matrix for (4.12) depends on the current parameter value,
and needs to be recalculated at each iteration. The algorithm iterates between L-,E-, and

M-steps until convergence.

4.4.1 Starting values

It is well known that maximum likelihood estimation in nonlinear mixed models
may face some computational hurdles, in the sense that the method may not give maximum
global solutions if the starting values are far from the real parameter values. Thus, the
choice of starting values for the EM algorithm in the nonlinear context plays a big role in
parameter estimation. To circumvent such a limitation, a convenient way is to initialize
the EM algorithm with a variety of initial values that are representatives of the parameter
space. In practice, a default procedure for obtaining reasonable initial values is summarized

below.

e Compute B(O), (;2(0)’ D© and b© using the NLME model through the library nlme ()

in R software, for instance.

e The initial value for the skewness parameter X is obtained in the following way:

0)

Let p; be the sample skewness coefficient of the /th column of b , obtained under

normality. Then, we let /A\Z(O) =3 xsign(p),l=1,...,q.

e The initial values for ¢, depending on the structure, are simply chosen to give a

condition of nearly uncorrelated errors.

Even though these procedures look reasonable for computing the starting points,
the tradition in practice is to try several initial values for the EM algorithm, in order to
get the highest likelihood value.

4.5 Simulation studies

In order to study the performance of our proposed model and algorithm, we
present two simulation studies. The first simulation study is to show that the parameter
estimates based on the EM algorithm of the SN-NLMEC models provides good asymptotic
properties. The goal of the second simulation study is to compare the behavior and
performance of the NLMEC in the presence of asymmetry. Lastly, we present a third
simulation study in which attention is focused on comparing the predictive abilities of the
proposed SN-NLMEC model. The computational procedures were implemented using the
R software (R Core Team, 2020).
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The simulation study was based on the model proposed for the AIEDRP data
discussed in Section 4.6.2. We considered a similar logistic model (4.16) (see Application
2) with random set-points value a;; and random decreases from the maximum HIV RNA

Qug;, as follows
Qg

4T oxp (ty — as)/an)
with i =1,...,n,j =1,...,10, ay; = exp(f1 + b1;), g = exp(PBa + by;), B = log(ay),
k = 3,4, (bo;, b1;) i SNa(cA,; D, A), € i N10(0, €;), such that Q; = 0°E;. The parameters
in the simulations were chosen similarly to the estimated values based on the original
data using SN-NLMEC under uncorrelated (UNC) structure : 8 = (1.53,0.71,3.51,1.78) ",
o? = 0.22, D with elements a;; = 0.09, a19 = a9 = —0.16, gy = 0.43, and A = (—5,3)".

Yij = @ + €, (4.13)

4.5.1 Simulation study 1

The first simulation study examines the finite sample behavior of ML estimates
obtained through our proposed EM algorithm. The parameter settings are identical to
those given above. For this simulation, the samples sizes were fixed as n = 50, 150, 300, 450
and 600 and the correlation structure of the error term was a continuous-time AR(1)
model with ¢; = 0.7. For each sample size, 500 samples from the SN-NLMEC model with

10% and 20% of censoring proportion were generated.

For this purpose, we analyzed the absolute bias (Bias) and the mean square
error (MSE) of the ML estimates obtained from the SN-NLMEC model for five different

sample sizes. These measures are defined by

500 500
Bias(;) — —— 3110V — 6, and MSE(6) — — 339 — g,)? 414
las( Z) 500 Z| 7 Z| an ( ’L) 500 ( [ ’L) ) ( . )
J=1 j=1

where é\z(j ) is the ML estimate of the parameter 6; for the jth sample.

Figures 16, 17 and 18 show that the Bias and the MSE of the parameter
estimates of 8, 02, o, ¢; and X tends to zero as the sample size increases. For the
parameter A, we noticed that the Bias and MSE values are a little high. This can be
explained by the wide estimation range of the parameter - see Figure 19. We can also notice
from Figure 19 that the variation decreases as the sample size increases. In conclusion,
the results provide empirical evidence about the consistency of the ML estimates of the

SN-NLMEC model, even considering the linearization procedure described in Section 4.4.

4.5.2 Simulation study 2

For the second study, we simulated 500 datasets from the SN-NLMEC model
(4.13) and we considered 10% and 20% of the observations in each dataset were censored

with samples sizes n = 50 and 150. Once the simulated datasets were generated, we fitted
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Figure 16 — Simulation study 1. Bias and MSE of 3 estimates under the AR(1) model
for different sample sizes.
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Figure 17 — Simulation study 1. Bias and MSE of 0% and « estimates under the AR(1)
model for different sample sizes.

the SN-NLMEC model under the uncorrelated (UNC) structure and the NLMEC model
using the nlmmcl () function provided by Vaida & Liu (2009). The model selection criteria
(AIC and BIC) as well as the estimates of the model parameters were stored for each
simulation. We evaluate the models by comparing the estimates of the parameters with
their true values based on the absolute bias (4.14). The simulation results are summarized
in Table 8. We see that when we fitted the NLMEC model to asymmetric data, the o
parameter estimates are the most affected. The a1 and ams components are underestimated
and the a1, component is overestimated. For the parameters 8 and o2 both models give
similar estimates, but the SN-NLMEC produces smaller bias with relation to 3.
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Figure 18 — Simulation study 1. Bias and MSE of ¢; and A estimates under the AR(1)

model for different sample sizes.
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Figure 19 — Simulation study 1. Boxplots of the A estimates under the AR(1) model
for different sample sizes. Dotted lines indicate the true parameter value.

4.5.3 Simulation study 3

The third simulation study analyzes the performance of the prediction of future
values described in Subsection 4.3.6. For this purpose, we use the pseudo-cross-validation
approach to assess their predictive performances. This approach of comparing forecasts with
the corresponding actual values. We generated 500 datasets of size n = 100 and n = 200
under the AR(1) structure with parameter ¢; = 0.7, considering two different settings
of censoring proportions, 5% and 15%. Then, we drop out the last two measurements
Yio, Yi10 on the 7th individual, we compute the ML estimates using the remaining data as
(Yi9, Yir0), denoted by y; =

the sample and the prediction of y; = (Ui, Yir0), is made.

To evaluate prediction accuracies, we considered two measures of accuracy,
namely the MARE (Mean Absolute Relative Error) and MSRE (Mean Square Relative

Error). These measures are given by

Yij — @ij

1
A S
MARE 22 »

n <=
1

~ 2
and MSRE = Y (H) |
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Table 8 — Simulation study 2. Simulation results based on 500

simulated samples.

Censoring 10%

Parameters Criteria
Distribution b1 B B33 B o? aqq (oD o) loglik AIC BIC
SN MC Mean 1.5284 0.7500 3.5062 1.7622 0.2214 0.0778 -0.1428 0.4190 -449.9404 919.8807 962.0268
n =50 Bias 0.0217 0.0687 0.0151 0.0735 0.0131 0.0243 0.0478 0.1215
N MC Mean 1.5306 0.7497 3.5037 1.7539 0.2209 0.0309 -0.0616 0.2516 -459.1068 934.2135 967.9304
Bias 0.0221 0.0693 0.0154 0.0748 0.0131 0.0591 0.0984 0.1791
SN MC Mean 1.5325 0.7443 3.5073 1.7653 0.2208 0.0829 -0.1461 0.3985 -1353.274 2726.549 2779.681
"= 150 Bias 0.0128 0.0457 0.0090 0.0428 0.0075 0.0138 0.0298 0.0750
N MC Mean 1.5341 0.7457 3.5044 1.7555 0.2201 0.0306 -0.0617 0.2556 -1380.36  2776.72 2819.226
Bias 0.0132 0.0466 0.0099 0.0456 0.0075 0.0594 0.0983 0.1744
Censoring 20%
Parameters Criteria
Distribution b1 0B B3 By o? iy 19 2% loglik AIC BIC
SN MC Mean 1.5323 0.7449 3.5040 1.7548 0.2214 0.0721 -0.1370 0.4260 -427.8434 875.6868 917.8329
n =50 Bias 0.0223 0.0670 0.0163 0.0783 0.0140 0.0285 0.0485 0.1191
N MC Mean 1.5348 0.7467 3.5003 1.7469 0.2211 0.0286 -0.0582 0.2489 -457.5571 931.1142 964.831
Bias 0.0232 0.0687 0.0171 0.0800 0.0140 0.0614 0.1018 0.1817
SN MC Mean 1.5336 0.7442 3.5062 1.7615 0.2212 0.0800 -0.1430 0.4027 -1287.648 2595.295 2648.428
" — 150 Bias 0.0141 0.0464 0.0097 0.0473 0.0082 0.0180 0.0336 0.0753
N MC Mean 1.5380 0.7434 3.5014 1.7509 0.2204 0.0285 -0.0588 0.2537 -1376.61 2769.219 2811.725
Bias 0.0149 0.0456 0.0116 0.0505 0.0081 0.0615 0.1012 0.1763
where y;; is the original value and ¢;; is the predicted value, for i = 1,...,n and j =1, 2.

Table 9 shows the comparison between the predicted values and real ones under
the SN-NLMEC model considring AR(1) structure. One can see from these results that
the SN-NLMEC predictor performs encouragingly well in both cases since the values of

the two measures are close to zero and, as expected, these values increase as the censoring

level increase.

Table 9 — Simulation study 3. Evaluation of the prediction accuracy for the SN-NLMEC

model.

Censoring 5%  Censoring 15%
n MARE MSRE MARE MSRE

100 0.1106 0.0233 0.1521  0.043
200 0.1103 0.0229 0.1522 0.0421

4.6 lllustrative examples

46.1 Ab055 data

This section illustrates the performance of the proposed methods with the

analysis of A5055 data.
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As was mentioned in the Introduction, the dataset consists of 44 patients were
randomized in one of two regimens and plasma HIV-1 RNA (viral load) was measured
(copies/mL) in blood samples collected irregularly on study days 0, 7, 14, 28, 56, 84, 112,
140, and 168 of follow-up. The nucleic acid sequence-based amplification assay (NASBA)
was used to measure plasma HIV-1 RNA, with a lower limit of quantification of 50
copies/mL, and there were 106 out of 316 (around 33.54%) RNA viral load measurements
below the detection limit, so there was left censoring. A series of potentially explanatory
variables was collected at the same time. For the data analysis, we consider only the
covariate CD4% cell counts. The number of measurements per subject varied from 1 to
9. Figure 15b shows the longitudinal trajectories of RNA viral load (in log-base-10 scale)
across days for patients. It can be noted that the viral load trajectory is complex and is

substantially different across individuals.

This data was previously analyzed by Lachos et al. (2019) using the scale
mixtures of normal distribution (SMN) in the multivariate censored linear mixed effect
(MLMEC) model. Wang et al. (2018) analyzed this data using multivariate ¢ linear mixed-
effects models with censored observations. In Figure 20 we can see the scatter plot of the
estimates of random effects obtained by fitting a LMEC model using R package 1mec (Vaida
& Liu, 2012) and the boxplots of estimates. The plots reveal subject-specific behaving
somewhat asymmetrically. Therefore, an assumption of symmetric distribution for random

effects is not very realistic for the A5055 data set.
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Figure 20 - A5055 data. Scatter plot of estimated random effects for LMEC together
with a summary boxplot of the marginal densities.

In this section, we revisit the A5055 data with the aim providing additional
inferences for the use of SN-LMEC. The model considered for modeling the A5055 data is
given by

Yij = Bo + Pitij + Baa/tij + BsCDA + bo; + biiti; + €5, (4.15)
where y;; is log,,(RNA) for subject i measured roughly at day,;, t;; = day,;/7 (week),
\/IZ- is the square root at time ¢;;, CD4;;- indicates the standardized version of CD4 cell
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count for subject ¢ at time t;;, and by;, by; are the random intercept and random slope,
respectively for the i¢th subject. The ML estimates were obtained using the EM algorithm

describes in Subsection 4.3.3.

The values of loglikelihood, AIC and BIC for the four considered models are
presented in Table 10. It also presents the ML estimates of the parameters of interest
under the different correlation structure. It can be noted that for each criterion a structure
was selected as the best, that is, for the AIC the DEC structure was selected and for
BIC the AR(1). Note that the parameter estimates for both models are close. It can
be observed that the estimated values of ¢; and ¢ under the DEC model are 0.9 and
1.3917 respectively, close to the estimated values for AR(1), ¢1 = 0.8539 and ¢, = 1. We
can also notice that in the AR (1) model the sign of the estimated values for A are in
accordance with the asymmetry of the random effects estimated in Figure 20. Based on
these observations and the criteria, the most parsimonious model is obtained using the
continuous-time autoregressive of order 1 correlation (AR(1)). Note that, for the AR(1)
model, the estimate of 5, reveal that RNA viral loads change over time. In other words, the
mean viral load (E[y;;]) at time zero with 300 CD4 cells count is 3.73391og,, RNA, after
66 days it is 2.0677 log;, RNA, keeping CD4 cells count fixed. From the negative estimate
of B3 indicates that per unit increase in CD4 cells count may a decrease of log,;, RNA by
an average of 0.4925 in infected patients. Figure 21 (left panel) shows some individual
profiles (in logl0 scale) for HIV viral load and estimated trajectories for the SN-LMEC
model under AR(1) structure.

Table 10 — A5055 data. Parameter estimates of the SN-LMEC model for A5055 data under
different correlation structures. The SE values are estimated as mentioned in Section

4.3.4.
AR(1) CS DEC UNC
Parameter Estimate SE Estimate SE Estimate SE Estimate SE
0o 3.5718 0.2567  3.6327 0.2708 3.5563  0.2290 3.6358  0.2505
051 0.1226  0.0278  0.1379 0.0220 0.1190 0.0277 0.1393  0.0209
B -0.9192 0.1295 -0.9955 0.1162 -0.9067 0.1267 -0.9949 0.1143
03 -0.4925 0.1611 -0.4875 0.1348 -0.4731 0.1461 -0.4773 0.1292
o2 0.7754 0.5299 0.7587 0.4283
o1 0.027 0.3962 0.0470 0.6803
12 -0.006 -0.0130 -0.0013 -0.0082
99 0.008 0.0080 0.0079 0.0067
01 0.8539 0.1887 0.9
®2 1 0 1.3917
A -0.8068 2.2924 0.7548 3.0991
Ao 5.0123 3.8218 4.4416 2.6436
loglik -303.3264 -324.7245 -301.3819 -324.6679
AIC 628.6529 671.449 626.7638 669.3359

BIC 669.9661 712.7622 671.8327 706.8933
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We are also interested in investigating the performance of the prediction for
future values described in Subsection 4.3.6. We exclude the last two measurements of each
individual in the datasets with more than 6 (inclusive) observations (total 39 individuals)
and we compute the predicted values under SN-LMEC model under AR(1) correlation
structure. Figure 21 (right panel) shows the comparison between the estimated, the
predicted values and the real ones, indicating the good performance of the SN-LMEC in

term of prediction.

log10 HIV-1 RNA
log10 HIV-1 RNA

0 50 100 150 200 O 50 100 150 200 O 50 100 150 200 0 50 100 150 2000 50 100 150 200 0 50 100 150 200
Time (days) Time (days)

=@ estimated =4 predicted

Figure 21 — A5055 data. (left panel) Viral loads in log;, scale (black, solid line) for 6
random subjects and estimated trajectories for the SN-LMEC model under
AR(1) structure. (right panel) Evaluation of the prediction performance for 6
random subjects, considering the SN-LMEC model under AR(1) structure.

46.2 AIEDRP data

The ATIEDRP data set consists of longitudinal HIV RNA measurements taken
on 320 subjects from the Acute Infection and Early Disease Research Program (AIEDRP),
a large multicenter observational established to develop and evaluate data from studies of
patients with acute or recent HIV infection. In contrast with A5055 data, some observations
here are right-censored, since during the acute stage of infection the large HIV RNA
observations may lay above the limit of quantification of the assay. The subjects had between
1 and 14 observations: 129 had one, 82 had two, and 109 had three or more observations.
Of the 830 recorded observations, 185 (22%) were above the limit of quantification of the
assay (see Vaida & Liu (2009), for more details). The individual profiles are shown in
Figure 22a. Figure 22c¢ shows a scatter plot of the estimates of random effects obtained by
fitting a NLMEC model given in (4.16) using the nlmmc1() function provided by Vaida &

Liu (2009). A visual inspection of this figure reveals that there is considerable asymmetry
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among the estimated random effects. The sample skewness for the estimated random effects
by; and by; are —0.6054 and —0.9413, respectively, revealing that they are moderately to
highly asymmetric. Therefore, this reflects the appropriateness of using a bivariate SN

distribution for random effects.
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Figure 22 — AIEDRP data. (a) Individual profiles (in log,, scale) for HIV viral load at
different follow-up times. (b) Histogram for HIV viral load (in log,, scale). (c)
Scatter plot of estimated random effects for NLMEC together with a summary
boxplot of the marginal densities.

This dataset was also analyzed by Vaida & Liu (2009) and Matos et al. (2013b)
using the N-NLMEC and t-NLMEC models, respectively. Therefore, in our analysis we

consider a right-censored five-parameter NLME model (inverted S-shaped curve) as Vaida

& Liu (2009) and Matos et al. (2013b):

+ -
T T exp ((ty — as)/ou)

Yij = « + asi(ti; — 50) + €, (4.16)
where y;; is the log,(HIV RNA for subject ¢ at time ¢;;. The parameters oy; and as
represent the subject-specific set-point values and the decrease from the maximum HIV
RNA. The location parameter a3 indicates the time point at which half of the change in
HIV-1 RNA is attained, ay is a scale parameter modeling the rate of decline and as; allows
increasing the HIV-1 RNA trajectory after day 50. To force the parameters to be positive
we reparameterized the model to 51; = log (aq;) = 51 + by, B = log (), k = 2,3, 4, and
as; = O5 + bai. Also, (b1, bo;) iid. SNa(cA, D, A) are the random effects for the ith subject.
The ML estimates were obtained using the EM algorithm described in Section 4.4.

As in Subsection 4.6.1, the correlation structures UNC, DEC, AR(1) and CS
are considered. Table 11 summarizes the values of loglikelihood, AIC and BIC for all
considered models. It can be noted that the values of loglikelihood for the AR(1) and DEC
models are close. This is explained because the estimated values of ¢; and ¢5 under the
DEC model are 0.8214 and 1.2348 respectively, close to the estimated values for AR(1),
ggl = (.7824 and ¢5 = 1. Based on this observation and the criteria, the most parsimonious

model is obtained using the continuous-time autoregressive of order 1 correlation (AR(1)).
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The ML estimates of @ and the corresponding standard errors are presented in Table 11.
We can use the AR(1) model with reasonable confidence for predictions of viral load. For
example, at 6 months since infection the average viral load is 4.4794 log,, units. Figure 23
(left panel) shows some individual profiles (in log 10 scale) for HIV viral load at different
follow-up times. Table 12 shows the results obtained when adjust a nonlinear mixed effects
(NLMEC) model for normal distribution to the data (Matos et al., 2016). As expected,
the criteria for the N-NLMEC model are higher than those for the SN-NLMEC, since the
estimated values of the skewness parameter A are large. Thus, the SN-NLMEC model

seems to be more appropriate than the normal counterpart for this dataset.

Prediction performance is an important measure of model adequacy. To check
the prediction performance of the HIV viral load, we considered the following approach:
we exclude the last two measurements of each individual in the datasets with more than 6
(inclusive) observations (total of 36 individuals), refit the model based on the remaining
data, obtain the new estimates, and we compute the predicted values under SN-NLMEC
model under AR(1) correlation structure. Figure 23 (right panel) shows the comparison
between the estimated, the predicted values and the real ones. Once again, this figure

indicates a good performance of the SN-LMEC model in terms of prediction.

Table 11 — AIEDRP data. Parameter estimates of the SN-LMEC model for AIEDRP data.
The SE values are estimated as mentioned in Section 4.3.4.

AR(1) CS DEC UNC

Parameter Estimate SE Estimate SE Estimate SE Estimate SE
51 1.5979  0.0146 1.5858 0.0164 1.5969 0.0144 1.5929  0.0132
B -0.1190 0.1424 0.0336  0.1348 -0.1137 0.1422 -0.0798 0.1219
03 3.5432 0.0316 3.5734 0.0291 3.5477 0.0321 3.5516  0.0262
04 1.0756  0.3531  1.2661  0.3099  1.0859  0.3620 0.9997  0.3346
05 -0.0036  0.0020 -0.0028 0.0025 -0.0035 0.0020 -0.0034  0.0020
o’ 0.284 0.4555 0.2785 0.2553

o 0.0367 0.0147 0.0370 0.03625

o 0.0006 0.0006 0.0006 0.00071

oo 0.00003 0.0001 0.00004 0.00005

o1 0.7824 0.4535 0.8214

®2 1 0 1.2348

A -3.7492 -3.0373 -3.8078 -4.1573

Ao -1.3682 -2.5609 -1.4096 -1.8388

loglik -668.4097 -680.2904 -667.7367 -681.7877
AIC 1360.82 1384.581 1361.474 1385.575

BIC 1417.477 1441.238 1422.852 1437.511
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Figure 23 — AIEDRP data. (left panel) Viral loads in log,, scale (black, solid line)
for 6 random subjects and estimated trajectories (gray, dotted line) for the
SN-NLMEC model under AR(1) structure. (right panel) Evaluation of the
prediction performance for 6 random subjects, considering the SN-NLMEC
model under AR(1) structure.

Table 12 — AIEDRP data. Model selection criterion for the NLMEC model under differ-
ent correlation structures (Matos et al., 2016).

Criterion ~ UNC DEC AR(1) CS

Crnaz -783.79 -769.81 -770.10 -775.62
AIC 1585.59 1561.63 1560.19 1571.25
BIC 1628.08 1613.56 1607.41 1618.46

4.7 Conclusions

In this chapter we have proposed an approach to a linear and nonlinear mixed
model with censored responses where the random effects are assumed to have a multivariate
skew-normal distribution. We adopted a DEC structure as proposed by Munoz et al. (1992)
to model the autocorrelation existing among irregularly observed measures. The proposed
model generalizes previous proposals, such as, the SN-LME model proposed by Arellano-
Valle et al. (2005) (see also, Lin & Lee, 2008) and in the context of censored data, the
N-LMEC/NLMEC model proposed by Vaida & Liu (2009) (see also, Matos et al., 2016),
which are restricted to a left or right censored problem. We developed a computationally
tractable EM algorithm for carrying out ML estimation. The algorithm has a closed-form
expression for the E-step, based on formulas for the mean and variance of the truncated

extended multivariate skew-normal distribution (Galarza et al., 2019). The computation
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procedures for the estimation of random effects and the prediction of future responses are
easy to implement once the ML estimates are obtained. Several simulation studies were
performed, indicating that under the skew-normal distribution assumption, there is a gain
efficiency and accuracy in estimating certain parameters when the normality assumption
does not hold. Furthermore, the proposed methods were applied on two AIDS studies,
providing support for the usefulness and effectiveness of our proposal. The R codes are

available upon request.

Although the SN-LMEC/NLMEC models showed flexibility to model asymmet-
ric data, they can be seriously affected by the presence of outliers. A natural generalization
of our method is to extend by considering the skew-¢ distribution (Azzalini & Capitanio,
2003) or the multivariate skew-elliptical distribution (Branco & Dey, 2001).
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Chapter 5

Concluding remarks

In this thesis, from a classical perspective, we discuss some approaches for
flexible modeling of censored longitudinal data, motivated by data sets from AIDS clinical
trials. This work is a generalization of the works presented by Lachos et al. (2010), Matos
et al. (2013b), Matos et al. (2016), Ibacache-Pulgar et al. (2012).

In Chapter 2, we proposed a semiparametric mixed model to analyze censored
longitudinal data, called SMEC. This model takes into account the autocorrelation existing
among irregularly observed measures and it is possible to model the effects of the covariates
that contribute in a parametric and nonparametric way on the response variable. A robust
alternative for modeling censored longitudinal data with tails heavier than normal is
presented in Chapter 3, called t-SMEC. Since, skewness of the HIV viral load is still
noticeable even after transformation, it is important to use a distribution that can allow
us to relax the normal assumption. In Chapter 4, we developed a linear and nonlinear
mixed model with censored responses where the random effects are assumed to follow a

multivariate skew-normal distribution.

The EM algorithm (Dempster et al., 1977) was developed to obtain the maxi-
mum likelihood estimates for the parameters of the models. This methodology was applied
and tested on four clinical trials data, as well as on simulated data in order to show how
our procedures can be used to evaluate censored models and obtain robust estimates for

the parameters.

5.1 Future research

Several research works can be derived and/or directed from the results of this

work.

The first work perspective is related to the development of a method of local
influence to detect influential observations and evaluate the sensitivity of the estimates

in the models. In the semiparametric context, Ibacache-Pulgar et al. (2012) proposed
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influence diagnostics for elliptical semiparametric mixed models. Following Ibacache-Pulgar
et al. (2012), we are developing an local influence analysis for the model described in
Chapter 2, see Appendix B. Following Montenegro et al. (2009), we also extend the local

influence analysis to the model proposed in Chapter 4.

The second perspective for future research is to extend the models in Chapters
2 and 3 (SMEC and t-SMEC) to semiparametric additive mixed models. In HIV/AIDS
clinical trials, it is often interesting to investigate differences between treatments for
decreasing a patient’s viral load. For example, Hammer et al. (2002) assess whether adding
a second protease inhibitor (PI) improves antiviral efficacy of a 4-drug combination in
patients with virologic failure while taking a Pl-containing regimen. With an additive
mixed model, we can consider a nonparametric function for each treatment and evaluate

the differences between them.

Finally, a third research perspective is to consider distributions with asymmetry
and heavy tails for SMEC models, such as the multivariate skew-normal distribution, the
skew-t distribution, and the multivariate skew-elliptical distribution, to accommodate
the censoring, skewness and heaviness in the tails of the distribution, simultaneously.
Recently, Castro et al. (2019) proposed a Bayesian semiparametric approach considering
skew-normal distribution for modeling the random effects. Therefore, we can propose a

frequentist approach to these models.

In summary, since censored modeling is a promising area many issues still
remain for filling the gap to modeling censored data. We plan to investigate these issues

in our future research.
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APPENDIX A

Chapter 2: Additional simulation

study results

A.1 Simulation Study 3

This simulation verifies the behavior of the proposed model for different sizes

of the time dimensions.

For this simulation study, we considered a DEC-SMEC model as in (2.16). The
left censoring proportion was fixed at 15% and sample size at n = 200. We generated 500
samples of the DEC-SMEC model considering an AR(1) structure with parameter ¢; = 0.6.

For this study, we chose the function f(¢;;) = cos (m4/t;;) with t;; in three scenarios:

e Scenario 1: t;; = (2,4,6,8,10,12);
e Scenario 2: t;; = (2,3,6,9, 10, 12);

e Scenario 3: t;; = (1,5,9,13,17,21,25,29).

To evaluate each scenario we computed the measures described in the Simulation
Study 2 (Section 2.5.2). Table 13 summarize some results of the parameter estimates for
each scenario, respectively, and in Figure 24 we show the 500 estimated curves with the
average estimates curves for each scenario. From the Table and Figure, we notice that
when the spacing between the times is large, the non-parametric function is overestimated.
In addition, we can note that although the estimates of the non-parametric function are
not close to the true function in Scenario 3 (Table 13), the estimates of the parametric
components provided good estimates. However, when the dimension of the number of

times is small (Scenarios 1 and 2), the components of variance are not well estimated.
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Table 13 — Simulation study 3. Summary statistics based on 500 simulated AR(1)
samples for Scenario 1, 2 and 3.

Scenario 1
Parameter MCM MAE MCSE MCSD CP
61(2) 1.9980 0.0615 0.0778  0.0778  94.8%
Ba(—1.5) -1.4972  0.0213  0.0259  0.0265 94.8%
f1(2) = —0.2663  -0.2732 0.0851 0.1225 0.1063 98.2%
f4)=1 0.9878 0.1233 0.1710  0.1549 97.2%
f3(6) = 0.1580 0.1560 0.1665 0.2224  0.2075 9%
f4(8) = —0.8582  -0.8329 0.2139 0.2752  0.2677 95.4%
f5(10) = —0.8728 -0.8082 0.2599 0.3289  0.3226  95.6%
fs(12) = —0.1125 -0.0008 0.3104 0.3826  0.3770  94.6%
o? (0.55) 0.6789  0.1289
aq1 (0.25) 0.4269  0.1809
gz (0.1) 0.2487  0.1487
g (0.2) 0.1492  0.0509
#1 (0.6) 0.6803  0.0805
Scenario 2
Parameter MCM MAE MCSE MCSD CP
ﬂl( ) 1.9989 0.0556 0.0702  0.0699 95.8%
Ba(—1.5) -1.4986  0.0191 0.0237  0.0241 94.8%
f1(2) = —0.2663  -0.2679 0.0835 0.1142 0.1045 96.4%
f2(3) = 0.6661 0.6593 0.1016 0.1393  0.1287 96.6%
f3(6) = 0. 1580 0.1561 0.1667 0.2201  0.2075 96.8%
f4(9) = -0.9763 0.2381 0.3052 0.2976  96%
5(10) 70 8728 -0.8383 0.2618 0.3339  0.3264 96.4%
(12) —0.1125 -0.0519 0.3126 0.3916  0.3870 95.4%
o? (0.55) 0.6205 0.0917
a1 (0.25) 0.3308  0.1282
o (0.1) 0.1829 0.0921
g (0.2) 0.1711  0.0378
b1 (0.6) 0.6419 0.0625
Scenario 3
Parameter MCM MAE MCSE MCSD CP
B1(2) 1.9930 0.0617 0.0744 0.0763 93.8%
By(—1.5) -1.5013  0.0209 0.0251  0.0260 93.8%
fi(1) =—1 -0.9065 0.1077 0.0861  0.0881  82%
f2(5) = 0.7374 1.0505 0.3210 0.1895  0.1900 62.6%
f3(9) = —1 -0.4544 0.5567 0.3109  0.3047  59.6%
f4(13) = 0.3256  1.0960 0.7859 0.4355 0.4290 57.4%
f5(17) = 09261 1.9201 1.0122 0.5614 0.5446 56.8%
fs(21) = —0.2565 0.9670 1.2426 0.6881 0.6676 57.4%
f2(25) = —1 0.4507 1.4737 0.8148 0.7875 5%
fs(29) = —0.3530 1.3255 1.7045 0.9414 0.9062 57.2%
o? (0.55) 0.5495  0.0270
aq1 (0.25) 0.2541 0.0581
a9 (0.1) 0.1044  0.0235
g (0.2) 0.2011  0.0173

¢ (0.6) 0.5917 0.0475
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(a) (b)

Figure 24 — Simulation study 3. Graphs of the nonparametric components with 500
replications. Estimated curves (gray lines), true curves (red lines) and the
average estimates curves (blue lines). (a) ¢; = (2,4,6,8,10,12) (b) t;; =
(2,3,6,9,10,12) (c) t;; = (1,5,9,13,17,21, 25, 29)

A.2 Simulation Study 4

The purpose of this simulation study is to evaluate the benefits of the proposed

model when compared to the existing literature.

For this simulation, we consider a N-NLMEC model (Matos et al., 2016) as

follows
Aoi

i+

T T+ exp((ty — As)/Aa)
with ¢ = 1, ceey 100, j = 1, cey 10, >\17; = GXp(ﬁl + bli); )\22' = exXp (52 + bgi), Bk = lOg(Ak),
k= 3,4, (b, by) ™ Ny(0,D), and €ij %% N,,(0,0%1). The parameters are set at 8 =

Yij = A + €, (A1)
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(1.6094,0.6931, 3.8067, 2.3026)T, o = 0.55, and D with elements a;; = 0.0025, agp =
—0.001, e = 0.01, £;; = (0, 10,20, 30, 40, 50, 60, 70, 80, 90).

We simulated 500 datasets from model (A.1) considering 10% of left-censored
observation. Once the simulated datasets were generated, we fitted the proposed model
and the N-NLMEC model. To compare the performance of the fitted, we considered two
empirical discrepancy measures, namely the MAE (mean absolute error) and MSE (mean
square error). For each dataset generated, we calculate the MAE and the MSE. These

measures are given by

1 - 1 .
MAE® = =3y =55 and MSE® = 537 () - 75)°,

7’7‘7

I=1,...,500, and N = ) ;.

i=1

Table 14 — Simulation study 4. Average of the MAE and MSE for SMEC and N-NLMEC

model.
MAE MSE
Model Mean SD Mean SD
SMEC 0.5367 0.0166 0.4517 0.0274

N-NLMEC 0.5296 0.0160 0.4393 0.0239

0 10 20 30 40 50 60 70 80 90
t

Figure 25 — Simulation study 4. Graphs of the nonparametric components with 500
replications. Estimated curves (gray lines), true curve (red line) and the
average estimates curve (blue line).
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From Table 14 we can observe that the values of MAE and MSE are close and
also the fit of the SMEC model is close to the fit of the N-NLMEC model, which is the

true model.

To investigate the accuracy of estimating the nonlinear function (A.1), the true
shape of this function is plotted in Figure 25 with the 500 estimated curves. We can note
that the shape of the average estimates of f(t;;) is very close to the true function. We

note that the nonparametric part captures well the nonlinear function.
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APPENDIX B

Influence diagnostics semiparametric

mixed-effects models with censored
data

Influence diagnostic techniques are used to identify anomalous observations
that impact on model fitting or statistical inference for the assumed statistical model.
There are primarily two approaches for detecting influential observations. The case-deletion
approach (Cook, 1977) is the most popular one for identifying influential observations. To
assess the impact of influential observations on parameter estimates some metrics have
been used for measuring the distance between é[i] and é, such as the likelihood distance
and Cook’s distance. The second approach is a general statistical technique used to assess

the stability of the estimation outputs with respect to the model inputs (Cook, 1986).

Below we describe two of the main procedures to determine the influence of
outlying observations. We consider diagnostic measures suitable for models with incomplete
data, based on the MPL estimation using the penalized EM algorithm. First, we present
the approach of case deletion using the generalized Cook distance (Zhu et al., 2001).
Subsequently, we develop the diagnostic using the local influence method proposed by Zhu

& Lee (2001). All methods are described for the DEC-SMEC model (Chapter 2) and the

notation is in accordance as well.

B.1 Case-deletion measures

Case-deletion is a common approach for studying the effects of dropping the
ith case from the data set. In the following, a quantity with a subscript "[i]" denotes the
original quantity with the ith case deleted; for example, ycom[i], denotes the complete-data
with the 7th case deleted. The penalized log-likelihood function of 8, based on the data with
the ith case deleted, is then denoted by €, (0|ycomp). Let ém = (,@;],?[I], (;2[2,]7 &E], &E])T

(3
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be the maximizer of the function @, (6]6) = E [ o (01 comp) |V, C 9], where 8 is the
MPL estimate of 8. To assess the influence of the ith case on the MPL estimate @, we

compare the difference between @m and 6. If the deletion of a case seriously influences
the estimates, more attention should be paid to that case. Hence, if é[i] is far from @ in
some sense, then the ith case is regarded as influential. As é[i] is needed for every case,
the required computational effort may become quite heavy, especially when the sample
size is large. Hence, the following one-step pseudo approximation 5;2] is used to reduce the
computational effort (see Cook & Weisberg, 1982; Zhu et al., 2001):

A1 A =1
O =0+ {_QP(0|0)} @p[1(010), (B.1)
Lo _oq, 018
where (),(0|0) = W‘e ) and Qp (9|9) = Qp[é]é(’m 0_0 represent the Hessian

matrix and the indiv1dual score vector, respectively.

Thus, (g, (010) = (@, (010). 25, (018). @7y, (019). 25, (018). 5, (B19) ). with

Pli] P[i] D[i] Pli]
its elements given by

A 0Qyp (010
Q. (016) = {

)
A 0Q,:. 9|9
f o p
b (0160) = {
(616)
2

6Qp
. 016) = { o

+ u]E

{ Qi 9}9

0Qyy(010)

where a; = tr (y]yJ E; b 2biTZTE +b; bTZTE 7. ) b, = Xj,@ + Nﬁ, and the
elements of ij (0|9) and Qﬁm (0|9) are of the form

!
} 09 i
}
.

Qz (018) = —thr (D 'D*~D DD 'byby ),
JFi
Qyr,(616) = —fztr (B, '8;) + 13 Z {tr[(vs9] —2v,b] 2] +B;b] 2] Z;) A(s)]

- 2ujAj<s><yj ~Z;by) + 1) Ay ()i, |
oD

ooy, la=

JE;
: . _ 1s 1 s _
& U= 1,...,dim(a); and A;(s) = E E]EJ , E = 5¢>z

where D% =

s=1,2.

P-¢’
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$20u00)

It is necessary to compute the Hessian matrix ij(9|a) =

: 0006"
i=1
develop case-deletion, local influence and any pAarticular perturbation schemes, following
2Q),,. (010
Zhu & Lee (2001) the Hessian matrix M has the following elements:
0000"

W - _ixTEﬂX,

opoB’ g2” T Y
*Qy,(016) Lt
6;? = —;Xi E; "N,
0°Q,,(616) Lyt :

2Bz~ il ( K= Z b) ’
0°Q,,(616) Ly :
T oBds. —;X A()( Hi—Zibi),
0°Qy,(616) Tl A
e = —RNEINOK
*Qy,(016) L TR -

oor T b ( —Hi L b) ’
Q. (016) LT A (o (5 .
W = —;NiA( s) <Yi_ﬂli_zibi)7
Q,.(616) ng 1.
— L = — 2u E; —7Z; b, TE;

002002 204 ob [al wi B i)+ N@] ’
2Q, (610) LT gt S

P —@{tr[(yyl 2y:bl Z, +beZ)A()]

+ T AS): - BB - pl Ao}

2Q,,(016
% — tr(B(u,v)) — ~tr (C(u )b bT)
PQuO0) _ 1 g [ i phaT T

b2 A5, 05— Zib) | - ;tr (Ad0)E: + BIEY)
0*Q,,(016) 0 2°Q,,(016) 0 0°Q,,(016) 0 2*Q,,(016)

= = = =0
0B, ’ ofoa, ’ 0020, ’ 00,0 ’
where B(u,v) = D7 [D'D™!D*“~D"] and C(u,v) = D~} [D'D~!'D*~D*+D"D 'D"|D
o me  0°D . OA(s)
with D"’ = u,v=1,...,dim(a), and A;(s,t) = , s, t=1,2.

el
Zhu et al. (2001) proposed the generalized Cook distance for models with

Oy, Oy,

incomplete data defined by
GD; = (617 — 0)"{=Q,(610)} (61 —6), i=1,....n. (B-2)
Now, upon substituting (B.1) into (B.2), we obtain the approximation

GD} = Quyy (0){-Qp(010)} ' Qpyy(B), i=1.....n.
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B.2 Local influence

In this subsection, we derive the normal curvature of the local influence (Cook,
1986) for some common perturbation schemes either in the model or in the data. We will
consider the case-weight, scale matrix perturbation schemes, and response perturbation

schemes, for this purpose.

Consider a perturbation vector w = (wy, ...,w,)" varying in an open region
Q c RY. Let £, (0,w|ycom) be the complete-data-penalized log-likelihood to the perturbed
model. We assume that there is a wp in € such that ¢, (0, wo|ycom) = £p.(0]ycom) for all
0. Let a(w) denote the maximum of the function Q,(6, w|§) = E[(,.(0,w|ycom)|V, C, @]
The influence graph is then defined as a(w) = (w', fo(w))", where fo(w) is the Q-

displacement function defined as
fo(w) =2|Q, (016) ~Q, (8)8)].

Following the approach of Cook (1986) and Zhu & Lee (2001), the normal
curvature Cf, 4 of a(w) at wq in the direction of some unit vector d can be used to

summarize the local behavior of the ()-displacement function. It can be shown that
. N . oma -1
Croa =24 Quw,d and - Qu, = AL, {-G,010)}  Aw,,

0°Q,(010) ‘ il A a?cgp(e,w@)‘ )
0000 lo-o w 000wT  10-0w)

Following the same procedure as in Cook (1986), the quantity —@wo is useful

where (), (6]6) =

for detecting influential observations. From the spectral decomposition of a symmetric
g

matrix —2Quw, = Z Crerel, where {(Cr,er),k = 1,..., g} are eigenvalue-eigenvector
k=1
pairs of —2Qw, with (; = ... > (, > (41 = ... = 0 and orthonormal eigenvectors

{ex,k=1,...,9}, Zhu & Lee (2001) proposed to inspect all eigenvectors corresponding
to nonzero eigenvalues for capturing more information. Following the work of Zhu & Lee
(2001), we consider the following aggregated contribution vector of all eigenvectors that
correspond to nonzero eigenvalues. Let (, = Go/(CL+ ... + (), €2 = (€2,,. .. ,e’:‘ig)T and
M(0 Z Crer. The Ith component of M (0), M(0);, is equal to Z Cve?,. The assessment

k=1
of 1nﬂuent1al cases is based on the visual inspection of the {M(0);,l = 1,..., g} plotted

against the index [. The [th case may be regarded as influential if M (0),; is larger than the

benchmark value.

The inconvenience in the use of the normal curvature is in deciding about the
influence of the observations, since Cy, 4(@) may assume any value and it is not invariant
under a uniform change of scale. Based on the work of Poon & Poon (1999) in using a

conformal normal curvature, Zhu & Lee (2001) considered the following conformal normal
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curvature By, q4(0) = Cy,.a(0) Jtr[—2Qw, ], whose computation is quite simple and also
has the property that 0 < By, a(6) < 1. Let d; be a basic perturbation vector with
Ith entry as 1 and all other entries as 0. Zhu & Lee (2001) then showed that for all [,
M(0); = By,.q,- We can, therefore, obtain M(0); via By, q,.

So far, there is no general rule to judge how large is the influence of a specific
case in the data. Let M (0) and SM(0) denote, respectively, the mean and standard error
of {M(0);:1=1,...,g}, where M(0) = 1/g. Poon & Poon (1999) proposed to use 21 (0)
as a benchmark for M (0). But, we may use different functions of M (0). For instance, Zhu
& Lee (2001) proposed to use M(0) + 2SM(0) as a benchmark to take into account the
variance of {M(0);: 1l =1,...,g} as well. According to Lee & Xu (2004), the exact choice
of the function of M(0) as the benchmark is subjective. Lee & Xu (2004) also proposed
to use M(0) + ¢*SM(0), where c* is a selected constant, and depending on the specific

application, ¢* may be chosen suitably.

B.2.1 Pertubation schemes

Now, in this subsection, we will evaluate the A matrix under the following
perturbation schemes for DEC-SMEC models. Case-weight made for detecting observations
with outstanding contribution on the log-likelihood function and that may exercise high
influence on the maximum likelihood estimates. Scale perturbation made on the scale
matrix X, = ZiDZiT + ;. It also can be made on either ¢? or D which may reveal
individuals that are most influential, in the sense, of the likelihood displacement on the
scale structure. Finally, perturbation of response variables made on the response values,

which may indicate observations with large influence on the MPL.

For each perturbation scheme, one has the partitioned form

o2

Wawim‘ e A, P0,(0.00)

aﬁgw‘r Wo ’ ofdw™ Wo

W‘
0020w’ lwy

aQQp(G,UJ|0) 1xg 1

A, = W‘wo e R, u =1,... dim(a), Ay, =

s = 1,2 and g being the dimensions of the perturbation vector w.

Ay (Ag,AfT,A Ag,A;)T,

where Ag = e R™9,

A, = e R™, and A, (A;,...,A;*)T, Ay = (A}, A]), with
32Q,(6,w|0)

RI Xg
800w’ wo &

Case weight perturbation

First, we consider an arbitrary attribution of weights for the expected value
of the complete-data log-likelihood function (perturbed Q—function), which may capture

departures in general directions, represented by writing

Qu(0,618) = B [1,(0,6lyen) V. C.8] = Y1 [1, Olvcs) V. €8] = 30, (01).
=1
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Here w = (wi,...,w,) is a n x 1 vector and wy = (1,...,1)". For this

perturbation scheme, we find

Ay = 012 |X[E('E, ... . X E'E,],
Ay = 12[NlTEl‘lgl—AKf,...,NZE,jlgn—)\Kf],
o n n
Ap = [k o]
A, = _aQZ;o(f@)’“"&Q?o(gf@)_’ u=1,...,dim(a),

9Q,(010) _ 1 (D7'D* - D DD b ). and
oo, 2

1 . 1 — =
sl (E;lEf) +— {tr [(yiyiT —2y,bI ZT + b;b] zjzl-) Ai(s)]

202

— 20/ M) §i — Zabi) + 1] Aus)pai}

Scale matrix perturbation

To study the effects of departures from the assumption regarding the scale ma-
trix, we consider the perturbations D(w;) = w; 'D or 0*(w;) = w; ‘02, fori =1,...,n. Un-
der this perturbation scheme, the non-perturbed model is obtained when wy = (1, ..., 1)T.
Moreover, the perturbed Q-function is as in (2.7), switching D(w;) and o*(w;) with D and

o?, respectively. The matrix Ay, has its elements as follows:
e Perturbation on D: Ag =0, Af =0, A,2 =0, A, =0 and
1 ~ . ~ T ~ . ~ ———
B, =5 [tr (D—lD“D—lblbI) ot (D—lD“D—lbnbg)] . u=1,..., dim(c).

e Perturbation on o2:

1
Ay = — [X/E '€,.... X E'&,],
1 A A
Ay = — lNlTEllé’l —ZKf,...,.N'E &, — Kf] ,
o n n
1
AUQ = @[ml,...,mn],
Aa = 07
1
A¢s = T‘Q [Cla acn] 9
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where ¢; = tr [({F — 2y:bIZ] +b;b] zjzl-) Ai(s)] —ou] Ay(8)(§i—Ziby) + ) Ai(s) s

Response perturbation
A perturbation of the response variables V;;, 7 =1,...,n, j =1,...,n,, can be

introduced by replacing V;; by Vi;(w) = Vi; + w;g;j, where g;; is a known constant. Hence,
for the DEC-SMEC model, the perturbed response is obtained as

1oif Vi < yijlw) < Vayy,
ij

0 if yl-j(w) = %ia
where y;;(w) = y;; — w;g;;.- Again, the perturbed Q-function follows (2.7) with ¥;, y;y/
and y;b/ replaced by ¥i, = ¥i — wigi, YiwYi, = Yi¥Vi — Wi(g’igiT + gz‘}A’Z’T )+ W? ging and
yiubi, = yib] — wigb/, respectively, with g; = (gi1, ..., gin,) . Under this perturbation

scheme the vector wy, representing no perturbation, is given by wy = 0 and A, has the

following elements:

1

Ap = ——[XiEl'g, . X E e,

A = —012 [IN/E{'gi,..., N E 'g,],
A, = —;[efEllgl,...,@IEnlgn],

A, = 0,
A, = — L [EA(S)gn . £ AL

g
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