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ABSTRACT

Vassiliki K. Balta

A COMPREHENSIVE ANALYSIS OF CLINICAL LONGITUDINAL
DATA USING LINEAR MIXED-EFFECTS MODELS.

December 2004

Competing statistical models were built, and tested for their appropriateness on ex-
amining the effects of drug treatments to the severity of HIV infection, among patients
enrolled in the Hellenic Center for Infectious Diseases Control (HCIDC) cohort. The
data used in this study were provided from Dr. G. Panos, scientific supervisor of local

Medical clinics, in Athens.

A total of 203 HCIDC patients, who received consultancy and treatment from author-
ized Medical Centers in Athens during the last 16 years, were included for data analy-
sis. The period of the study can be decomposed in three main phases, namely pre-naive,
naive and experienced. Alternative statistical methods were chosen to model the rela-
tionship between severity of the disease, indicated by surrogate markers, and the poten-

tial predictors for all three phases.

We provide an extensive discussion of the findings and valuable information for fu-
ture prediction of disease evolution, as well as insight for the course of the disease and

treatment recommendations.
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IHEPIAHYH

Mnraitd Baciiikn

MOAYIIAEYPH XTATIETIKH ANAAYZH MAKPOXPONION KAINIKQN
AEAOMENQN ME TH XPHXH ' PAMMIK QN MONTEAQN MIKTQN EO®E.

Agxépprog 2004

Avantiybnkav kol eAyxnkav 814Qopa GTATICTIKA PLOVIEAN GTOYEVOVTAC GTNV £EEV-
PECT TOL KUTAAANAOTEPOV, TOV Ba UTOPOVGE VO TEPTYPAYEL EXAPKADS TNV ENLBPACT TOV
ddpopov yopnyoduevov BepanevTiKOV ayOydv otnv e€EMEn e vocov AIDS. T'avtn
TN HEAETN ovumepN@OnKav acheveic OV VOoAEDTNKOV Y10 KATTOL0 XPOVIKG SldoTnua
o€ Kamowx BepanevTikn KAMvikn N k€vrpo mepibaiyng, vad v exifreyn 1ov EAAnvikov
Kévrpov EAéyyov Aowanéeov (KEEA). Ztn 61dbeon pog tébnkav epyootnplakéc pe-
tpnoelg and tov k. I'. Mlavo, emPArénovro emotiuova 1atpo tng 3" Bepansvtikic K-

vikng tov IKA AGnvov.

Yuvolkd otoeia amd 203 acBeveic, ko TtV 000 QEUAA®V, mov €Aafav ocvp-
BovAgvTikn vrootNPién ka1 BEPAREVTIKA OYUOTA KATAAANAOV QAPUAKOV TO TEAELTAIN
16 xpoéHvia otnv AB1va, xpnowonomdnkav otnv napovoa avadivon. H svvorikn nepio-
d0¢ mov peretdue daywpileton o TpES Pacelg-oTadia, pe Pacn diebvi Pipioypagia.
Aviayoviotikég Xrotiotikég péfodotl emAéytnkav kol cvykpibnkav otnv apocndadeia
va Tocotikonotoovue tn oxéon petald g cofapotntag g acbéveiag ( Baciopévol
GE TPOTEWOUEVOVS EPYACTNPLOKOVG deikTEG) Kot MOavoVE mPoPAenTiKODG TAPAYOVTES
KOl Y10 TiG TPES QACELS. ZTNV TPAyRaTIKOTNTA, XTioTnKav povtéia €xovrag ocav e&op-
TNUEVEG HETAPANTEC Evay amd TOVC V0 £PYACTNPLAKOVE OEIKTEG Kot cav aveédptnTeg TO
@UALO TOV acBeVDV, TOVG TUTOVS TOV PAPUAK®OV, TOV XPOVO KaBMD¢ Kal Tov GAAo deikTn
v va dromotwBei n petaéd Tovg chvdeo.

TTapéyxovpe exkTETAUEV TAPOVGIAOT] TOV OMOTEAECUATOV KAl TOAVTIUEG TANPOPOPIES
Y10 TOVG EMGTNHOVEG OV B BEAGOVV va KAVOLV XPNOoT AVTGOV, Y10 TNV KAADLTEPY K-
tavonon g otadroxng e€EMéng Tov AIDS. Andtepog oKomOC N TPOPAeyn TG mopeiag
NG VOGOV 6€ acBeveic Tovg, mov gival kpioiun TANpoYopia yia TNV EXLAOYN TOV KATOA-

ANAOTEPOL BEPATEVTIKOD GYNUATOC.
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CHAPTER 1

HISTORICAL AND MEDICAL BACKGROUND FACTS

1.1 Introduction

Background facts - HERMES study of HCIDC.

AIDS became a reportable disease in Greece at early 80's,while HIV positive case
recording was made mandatory by law in 1998. Between 1983 and the end of 2002 a
total of 6327 HIV positive cases had been reported to the Hellenic Center for Infectious
Diseases Control (HCIDC) authorized departments. The majority of the patients belong
to the age of 25 to 44 years old, while for males the biggest frequency of incidence is

observed between 30-34 years. For women the respective time interval is 25-29 years
old.

The number of children infected with HIV / AIDS is fortunately low in comparison
with the rates of other countries worldwide. By the end of year 2001 only 69 cases were

recorded.

According to the files of HCIDC from the beginning of the disease 2.348 (37,64 %)
patients developed AIDS , while 1.327 deaths were certified to be AIDS related. That is
56,51% of AIDS patients died and at the same time only 21,28% of the HIV positive
patients had fatal ending.

The rate of males to female patients is 4,5 to 1. So in Greece AIDS concerns more
male population. But a major drawback is that we can record patients that are aware of

having the disease not those that don't know they are infected.

Nearly 46% are males that have admitted to have sexual relations with other men,

and only 17% are male and female patients that had heterosexual contacts only.
The national incidence rate for AIDS per million in 2001 was 48,8 (source HCIDC).

Ignorance and fear were the two main reasons for the underreporting of HIV / AIDS
cases during the first 5-6 years of the disease prevalence in Greece. This explains the
increase of HIV reported cases in late 80's. A temporary stabilization was observed the
years 1994 and 1995. But since 1995 and the four successive years there was a rapid

increase. Year 2002 is the best promising of all. See following relative graph:
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Figure 1.1 : (Source: HCIDC publications for 2002)

An important associated fact is that there was a change in the AIDS case definition
worldwide at 1993. Patients infected by opportunistic infections now are included. Also
a patients CD4 T-cell count should be less than 200 per ml of blood to be encountered

as an AIDS case.

Since the peak in 1996 the number of annual reports in Athens has generally declined
till 2002. The death rate has also declined since 1996, partial due to the effective anti-

retroviral agents now available.

HIV / AIDS is no longer one of the 10 leading causes of death in Greece. Nationally,
there has been a 43% decline in the number of deaths due to AIDS. (from 280 in 1996
to 120 in the past year)

What does AIDS mean?

AIDS stands for Acquired Immune Deficiency Syndrome:
= Acquired means one can catch it
* Immune Deficiency means a weakness in the body's system that fights diseases

» Syndrome means a group of health problems that makeup a disease

What causes AIDS ?

» AIDS is caused by a virus called HIV, namely Human Immunodeficiency Virus.
If one gets infected with HIV, his body will try to fight the infection. It will make

“antibodies”, special molecules that are supposed to fight HIV. When one gets a blood



test, the test is really looking for these antibodies. If they are found in the blood it
means that the person has HIV infection. People who have the HIV antibodies are
called HIV-positive.

The HIV causes AIDS by reducing a person's ability to fight infection. HIV attacks
an immune cell called CD4 T-cell, which orchestrates the body’'s immune-response to
infectious agents.

One way to measure the damage is to count the number of CD4 T-cells per ml of
blood. These cells are also called “T-helper” cells, and are an important part of the im-
mune system. Healthy people have between 500 and 1500 cells in the milliliter of
blood.

Without treatment the CD4 cell count will most likely go down. Consequently one,
might, start having signs of HIV disease like fevers, night sweats, diarrhea, or swollen
lymph nodes. If one has indeed the HIV disease, these problems will last more than a
few days, and probably continue for several weeks.

When ones immune system is so damaged that has less than 200 CD4 cells or gets an
opportunistic infection HIV becomes AIDS.

AIDS is different in every infected person. Some people die soon after getting in-
fected, while others live fairly normal lives for many years, even after they officially
have AIDS.

The stage of HIV infection can be defined by the levels of cd4 cell counts and/or the
viral load per ml of blood, and is really useful in determining progression in disease,
and consequently when to initialize Highly Active Antiretroviral Therapy (HAART).
They are both broadly used as prognostic indicators in order to evaluate the effective-
ness of different drug therapies and assess the clinical status of infected patients.

Asymptomatic HIV infection is defined by a value for CD4 counts greater than 500
cell/ml of blood and/or viral load less than 10000 copies per ml. Whether to offer or
delay treatment is ambiguous since patients have no clinical signs and symptoms during
this stage.

Symptomatic HIV infection is further decomposed to Early Symptomatic (CD4 cell
counts over 500/ml blood and/or viral load less than 200 copies) , Middle Symptomatic
(CD4 cell counts and/or viral load between 200 and 500 copies /ml) and Late Sympto-
matic HIV infection (less than 200 CD4 cells /ml blood and/or viral load over 500 cop-
ies/ml blood) . It is recommended that all symptomatic patients should be on antiretro-

viral treatment. Often treatment is offered for suppressive than curative reasons.
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There is no cure for AIDS till today. There are drugs that can slow down the HIV
virus and therefore, slow down the damage to the immune system. But there is no way

to get all the HIV out of ones body.

There are drugs that can prevent or treat some of the opportunistic infections. A few

of them are still very difficult to treat. However newer treatments have cut the AIDS

death rates significantly.

Cd4 cells decrease in number with time from infection so that an infected person’s

CD4 cell number can be used to monitor disease progression.

1.2 Treatment for AIDS :

The first drug ever used against HIV disease was Zidovudine (AZT). It belongs to the
NRTI group of drugs and is designed to act during the second stage of the virus's life-

cycle. It is used till today with satisfactory results, but in conjunction with other drugs.

NRTI stands for Nucleoside Reverse Transcriptase Inhibitors.

Table : Other currently available and broadly used NRTI drugs are :

Scientific Name : Abbreviation -Trade name :
1) Didanosine DDI
i1) Zalcitabine DDC
1ii) Lamivudine or Epivir 3TC
iv) Abacavir ABC
V) Stavudine or Zerit D4T

For action in this second stage of the infection, are designed drugs that are called Non-NRTT's.
Some of them are:

Scientific Name : Abbreviation -Trade name :

1)
i)

iii)

NVP ( Nevirapine or Virasume )
DLV (Delavidrine)
EFV ( Efavirenz or Sustiva)

Currently available Protease Inhibitors (hereafter referred as PI's):

Scientific Name :

Abbreviation -Trade name :

i) Amprenavir / Agenerase

AMP




i1) Indinavir / Crixivan IDV
iii) Nelfinavir / Viracept NFV
iv) Ritonavir / Norvir RTV
v) Saquinavir - Invirase SAQ-HGC
vi) Saquinavir - Fortovase SAQ-SGC

There are 7 stages in the cycle of the HIV life:

1) HIV fusion in a CD4 cell , entrance in the cell.

ii) Reverse transcription

i1) Integrase

iv) Copy and transcriptase of DNA

V) Viral RNA forms genetic material of the new viruses

vi) The viral RNA and viral proteins assemble at the cell membrane into a new virus
vii)  The virion buds from the cell.

Detailed illustration :

HIV begins its infection of a susceptible host cell by binding to the CD4 receptor on the
host cell. CD4 is present on the surface of many lymphocytes, which are a critical part of
the body's immune system. Recent evidence indicates that a co-receptor is needed for HIV
to enter the cell. This recognition of HIV co-receptors and progress in understanding how
HIV fuses with the cell has opened up new possibilities for antiviral drugs. A number of
new agents are being designed to prevent infection by blocking fusion of HIV with its host

cell.

Following fusion of the virus with the host cell, HIV enters the cell. The genetic mate-
rial of the virus, which is RNA, is released and undergoes reverse transcription into DNA.
An enzyme in HIV called reverse transcriptase is necessary to catalyze this conversion of
viral RNA into DNA. Inhibitors of reverse transcriptase, such as AZT, were the first anti-
HIV medications, and are still a critical part of treating patients who have HIV. Reverse
transcriptase inhibitors are divided into two classes-nucleoside analogues and non-
nucleoside reverse transcriptase inhibitors-based on their structure and how they inhibit

reverse transcriptase.

Once the genetic material of HIV has been changed into DNA, this viral DNA enters the
host cell nucleus where it can be integrated into the genetic material of the cell. The en-

zyme integrase catalyzes this process, and inhibitors of integrase are under study as a new



way to block HIV replication. Once the viral DNA is integrated into the genetic material of
the host, it is possible that HIV may persist in a latent state for many years. This ability of
HIV to persist in certain latently infected cells is the major barrier to eradication or cure of
HIV. For this reason, based on our current knowledge, patients must remain on anti-viral

therapy for life.

Activation of the host cells results in the transcription of viral DNA into messenger
RNA (mRNA), which is then translated into viral proteins. The new viral RNA forms the
genetic material of the next generation of viruses. The viral RNA and viral proteins assem-
ble at the cell membrane into a new virus. Amongst the viral proteins is HIV protease,
which is required to process other HIV proteins into their functional forms. Protease in-
hibitors, one of the most potent types of anti-viral medications, act by blocking this critical
maturation step. Following assembly at the cell surface, the virus then buds forth from the

cell and is released to infect another cell.

Unless the HIV lifecycle is interrupted by treatment, the virus infection spreads
throughout the body and results in the destruction of the body's immune system. With cur-
rent anti-viral medications, such as reverse transcriptase inhibitors and protease inhibitors,
HIV infection can be contained. However, a great deal more must be achieved before
AIDS epidemic is brought under control. One important immediate goal is to design new,
more potent medications that are easier to take and have fewer side effects. However, the
ultimate challenges are to use our understanding of the HIV lifecycle to develop medica-
tions that will eradicate HIV from people who are already infected and to create a vaccine

that will prevent new infections in the future.

Next, we provide the graphic-supported step progression of CD4 T-cell infection by HIV and

details about the self-replication procedure of virus in the latter.
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1.3 International guidance for the use of antiretroviral agents:

HIV/AIDS progression analysis must be seen in the light of two important changes in the
history of infection, which are i) the expansion of the AIDS case definition for adults and ado-
lescents (aged over 13 years) in 1993, and ii) the use of Highly Active Antiretroviral Thera-
pies (HAART) at 1996.

Therapy regiments in HIV infection can be categorized as : I) monotherapy and ii) combi-

nation antiretroviral therapy.

Between 1987 and 1995 monotherapy was defined as: treatment with one NRTI and was
accepted to be the standard therapy for HIV infection (Moore & Bartlett, 1996). Patients who

received only one PI were also classified as receiving monotherapy (Detels et al. ,1998).

In 1996: the combination OF TWO NRTI's (AZT + DDI, AZT + DDC or AZT + 3TC)
with or without adding a PI was proven to have more benefits than monotherapy regimens
(Carpenter et al., 1996)

For changing therapy it was recommended that one should consider the virologic, immu-
nologic, and clinical characteristics of patient. Based on this, patients with one type of mono-

therapy might be switched to another type of NRTI, or more NTRI's might be added.

For patients with advanced disease and a history of monotherapy, adding another type of
NRTI'S, or switched to another type of NRTI plus a PI was recommended. Patients who had
experienced double NRTI's were switched to a combination therapy of two new drugs (1
NRTI +1 PI) or three new drugs (2NRTI's + 1 PI). (Carpenter et al,1996)

Antiretroviral monotherapy has not been recommended for initial HIV therapy regimen

since 1997 (Carpenter et al,1997) or for any option of treatment of HIV infection since 1998.

In 1997, potent antiretroviral therapy with a minimum 3-drug regiment containing two
NRTI's and one PI was strongly recommended as the preferred initial HIV regiment. How-
ever, this treatment might not be suitable for every patient. The alternative potent combination

included a regimen of two NRTI's and one NNRTI.

It was also recommended that patients who had received single antiretroviral therapy or a
double NRTI combination alone should be changed to a new potent 3-drug regimen (Carpen-
ter et al, 1997).



From 1997 to 1999 : the concept of potent antiretroviral therapy with either a preferred or
alternative regimen remained the guidance for the treatment of HIV infection, but the option

of drug combinations varied from year to year.

The choice of drugs to use in combination is of high importance, because some are antago-
nistic and result in toxicities. It is known nowadays that the combination of a PI plus AZT plus
DAT is antagonistic and physicians should avoid making use of it. In addition, usage of HU is

always combined with one NRTI, and more specifically the one called DDI.

For the year 2000 : the classification of recommended antiretroviral agents for initial treat-

ment of HIV was changed both in terminology and in options of drugs used in combination
(DHHS, 2000)

It follows from the detailed previous references that, the guidelines for the use of antiretrovi-
ral agents in HIV infected patients have been updated since 1997 several times. That is be-
cause the process of drug development continues to move forward in search of the best solu-
tion for treating HIV infection. New antiretrovirals and new combination therapies are still
being developed, looking for the most effective treatment for delaying HIV progression, main-
taining viral load concentration below a detectable (thus desirable) level of, usually, 50 copies

per ml of blood, and preventing HIV related diseases.

Therefore it was difficult to evaluate the success of specific drug regimen for patients who
were classified into different drug therapies at different times. We have to comment that, pa-
tients could have switched from one therapy to another for unknown reasons, therefore we
cannot consider and correct for them in the analysis. There is no such record yet available.
Further more, it is very possible that patients received antiretroviral drugs before enroliment in
HCIDC, but there was no way of identifying that. This leads to loss of power for detecting the

effectiveness of a drug.

In general patients with less than 500/mm3 CD4 cells, or plasma HIV RNA levels (VL)

above 10000 copies/ml should be under antiretroviral therapy.

Clinical outcome showed that patients might reach the endpoint of least severe status (below

50 copies/ml of blood) multiple times during a specific treatment.

Compliance of patients is something rather rough and difficult to assess. It is possible that
some patients have had periods of not taking any antiretroviral drugs, as recommended by
their physicians. But after considering the quarterly of daily dose intake for some specific

drugs and the number of drugs prescribed per individual, it is reasonable to expect bad com-



pliance and periods of “ drug holiday” for most of patients. Side effects of regiments and HIV

resistance and transformation are the most obvious factors that patients report as excuses.

We have observed discontinuous follow up of lab tests that leads to incomplete data on
drugs received, viral load per ml of blood and immune status (CD4counts). That fact prevents
accurate estimation of severity outcome and validity of statistical analysis is affected. For
simplicity we assumed that the patients received the therapies continuously while on this
study.

Another serious drawback is that the date the prescriptions were recorded in our database
there were no clinical tests conducted on patients, so we cannot use the initial day lab-scores
as baseline characteristics for statistical analysis and draw conclusions. Of course a researcher
could use some alternative ways to impute information, such as taking the average scores for
two successive time points before and after the day of initial therapy prescription.

Finally, we are at no position to gather information on medication status before the enclo-
sure of the patients in the current study. Our database doesn't cover for that important factor.
We only inspect evolution of clinical outcomes under medication provided by our Disease

control Centers.

Measurement processes:

During the years several methods have been used to measure the viral load on a pa-
tients' organism. Actually, there exists just one method (b DNA) and two improve-
ments of it. With the method of the third generation the least detectable point is 50
copies per ml of blood. But till recently the second generation had been widely used,
with least detectable limit 500 copies per ml of blood. We notice a huge gap in the
numbers. Unfortunately those two methods are not comparable. The researcher has to
use a proposed formula to transform the measurements taken into one of the two lat-
est types. Worldwide instructions were distributed to facilitate the practitioners and
guarantee uniform presentation and interpretation of disease progress and clinical
outcomes.

It has been found that for those cases with over 1000 copies per ml of blood the
correlation of the two methods is nearly 0.98. It is recommended measurements taken

with 3" generation method that are >1000 copies should not be transformed to 2nd
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generation analogue value. It is preferable to repeat the measurement using the first
method (2™ generation).

A simple way to transform the values is to multiply the 3rd generation measure-
ments by 0.53 when these are greater than 1000 copies per ml. In our data, there were
measurements from both these techniques. We transformed 3™ into 2™ generation measure-
ment analogues. This was done by the formula given below:

_log G, —0,047

log G, G

This formula is not usable when VL levels are lower than 50 copies/ml. or higher than
100.000 copies/ml.

-11-
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CHAPTER 2

DOCUMENTATION

2.1 RELATIVE THEORETICAL BACKGROUND

In longitudinal studies, the natural experimental unit is not the individual measurement Yj,
but the sequence (Yi), of measurements on an individual subject. We must make clear that, in
such studies when we talk about replication we refer to the number of subjects, not the number
of individual measurements.

We shall use the following terms interchangeably, according to context: subject, experimental
unit, person, and individual to declare the patient under study each time.

Repeated measures analysis deals with response outcomes measured on the same experimen-
tal unit, at different times or under different conditions. Longitudinal data are a common form of
repeated measures in which measurements are recorded on several individual subjects over a
period of time. In such an analysis, we are usually interested in between-subject and within-
subject effects. Between-subject effects are those whose values change only from subject to sub-
ject and remain the same for all observations on a single subject, for example, gender. Within-
subject effects are those whose values may differ from measurement to measurement, for exam-
ple, treatment. Usually, we are also interested in some between-subject or within-subject interac-
tions, such as treatment by time.

It follows that, since measurements on the same experimental unit are correlated, repeated
measurements analysis must account for that fact. That is the distinctive feature of longitudinal
data and has to be taken into account in any analysis of such data. One approach, which has
been very common in the past, is to analyze each time point separately. Of course this is re-
stricted to those situations where all of the individuals are measured at he same time (or where
the times can be grouped so that they are regarded as simultaneous), and or fixed number of ob-

servations. Our dataset is completely unbalanced; therefore such an approach is out of question.

Notation

All through the present thesis we will use capital letters to represent random variables or ma-

trices, relying on the context to distinguish the two, and small letters to represent observations.
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We let Y represent a response variable and Xj; a vector of explanatory variables observed at
time t; for observation j=1,2,..., n; on subject i=1,2,...,m. Then y;; represents the value of the "
observation on the i™ subject measured at time t; , and all observations of subject i can be
stacked into Yi = (Yi1,Yi2,. .., Yini).

The mean and the variance of Yj; are represented hereafter by E(Yj;) =p;j and Var(Yj)=u;.
Thus the set of repeated outcomes for subject i are collected into a ni-vector:Y; = (Y,
Yiz,...,Yini) with mean E(Y;) = pi and nix n; covariance matrix Var(Y;) = V;, where the jk ele-
ment of V; is the covariance between Y;; And Yi denoted by Cov(Yj;, Yix) = ujk.

We use R; for the n;x n; correlation matrix of Yi. While the responses for all units are referred

m

toas Y =(Y1,Yz,...,Ym) which is an N-vector with N= %" n_.

i=1

General Linear Models (GLM's).

Before we define the General Linear Mixed Models (GLMM's) we recall the definition of the
General linear Models.
Let Y1,Y>,..., Y, be independent random variables. Generalized Linear Models are character-

ized by these properties:

1. Probability density function (pdf) of Y = (Y1,Y2,...,Ys) follows an exponential family
distribution. That is fy(y) is of the form :

5, (3.6.6)= explr(p)y.. 61 £0)]+ Ws. )}

, where @ is a scale or dispersion parameter, 0 is canonical parameter, r(¢) is a function

only of @, g(6)) is a function only of 6;, and h(g,y) is a function of y; and ¢.

The relationship between the marginal mean of the response E(y;)=pi, and explanatory

variables x;; are described by a known link function g, in example g (i) = xi'B.
The mean and variance of Y; can be derived from the exponential family distribution by

6g(9) azg(oi) 2
E(r)= —abf'?— i and V(Y)) = R (¢;3 % - V()= o’

1

2. Key component of the model is the link function g, that relates the means of response p;=
E(y;) and its linear predictor x;'B through the parameter 6;. 6; is not necessarily the mean,
and is given by g(E(yi)) =g (i) = xi'B , where X; is a vector of independent variables for
the i™ observation (xi1, Xi,...Xin)', i=1,2,....p, and B is a px1 parameter vector of regres-

sion coefficients (1, B2,.., Bn)’ to be estimated.
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3. Variance of Y; is a known function of p;, V(Yi) = v(u;)e , where v(1;) is a known vari-
ance function of the specific probability distribution and ¢ is a scale parameter that may
be known or need to be estimated from the data on the specific model. Examples:

The variance function of the Normal, Binomial, and distributions are defined as :
2

Normal : v(u;)) =¢° , Binomial : v(p;)) =p( 1-) , Poisson: v(w) = p; .

The assumption of independence between observations, results in a covariance matrix of Y
where the nx1 vector is a diagonal matrix given by v(u;)¢ = diag[v(1),... ,v(un)]@. The maxi-
mum likelihood estimator of B, is obtained by maximizing the likelihood function of the expo-

nential family distribution, and solving the solution from the estimating equations:

n

Z 5612 v ()11' — M, (ﬂ)) =0 , which can be written in matrix notation D’V“(Y_p) =0, where p=g¢’
1=l

-aﬂl ou, i

3B, o8,
‘«Band o~ 28 _ | - -
op ; :

ou , ou

M e AT

This is a non-linear system of equations for B, so it can be solved iteratively by the method of

Fischer scoring or Newton-Raphson algorithm (Dunlop, 1994; McCullach & Nelder,1989).

Fixed-Effects models.

Any models ,linear in the parameters, in which none of the covariates arose from some dis-
tribution, and the only assumptions. we make about variation is that the residuals are Normally
distributed, are broadly known as fixed-effects models. A formal definition, in matrix notation,

is :

Y=XPB+e , where

Y is the vector that contains the responses,

X is a known matrix (design matrix) of covariates,

B is the vector that contains the overall mean and all the fixed effects (main effects and
interaction terms) parameters.

¢ is the vector that contains the random error terms.

It is assumed that & follows an N-variate normal distribution (N is the total number of obser-

vations) with zero-mean vector and o’ Iy as covariance matrix. That is € ~N(0,6” Iy).
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Most analyses are based on a regression model such as the linear model:
P ]
Y, =B -Xp+ B Xyp+..+ B, - X, +& =ZI:XU Birey =Xy Brey
J=!

, where B = (B1, B2,..., Bp) is a p-vector of unknown regression coefficients and ¢; is a zero mean,
random variable, representing the deviation of the response from the model prediction Xj' B.
The x;; values may be either discrete (e.g. levels of some factor) or dummy variables indicating

class membership, while often model covariates include treatment, and gender.

In matrix notation again, the regression equation for the i subject takes the form: Y;=X;p +
& , where X; is a n; matrix with Xj; in the ™ row and & = (€i1,&i,. . .,€ini). Here P is a px1 vector of
unknown parameters, common for all individuals, including parameters that describe both dif-

ferences between individuals and between occasions (p56, Hand)

Since X is just concerned with the distinctions between individuals, and its rows apply to all
occasions, it is called the between individuals matrix. Typically when X;;=1 for all i and j we

get that B, is the intercept term in the linear model.

It is clear that many practical examples do not fit into the GLM framework. The main disad-
vantage is that these models allow only one source of randomness, the error terms £. Many
times, the distributional assumption about &; being independent and identically distributed Nor-
mal (Gaussian) random variables with mean 0 and variance 67, is too restrictive. As explained
before, €;; are correlated within individuals, in longitudinal data sets. The mixed model extends

the general linear model by allowing a more flexible specification of the covariance matrix of ;.

Mixed-Effects models.

In case that some of the covariates can be thought of as realizations from a probability distri-
bution, instead of taking constant values, we get the random effects. The resulting model is re-
ferred to as Mixed Effects models, since they contain a mixture of fixed and random terms.
As we shall explain later on, each random effect gives rise to a variance component. That is a
model parameter that quantifies random variation due to that effect only. This random variation
occurs in addition to the residual variation. Now the variance of individual observations is the
sum of all variance components (refer to page 23). Thus, observations on the same patient are
correlated and have covariance equal to the patient variance component, while observations on
different patients are uncorrelated. This contrasts with the fixed effects models where the co-

variance of any pair of observations is zero. (Helen Brown, 1999)
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Therefore, the key distinguishing feature of mixed models is that they are able to model data
in which the observations are not independent. GLMM framework allows for both correlation
and heterogeneous variances, although we still assume normality. Next, is a formal definition of
GLMM's.

Assume now that a sample Y1,Y>,...,Ym of m independent vectors (subjects) is available; and
that all Y; have densities, f(¥,/2,.4) which belong to the Exponential family. 6 is the
natural parameter and ¢ is the scale parameter. According to GLM theory, the differences be-
tween 6; can be explained through a linear function of p known covariates X;, so that 6; = X;'B.
Here $ is the corresponding vector of unknown regression parameters, which are to be estimated
from the data set. Inference is based on classical Maximum Likelihood theory, such as likeli-

hood ratio tests and asymptotic Wald tests.

The General formulation of GLMM'sis: Y=XB+Zb+¢ , where
Y, X, B and ¢ are as in GLM’s,
Z is a known design matrix for random effects,

b is the vector that contains all the random-effects variables.

Let Var(b) = D and Var(g) = . Then if follows that Var(Y) = ZDZ' + X.
Furthermore, it is assumed that b and ¢ are independent, which is equivalent to assuming in-

dependence between the random errors and the random effects.
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2.2 APPROACHES TO LONGITUDINAL DATA ANALYSIS:

Three types of models can be fitted for continuous responses: Marginal Models; Transitional
Models Models; and Random-Effects Models. We will discuss, in brief, the three distinct

strategies:

* For Normally distributed data, integrating a random-effects model over the random ef-
fects produces a marginal model in which the regression parameters retain their meaning and
the random effects contribute in a simple way to the variance-covariance structure. We can
model the marginal mean (population average of Y) as in a cross-sectional study. The mar-
ginal model approach has the advantage of separately modeling the mean and covariance. In
the CD4 case : the average CD4 level would be characterized as a function of time. That is
illustrated in two-stage R.E section. (refer to page 21).

= A transition model focuses on the conditional expectation of Yj; given past outcomes Y.
1, ..., Yi1 . Here the data analyst specifies a regression model for the conditional expectation
as an explicit function of xij and of the past responses. Transition models combine the as-
sumptions about the dependence of Y on X and the correlation among repeated Y's into a
single equation.

* The random effects model, assumes that correlation arises among repeated responses be-
cause the regression coefficients vary across individuals. The subject-specific regression pa-
rameters (b;) are treated as independent random variables with common distribution. Here
we model the conditional expectation of Yj; given the patient-specific coefficients b;; .

Random effects models are particularly useful when inferences are to be made about indi-
viduals,such as in the CD4 case.
In each of the three approaches we model both the dependence of the response on the ex-

planatory variables and the autocorrelation among the responses.

Another alternative method was proposed by Verbeke, Molenberghs and Lesaffre (1997).
They first select a saturated model for the mean, conditional on the assumption of an unre-
stricted (unstructured) covariance matrix, and then they reduce the latter, trying to find efficient
estimates for the parameters of the resulting model. Many competing covariance structures are
available and they are tested in order to depict the ones that best suit the data at hand. Then we
explore if we can achieve further improvement of the model by incorporating random effect
terms. That is exactly the procedure we implemented as a second strategy in each of the three
periods, under the title “Multivariate Model”.

As demonstrated in the next chapters we decided to utilise only the three out of the four avail-
able methods. Transitional models were found to be far too complicated for our data set. There-

fore we only present the main concept of the whole practice.
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Linear Models For Continuous Response Longitudinal Data.

Next we discuss the three used types of modeling continuous responses for repeated measure-

ments in more detail.

Marginal Models

In a Marginal model, the dependence among the individual responses is treated as nuisance
parameter in the marginal distributions of repeated measurements. The dependence is not taken
into account directly while modeling the regression relationship between the marginal mean and
the explanatory variables that are independent of the individual history of responses. All patients
with the same observed values of all explanatory variables used in the model are assumed to fol-
low the same response distribution, and therefore the same marginal distribution (Linsey &
Lambert, 1998).

The marginal mean E(yj;)=y;; , represents the average response for observations that share a
common value of the same covariates, and is modeled as a function of the explanatory variables.
The dependence structure among repeated observations of response Y for each subject is mod-
eled separately. Marginal models are suitable for inferences on the population-averaged ap-
proach, in which the marginal distribution of Yj; is assumed to follow a GLM (Diggle, Liang &
Zegger, 1994). The population-averaged response is modelled as a function of the covariates.
The regression coefficients are interpreted for the population rather than for individuals, so these
are known as "population-averaged" (PA) models.

Combining all N subject-specific regression models, and taking advantage of the simplicity of
matrix notation we get: Y =X + Zb + ¢ , where the vectors y, b, € and the X matrix are obtained
from stacking the vectors Y;, b;, & and the matrices Xi underneath each, other for all subjects.
Marginally, Y is then normally distributed with mean vector Xp and covariance matrix V, equal
to the block diagonal matrix with blocks Vi = Z; D Z;" + £; , on the main diagonal and zeros else-

where.

All unknown parameters in the covariance matrix V are called variance components and for
convenience will be grouped into a vector . Hereafter 6 = (', o)’ is the vector of all unknown

parameters in the marginal model, with Y~N(XB,V).

Conditionally on a, the maximum likelihood (ML) estimate for f equals:

Bla)=(XV X)) xw 1y which is normally distributed with mean § and covariance ma-
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trix (X '/ ~! x )~'. This can be used to construct Wald-type tests to infer about regression

parameters and their contribution to the linear model at hand.

In practice, however, a is not known and has to be replaced by an estimate. Thus, in order to
take into account the variability introduced by estimating the variance components we often re-
place the chi-squared distribution by an approximate F distribution with the appropriate degrees
of freedom. Note that the denominator degrees of freedom need to be estimated from the data.
The so-called Satterthwaite-type of approximations is commonly used for this purpose (Satter-
thwaite, 1941). However, since different subjects contribute independent information, the result-
ing denominator degrees of freedom are typically large enough, whatever estimation method is
used. Only for very small samples different estimation methods lead to severe differences in the
obtained p-values.

Readers are prompted to refer to Verbeke and Molenberghs (1997, section 3.4.1 and 3.5.2)
for more comprehensive discussion on this. Later on we illustrate how the marginal model can
be derived from the hierarchical two-stage model : Y = X B + Z b + ¢, that incorporates ran-
dom effects (b).

Transitional Linear Models

When the time dependence is central, models for the conditional distribution of Yj; given Yj.,
Yij2, ..., Yi1 may be more appropriate. These are also known as conditional models. Linear
models for the conditional mean Yj given the observed value Yj;.; of the response immediately
preceding Y, i.e. This is a linear model for the conditional mean of Yj given (or conditional on)
the observed value Yjj.1) of the response immediately preceding Y;;. The above model is a model
for the "transition" from Yjg.1y to Yj;. It is commonly called a first-order autoregressive or AR(1)

model. One can have second-order, third order or higher order autoregressive models.

Random (Mixed) Effects Linear Models

Random-effects in a linear mixed model represent the variability in subject-specific intercepts
and slopes, not explained by the covariates already included in the model. Therefore, Ran-
dom/mixed-effects models are more appropriate for the study of an individual’s growth or dis-

ease follow up. These models are also known as "subject-specific" (SS) models.
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In the random-effects GLM models we assume that:

1. the conditional distribution of Yj given b; follows a distribution from the exponential
family with density f(Yj; / bi, B).
2. given b; the repeated measurements Yjj, ..., Yini are independent

3. the b; are independent and identically distributed with density function f{b;, D)

Let b= (by,..., bm), m = number of patients. We will treat b as a set of unobserved variables,
which we then integrate out of the likelihood. We will also adopt the assumption that the distri-
bution of the random effects is Gaussian with zero mean and variance matrix D. Qualitatively
this assumption implies that we can learn about one individuals coefficients by understanding

the variability in coefficients across the population.

Another basic premise of the random-effects is the fundamental assumption that the b;'s are

independent of the explanatory variables.

Utilizing this methodology we attempt to specify an appropriate mixed-effects model for all
three periods. That task is not at all easy, because of the fact that fitting a good model implies
that both the mean structure, as well as the covariance structure is well specified. The problem
arises from the fact that both structures depend on each other, meaning that changes in the mean,
for example, will possibly affect also the covariance structure of the model. In order to be sure
that our inferences about the mean structure are valid, we should have modeled the covariance
adequately. We indeed have put quite effort on that. On the other hand, the covariance structure
explains what has not already been explained by the mean and, thus, it is directly influenced by
it. The steps one should follow in order to get the best possible estimation of the model struc-
ture are:

1) Specify a preliminary mean structure

2) Specify a preliminary random effects structure
3) Specify a residual covariance structure

4) Reduce the random-effects structure

5) Reduce the mean structure

More details, for all three methodologies we implemented, are included in the following chap-
ters. We dedicate a separate paragraph to the illustration of two-stage R E. models so as to help
the readers understand the link between Marginal and R.E. models , and clarify why they are not

equivalent. All steps are presented in an analytical way.

221 -



2.3 Two-stage Random Effects models

[lustration of the logic behind the construction of models with mixed-effects.

In the first stage: a linear regression model is specified for every subject separately,

modeling the outcome variable as a function of time. So we summarize the vector of re-
peated measurements for each subject by a vector of relatively small number of estimated sub-

ject-specific regression coefficients.

Let Y; be the ni-dimensional vector of taken measurements for the i subject, then Y; = Z; = B;
+ &; ,where the n;xq Z; matrix is constructed from explanatory variables and is used to model the

covariance structure, and ; are zero-mean Normally distributed error components: &~N(0,6” In;).

In the second stage: multivariate linear models are used to relate the subject-specific re-
gression parameters, obtained fron first stage, to subject characteristics such as gender,
age, treatment, baseline measurements etc. That is, we apply multivariate regression to re-
late the estimate of §; (i.e. S, ) to known explanatory covariates. Then B; = K; §+ b;, where K; is
qxp matrix and b; ~ N(0,D) with D matrix being symmetric.

A statistician immediately locates sources of bias and power loss in the above technique: i) It

is apparent that there is loss of information when we attempt to summarize the vector Y; by

,3, i) random variability is introduced by replacing §; by ,8, in second stage, 1i1) The covariance

matrix of ,&, depends highly on the number of measurements available for i™ subject as well as

on time points at which they are taken.
The last of the three introduced problems can be taken into account by combining the two-

stages into one model. We illustrate step by step how this is done:

Yx ;Zi.i8i+8i
ﬂl K1i8+b1

, where X; = Z; K; (dimension n; x p). The resulting equation represents the so-called linear

} K =Zi(Ki'/B+bi)+8i _Z,"K'ﬂ+Z,"b,'+8,' —'X,'B+Zi'bi+gi

mixed-effects (or random effects) model with fixed effects f and random effects b;.

Notice that here the Z; matrix is constructed from explanatory variables but is used to model
the covariance structure, whereas X; is used to model the mean structure. Here Z describes the
model for the pattern of change over time (the profile of expected scores within an individual). It

is therefore called the within-individual matrix.
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The random effects, denoted here by b;, yield a combined contribution of Y; via the design
matrix Z;, while B is a vector of fixed effects. We assume that the subject-specific regression
parameters (b;) are independent random variables with common distribution function Q(b;),
called the mixing distribution. Such models are also broadly called “two-stage” models, be-
cause 1) g; refer to within-individual variation (stage 1, where we model the outcome variable as
a function of time for every subject separately) and ii) b; refer to between-individual variation
(stage2, we use multivariate linear models to relate 1% stage regression parameters to subject-
specific independent covariates).

Note that, § contains population-specific parameters describing average trends, whereas b;
contains subject-specific parameters describing how the evolution of the i subject deviates
from the average evolution in the population.

We emphasize that %; = var(g;) describes the covariances among the observations when we
follow exclusively the progress of individual i, forsaking all others; it is the covariance matrix of
the i individual's deviations from his personal mean profile X;*B+Z;=b;.

One, for simplicity, usually assumes the b; to be sampled from a multivariate normal distribu-
tion. Furthermore, since the mean of this distribution can be incorporated in X;*B, it is justified
to assume the b; to have zero-mean vector. We will denote the covariance matrix by D.

Suppose that E(b;)=E(&i)= 0,while var(b;)=D; and that b;, &; are independent. Then:

Var(Y;) =var(Z;*b;) + var(g;) = Z;*Di=Z;" +3; . Also, as pre-mentioned, the distributions of €i's are
assumed to be zero-mean multivariate normal.

Summarising: with the mixed effects models we express the idea that the mean profile for
observation Y; is comprised of a population-averaged term (X; = §) and an individual-specific
term (Z; = bi). Over the population of patients § is constant, but b; varies with mean 0 and covari-
ance structure matrix B. In applications, it is common practice to assume no particular structure

for b; therefore we estimate it without imposing any constraints.

Inference on B, all %; and Q(b;) is based on the marginal likelihood of the data Y;, and are
obtained by integrating out the random effects. It is also possible not to make any assumptions
about the mixing distribution, and to estimate Q by the distribution that yields the highest likeli-
hood of all applicable distributions. This is referred to as the nonparametric maximum likeli-
hood estimator (NPMLE) of the mixing distribution. Refer to Laird (1978) or Lindsay, Clogg
and Grego (1991) for further details about the general theory.

To recapitulate, the basic idea underlying a random effects model is that there is natural het-
erogeneity across individuals in their regression coefficients and that this heterogeneity can be

represented by a probability distribution. Correlation among observations for one subject arises
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from their sharing unobserved variables b; (random effects) that are assumed to be mutually in-
dependent with a common underlying multivariate distribution (Peter J. Diggle, Kung-Yee Li-

ang, Scott 1. Zeger, 1994,0xford press).

Hierarchical versus marginal model

* The general linear mixed model (GLMM) is given by:

Yi=Xipt Zb; + &
bi ~ N(0,D),
& ~ N(0,%;),

where by, ... ,byand ¢, ..., ey are independent.

« It can be rewritten as:

Yilbi~ NCXiB + Zibs, %) - A model for Yi given bi

bi~ N(0,D) -> A model for bi

It follows that conditional on b; (random effects) Yi is Normally distributed with mean vector
X; = B + Z; = b; and covariance matrix X;, since & ~N(0,02 L). It is therefore also called as hier-
archical model. Now, let f{Y/b;) and f{(b;) be the corresponding density functions. Then, the
Marginal density of the measurements Y; is given by f(K) e I _/(Y, / bi)' f(bi )db, . It can be
shown that f{Y;) is a density function of an n;-dimensional Normal distribution with mean X;
and covariance matrix V; = Z; D; Z;' + Xi. So marginally, we have that Y; is distributed as:

Yi ~ N(XiB, Z:DZ;' +%;) ,with implied mean : X8 and implied covariance Vi = Z\DZ;' +Z;.
Attention: The marginal model can be derived from the hierarchical two-stage model : Y =
X B+ Zb + ¢, but they are not equivalent. Inferences based on the marginal model Y; ~ N(X;
B, Zi D; Z;'+X;) do not explicitly assume the presence of random effects! Moreover, although the
random-effects model naturally arises from the two-stage approach it does not necessary imply

an appropriate marginal model! The hierarchical model implies the marginal one, not vice versa!

Note that the marginal model allows negative variance components, as long as the marginal
covariances V; = ZDZ; + o’l; are positive definite, while the hierarchical interpretation of the
model does not allow negative variance components. SAS software is designed to operate with
Marginal models not the hierarchical from which they are obtained. Now V; could be any ma-
trix, not even an appropriate covariance matrix! Since we have integrated out the random effects
we only need b;, D and X; for our computations in SAS. Negative variance components imply

that the data don’t support the assumed hierarchical model!
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2.4 Extensions to Longitudinal data :

In practice two procedures are used to extend General linear Models (GLM's) to longitudinal
data particularities.
1. Generalized Linear Mixed Models (GLMM)
2. Generalized Estimating Equations (GEE)
Briefly:
In the GLMM'’s the correlation between repeated measurements is modelled through the in-
clusion of Random Effects in the linear predictor equation.
In the GEE approach, GLM's are used at all time points, and these are combined using a mar-

ginal correlation model.

The GEE Approach

Liang and Zegger (1986) proposed the Generalized Estimating Equations (GEE) for analyz-
ing correlated data from a longitudinal study, where multiple observations are repeatedly meas-
ured on the same subject at different points of time. This approach extended the regression
methodology of Generalized Linear Models (McCullach & Nelde, 1989), in which the relation-
ship between the response variable covariates is described by a link function.

The objective of GEE analysis is to extend the GLM approach and model the effects of co-
variates in the population of continuous or discrete outcome variable accounting for the correla-
tion between repeated observations on each subject through the use of marginal model.

The generalized estimating equations (GEE) approach is based on the multivariate quasi-
likelihood theory, which can handle the complexities of longitudinal studies. They introduce a
class of estimating equations that give consistent estimators of the regression parameters and of
their variance under mild assumptions about time-dependence. These equations are derived
without having to specify the joint distribution of a subject's vector of observations, yet they re-
duce to the score equations for multivariate Gaussian outcomes.

Summarizing, the theory of "quasi-likelihood" is an extension of maximum likelihood esti-
mation. We model the marginal distribution instead, and the findings reduce to the Maximum
Likelihood approach, when the responses are multivariate Gaussian.

One important property of the GLM family is that the score function S(B)=0 depends only on

the mean and variance. This fact allows usage of estimating equations for any choices of link
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and variance functions, whether or not they correspond to a particular member of the exponen-
tial family. The name quasi-score function was coined for S(f) since it’s integral with respect to
B can be thought of as a “quasi-likelihood” even if it does not constitute a proper likelihood
function. This suggests an approach to statistical modeling in which we freely make assump-
tions about the link and the variance functions without having to specify the entire distribution
of Yi's. This is really handy and desirable, since we often are unable to understand the precise
details of the probabilistic mechanisms, by which the data were generated.

So, the GEE approach is a general method for fitting mathematical models to data involving
repeated measurements on the same subject, or cluster. The outcomes on different subjects are
assumed to be independent, while the outcomes on the same subjects are correlated. The re-
sponses may be either discrete or continuous. This method allows the scientist to account for
intra-subject correlations, often treated as nuisance parameters, among repeated measurements
on the same subject. Different subjects can have different numbers of repeated measurements.
And that's exactly what matches our case study.

In GEE the distribution of the response variables Y; is not necessarily a member of the Expo-
nential family, but the mean, the variance and the link function of linear predictor are assumed
to have the same properties as in GLM. At first, GEE approach develops marginal regression
models to relate the marginal mean of response, E(yi)= ), to a linear combination of the covari-
ates x;'B which is given by g (i) = xi'B. Next GEE models the covariance structure of correlated
observations on a given subject.

The correlations are specified in the form of a working correlation matrix, which can have a
variety of possible structures. To begin, let Ri(a) be a n;jxn; symmetric matrix, which fulfills the
requirement of being a correlation matrix, and also let a be a vector of unknown parameters that
fully characterize Ri(a) for i™ subject. Hereafter we will refer to Ri(a) as the 'working' correla-
tion matrix.

Let Y; be the outcome vector on the i"™ subject with associated vector of means p; and V; the
covariance matrix of Y;. Assuming there are no missing data the matrix V; is modeled as V;
=A;"? Ri()Ai'? /o, where A, is a diagonal matrix of variance function and Ri(a) is the working
correlation matrix of Y; with parameter o, because is not the actual correlation among the re-
peated observations of a patient. This working correlation is firstly assumed to be independent

and then this independent working model is generalized to clearly explain for correlation. The

estimate f of regression coefficients is required to be consistent, and has consistent variance

estimates even if the structure of Ri(a) is not correctly specified.
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We next assume that the marginal density of Yi at time t belongs to the exponential family
and has the general formulation: f{yi;) = exp[{yi it — a(8i) + b(yi)} ¢ , where 0,= h(ni) , Nit = Xt
B. Then the first two moments can be derived, and are given by E(yi) = a'(6s) , Var (yi) = a” (8;)
/@ . @ is called scale parameter. Notice that the mean and the variance are related via: Var(yy)) =
1/ a”((a')' () = 1/¢ v(),and v(p) is called the variance function, while (o) is called the link

function, since it expresses 0 as a function of

In practice, V; = A;"? R(0)A;"? /¢ , which coincides with the Covariance matrix of Y; if Ry(a)
is indeed the true correlation matrix of Yi's. Unlike the normal case, solving the resulting score
equations, with respect to parameter f, will not yield ML estimators. Those equations, strictly
speaking, are not the usual score equations since they are no longer first-order derivatives of
some likelihood function for data under some statistical model. We obtained GEE's from allow-

ing non-diagonal Vi matrices. .

The GEE's for B have the general form S(B) = ZDIT °V1_l -§=0, ,where S; = Y, — o;(9)
and D; = d{ 0;'(0)}/d = AiAiXi , with n;xn; matrixlAli = diag (d0i/dni). Notice that here 6=u and
that V; are not only a function of B, but of a as well.

Again in practice, the variance estimate Vg of Bg (resulting from GEE's) can be obtained by
replacing Cov(Y;) by S;*S;" and ¢,B,a by their estimates in the relative expression. The resulting
estimate will be unbiased, provided that the mean E(Y;) = u was correctly specified. It doesn't
depend on the correct choice of R(a).This, of course, requires that any missing observations can

be thought of as missing at random.

In most cases the score equations need to be solved numerically. This method, estimates
model-parameters by iteratively solving the system of equations S(B)=0 based on quasi-
likelihood distributional assumptions. Newton-Raphson algorithm, and Fisher scoring are alter-
native approaches. The user can choose from a variety of model forms by specifying a link func-
tion, thus the model form can be either logistic, log-linear, or linear. In SAS GEE's can be fitted
within the GENMOD procedure.

Note that the inclusion of random effects in the working model only affects the covariance
structure in the marginal model . Hence it follows from the general theory on GEE's that, if only
inference about the mean X; * B is of interest, one could as well omit the b; in Y; =X + Zib; +
& . The fixed effects in B are then still consistently estimated, but correct inferences for § then
requires correcting the standard errors using a sandwich-type correction (robust standard errors).

We refer to Liang and Zeger (1986) for more details.
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2.5 Applied Methodologies

For each one phase of the disease we applied three different methods. The first method (Two-
stage hierarchical analysis) is decomposed in two stages, regression is involved in both. At the
first stage we model the outcome variable as a function of time,that is we fit a polynomial
function of time for every patient and we obtain subject-specific coefficients for every term.
While, the second stage consists of applying multivariate regression techniques, by using the
subject-specific coefficients as the response variables, one at a time, and all the other explana-
tory variables as covariates. It's scope is to investigate and quantify the relation of those vari-
ables with time. In this way, we identify which of the factors have an effect on the subject's evo-
lution over time and then we are able to relate them accordingly. In our case, this method is only
accommodating and supplementary. It is used as a naive indication for future analysis with the
other two methods. Nevertheless, is a necessary step, since it usually depicts the main informa-

tive variables of the suggested predictive model and any problems with model fitting.

Our attempt when performing a multivariate regression model (2°¢ method) is to see which of
the covariates as well as their interactions with time are significant. Consequently, we start re-
ducing the full model till we can keep a more 'parsimonious’ one, meaning that it includes just
the necessary parameters and at the same time it does not have much lose of information com-
pared to the initial complete model. We deliberately favour over-parameterized models for E(y;),
in order to get consistent estimators of the covariance structure in the following steps. (Geert
Verbeke & Geert Molenberghs, Springer 1997) . What we did is: we reduced the model ,under
unstructured (UN) covariance structure (wherever applicable), by one parameter at the time and
then re-specified the model because naturally the coefficient of the other covariates changed.
We were really cautious not to spoil the hierarchical structure. The omitting of all effects was
done step by step, taking under consideration the resulting value of the —2log likelihood of each
model and the relative p-values provided by SAS software. Next we reduced the covariance
structure based on likelihood tests. The best practice for choosing the most appropriate model is
to combine the models under different covariance assumptions but the same mean structure and

consider the improvement they bring to the likelihood.

The UN structure is indeed the ideal case, but in some cases it is impossible to get conver-
gence for the preliminary model. The software reports a message informing the user that there is
not enough memory for further computations, since the number of covariance parameters is

really high. Our data set is completely unbalanced. The problem cannot be solved even if we
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specify the number of the maximum allowed iterations to a few thousands more. Neverthe-

less, the researchers can skip that obstacle.

There are two alternatives:

1) Apply another more simplified, but applicable, type of covariance, for the preliminary
full model, instead of using UN. Most software packages, including SAS, offer many
covariance structures that make very strong assumptions about covariance, hence pos-
sibly leading to over-simplistic models. That is the cost to pay when dealing with com-
pletely unbalanced data, such as in our case. Incorporating random effects often con-
tributes to better fitting of the data.

it) The alternative route is to go immediately to mixed models. Basically, since mixed
model inference is based on the marginal distribution as well, one can view these mod-
els just as tools to get to more complicated, possibly more realistic, marginal covari-

ance structures. In most cases, this is a much more satisfactory route to take.
We implemented both alternatives. That is, we both used more simplified structures for co-
variance matrix and built preliminary mixed-effects models for each one of the three phases of

the disease. The latter is illustrated in the 3™ methodology we used.

Indeed, in our case, modeling experience proved that a further improvement of the model can
be obtained if we incorporate random effects in the model. They are added one at a time under
the simple covariance structure. Other structures are applied also. Then we explore improvement
through likelihood tests and the output fit analyses based on AICC/BIC criteria and T, F tests.
Furthermore, we explore the contribution of serial correlation. We examine if anyone of the
most common types of serial correlation improves the model. That is, we seek for further in-

crease in the Log Likelihood.

The third methodology we utilized (Mixed Effects) was an attempt of specifying an appropri-
ate linear mixed-effects model for all three periods. Recall that this is not an easy task, because
of the fact that fitting a good model implies that both the mean structure, as well as the covari-
ance structure is well specified. The steps one should follow in order to estimate the model
structure, as good as possible, are reported in section 2 of this chapter (page 19). We based our
analysis on the graphical exploration of the individual profiles and the fit information, reported

by SAS software. Note that in practice we deal with the implied Marginal model.

More details, for all three methodologies, are included in the following chapters. All steps are

presented in an analytical way. Interested readers are prompted to refer to Verbeke & Molen-

berghs, 1997, chapter 3 .
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2.6 Covariance Structure

Estimation is more difficult in the mixed model than in the general linear model. Not only do
we have to estimate B as in the general linear model, but also we have unknown parameters in D
and Z, as well. Least Squares are no longer the best method. Generalized Least Squares (GLS)
is more appropriate, minimizing (y - XB)' V''(y - XB). However, it requires knowledge of V
and, therefore, knowledge of D and . Lacking such information, one approach is to use esti-
mated GLS, in which we insert some reasonable estimate for V into the minimization problem.
The goal thus becomes finding a reasonable estimate of D and X.

Estimation of covariance parameters can be based on Maximum Likelihood (ML), exploiting
the assumption that b; and &; are normally distributed. However, in practice, one usually works
with Restricted ML (REML, Harville, 1974), which allows estimating the parameters, without
having to estimate the mean structure (Xp) first, thus leading to more accurate estimates. Indeed,
Neyman and Scott (1948) showed that, as the number of parameters increases with the sample

size N, classical maximum likelihood (ML) estimates may be inconsistent.

» Selecting a model for covariance matrix must be conducted having in mind that:

* with poor structure (i.e. if we define type = unstructured) there may be too many parameters to
be estimated whereas a limited amount of data is available. This leads to weak inferences con-
cerning B.

¢ with too much structure (compound symmetry-if applicable) there is more information avail-
able for estimating B, but the potential risk of model-misspecification is rather high. Inferences
concerning 3, will be apparently stronger, but potentially biased.

An applicable covariance structure is that of the first-order Autoregressive model (AR(1))
according to which Cov(Y3;, Yi) = o plj-k!. Then, it follows that the variances are homogeneous
and the correlations decline over time. Therefore AR(1) structure are more appropriate for
equally-spaced measurements.

On the other hand Exponential correlation models are more suitable for unequally-spaced
measurements. In that case Cov(Y;, Yi)= o p'tj-tk!. Thus, the covariance matrix is a function of

time (p25,Rino).

» »Since Var(Y;) = var(Z;*b;) + var(g) = Z:#DZ,' +3, =V, it follows that we can model V; by
setting up the random-effects design matrix Z; and by specifying covariance structures for D;
and Zi.
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In practice, we model the expected response vector for an individual as a linear function of a
set of parameters via a regression model. If we do not impose any restrictions on the form of the
covariance matrix of the Y; we will have to deal with a large number of covariance parameters
that will have to be estimated. We are able to overcome the latter problem only if we impose
some restrictions. In particular for an pxp matrix, constrained only to be symmetric, p(p+1)/2
parameters need to be estimated. With a limited amount of data this might leave too little infor-
mation available for the aspects of main interest, usually concerning the mean, leading to
weaker inferences. On the other hand, with too much structure there is the risk of model mis-
specification, leading to apparently stronger, but biased, inferences. Summarising, putting re-

strictions on covariance structure reflects the attempt to model the data with more insight.

Finally, we note that we could also consider methods to account for missing data patterns.
Missing values arise in the analysis of longitudinal data (such in this case) whenever one or
more of the sequences of measurements from subjects/units within study are incomplete, in the

sense that are not taken, are lost, or otherwise unavailable.

A dropout process is said to be completely random (MCAR) if the dropout is independent of
both unobserved and observed data, and random (MAR) if conditional on the observed data the
dropout is independent of the unobserved measurements, otherwise the dropout process is
termed non-random (MNAR).If a dropout process is MAR then valid inference can be obtained
through a likelihood-based analysis that ignores the dropout mechanism, provided the parame-
ters describing the measurement process are functionally independent of the parameters describ-
ing the dropout process, the so-called parameter distinctness condition (Verbeke & Molen-
berghs, 2001). In our case we have no clear indication of what type of dropout process we are
dealing, since there is no such record and we can not assume the same reasoning holds for all

patients.

Hypothesis tests for selecting the best model are carried out using Wald's test on contrasts.

AIC values and likelihood ratio tests, based on fitting full and restricted models.

Applicable Covariance Structures

While modeling longitudinal data, the primary objective of regression analysis is to identify
the relationship between the expected value E(Y;) of the response variable Y; and the covariates
X1, Xz, ... , X, Modeling the correlation structure is of secondary importance, however it is

necessary to take into account any intra-subject response correlation when making statistical in-
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ferences about the regression coefficients B1, B2, ..

., Bp. If we do not take into account the intra-

subject correlation, then such statistical inferences can be seriously misleading. Some of the

most commonly used within-subject correlation matrices are as follows:

2. Expressing full independence, i.e. repeated observations are uncorrelated.

3. Unspecified (unstructured), i.e. correlations within any two responses are unknown and
need to be estimated.

4. Exchangeable, i.e. correlation between any two responses of the i™ individual is the

same.

5. Auto-regression of first order [AR(1)] assuming the sampling interval length is the same
between any two observations

6. Auto-regression of the first order assuming continuous unequally spaced sampling inter-
vals {tl, t2, ..., tn}

The following table demonstrates some of the most popular covariance structures that were
also used in our analyses:

Table 1: Covariance Structures

Structure
AR(1)

ARMA(1,1)

CS

TOEP
TOEP(q)
UN
UN(q)
UNR

VC

Description Parms

Autoregressive(1) 2
ARMA(1,1) 3
Compound Sym- 2
metry

Toeplitz t
Banded Toeplitz Q
Unstructured t(t+1)/2
Banded
Unstructured Corrs t(t+1)/2

Variance Compo- Q
nents

[q/2](2t-g+1)

(i,j)th element
gzpl‘."‘jl
o [ypl =711 §) + =)

ot + 011 =)

Ti-al+1

Tajj+2l (= 7l < g)
Tis

k=gl < g)

717 7Pmax(s,7) min(i,7)

7 1(t = 1)
kth effect

and j corresponds to

In Table 1, "Parms" is the number of covariance parameters in the structure, ¢ is the overall

dimension of the covariance matrix. For example, 1(i=j) equals 1 when i=j and 0 otherwise, and

1(Ji-j|<q) equals 1 when |i-j|<q and O otherwise. For the TOEPH structures py=1, and for the

UNR structures p;=1, for all i.
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Table 2: Spatial Covariance Structures

Structure
SP(EXP)(c-list)

Description Parms |(ij)th element

Exponential |2 o*[exp(—di, /8)]

SP(GAU)(c-list)  Gaussian 2 o*[exp(—di, /p*)]
SP(LIN)(c-list) ~ Linear 2 o*(1 - pd,;) 1(pd;; < 1)
SP(POW)(c-list) Power 2 ol pd.','

In Table 2, c-list contains the names of the numeric variables used as coordinates of the loca-
tion of the observation in space, and d;; is the Euclidean distance between the ith and jth vectors
of these coordinates, which correspond to the ith and jth observations in the input data set. For
SP(POWA) and SP(EXPA), ¢ is the number of coordinates, and d(i,j,k) is the absolute distance

between the kth coordinate, k= 1, ... ,c, of the ith and jth observations in the input data set.

Table 3 lists some examples of the structures in Table 1 and Table 2.

Table 3: Covariance Structure Examples

Description Structure Example
Variance Compo- VC (default) [c¢% 0 0 0 ]
nents 0 g% 0 0
0 0 aﬁw
L v 0 0 oyp |
Compound CS AR X2 oy o, g1
Symmetry oB) oF 4+ 7y o1 a1y
o8 71 l‘J‘2 + o4 5]
| 01 1 a3 0%+ 0y
Unstructured UN [ g3 01 oa oa
g21 022 032 042
031 032 O3 Oa3
| 041 T42 o}
Banded Main Di- | UN(1) o 0 0
agonal ol 0
0 0
0 ol
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First-Order Auto- AR(1) 1 o p°

regressive T R T L
g 2

i3 | D

2> platlipsnigh

Toeplitz TOEP [ o? oy 0y 03]

2] 02 gy @2

2

Toeplitz with Two TOEP(2) fof oy 0 0 ]
Bands o3 0! o1 O
0 o1 0! o
8 0 Q a1 0’2 ]
First-Order Auto- ARMA(1,1) i ¥ yp Yol
regressive Mov- 2 IR T O A
ing-Average N 72 N S
w: o oy L

Spatial Power SP(POW)(c) [1 pfs plfy e

; pdzx 1 pdza pdu
pﬁaz pdaz 1 ﬁﬂ'u
'-,ﬂ'n pd11 ﬁ.d” 1

The scientist can select one of the available covariance structures through the option TYPE
that is provided in MIXED procedure of SAS software. Further experimentation with applicable
structures allows us to select the most appropriate covariance structure. Other available covari-
ance structures are presented in appendix2.

» The following provides some further information about these covariance structures:

TYPE=AR(1)
specifies a first-order autoregressive structure. PROC MIXED imposes the constraint |p]
<1 for stationarity.

TYPE=CS
specifies the compound-symmetry structure, which has constant variance and constant
covariance.

TYPE=SIMPLE is an alias for TYPE=VC.
TYPE=SP(EXPA)(c-list)

specifies the spatial anisotropic exponential structure, where c-/ist is a list of variables
indicating the coordinates. This structure has (i,j/)th element equal to

-34 -



7 H exp[—8xd(z, 3, k)" ]

k=1
where c is the number of coordinates and d(i j,k) is the absolute distance between the kth
coordinate (k= 1, ... ,¢) of the 7th and jth observations in the input data set. There are 2¢
+ 1 parameters to be estimated: 6, px (k= 1, ... ,¢), and 6.

TYPE=TOEP<(q)>
specifies a banded Toeplitz structure. This can be viewed as a moving-average structure
with order equal to g-1. The TYPE=TOEP option is a full Toeplitz matrix, which can be
viewed as an autoregressive structure with order equal to the dimension of the matrix.
The specification TYPE=TOEP(1) is the same as & T, where I is an identity matrix, and
it can be useful for specifying the same variance component for several effects.

TYPE=UN<(gq)>

specifies a completely general (unstructured) covariance matrix parameterized directly in
terms of variances and covariances. The variances are constrained to be nonnegative, and
the covariances are unconstrained. This structure is not constrained to be nonnegative
definite in order to avoid nonlinear constraints; however, you can use the FAO structure
if you want this constraint to be imposed by a Cholesky factorization. If you specify the
order parameter g, then PROC MIXED estimates only the first g bands of the matrix, set-
ting all higher bands equal to 0.

TYPE=VC
specifies standard variance components and is the default structure for both the RANDOM and

REPEATED statements. In the RANDOM statement, a distinct variance component is assigned
to each effect. In the REPEATED statement, this structure is usually used only with the

GROUP= option to specify a heterogeneous variance model.
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2.7 ML vs REML estimation:

Let A be any (nX(n-p)) full rank matrix with columns orthogonal to the columns of X 1.e.
A'X=0. We then have that the vector u =A'Y of so-called error contrasts follows a Normal dis-
tribution with mean vector zero and covariance matrix A'V(a)A. Any matrix A satisfying the
specified conditions leads to the same estimator for the residual variance o”.

Note that the covariance matrix no longer depends on . Now, maximizing the corresponding
likelihood function we obtain the REML estimate for a, which can then be used for the estima-
tion and the following inference of the vector B of fixed effects.

It has been proved by several authors (i.e. Harville (1977), Thompson (1971 ,Biometrika)) that
no information is lost on a, when inference is based on the error contrasts in u, rather than on the
original data vector y, which justifies the wide use of REML estimation in practice.

Although REML estimation is only with respect to the variance components in the model, the
REML estimator for the fixed-effects is not identical to ML version. Only in simple regression
the mean structures do not change if REML estimates are used for the variance components. In
general one may expect results from ML and REML to differ more as the number (p) of fixed-
effects in the model increases. REML estimators are obtained from maximizing the part of the
likelihood function that is invariant to the fixed part of the linear model (Patterson and Tomp-
son, 1971).

It can be shown (Harville, 1974) that the likelihood function of the error contrasts u is propor-

tional to Lremi(a) = x v [V L, (Barads where Lami(B,a) is the likelihood

function corresponding to the marginal model N(XB,V). Sincel® ' ¢>X | is independent of B,
the REML estimate for o and the resulting estimate for B are obtained from maximizing

LREML(B,a) = v vy [Pl (Bla) with respect to B and a simuitaneously. One

therefore often refers to LREML(B,a) as to the REML likelihood function. Still, LREML(B,0) is
not the likelihood for the full parameter vector 6 based on the original data vector y, and should
not be used as such. In general Likelihood Ratio (LR) tests under REML are only valid for com-

paring nested models with common mean structure.

It should be emphasized that even a well-fitting marginal model does not necessarily imply

the presence, let alone the distributional form, of random effects bi !

Furthermore, if the marginal model is believed to be generated by the linear mixed model, the
covariance matrix D of the random effects should be non-negative definite. Under this restric-

tion the REML estimate of the variance of the random slopes bi (if any) equals zero. Some au-
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thors interpret this as an indication that the model was over-specified and thus, that the random
slopes should be removed from the model. An alternative point of view is that the zero variance
indicates that the maximum of the REML log-likelihood function is really on the boundary of
the parameter space, suggesting that the REML likelihood could be further increased by remov-
ing the restriction that D needs to be non-negative definite. We must underline though that the
resulting model no longer allows any random-effects interpretation, since no model of the form

y =XP + Zb + £ could ever yield a marginal model as has now been obtained!

On the other hand, as long as all covariance matrices Vi = Zi D Zi' + ¢* In;, are positive semi-
definite, a valid marginal model is obtained. Note that removing the random slopes from the
model would imply a constant variance function, with constant correlation between any two
measurements within subjects. Moreover, inclusion of random effects in the model only affects
the covariance structure of the marginal model.

Hence, it follows from the GEE's theory that, if only inference about the mean Xi f is of in-
terest, one could as well omit the bi from the model formulation. The fixed effects are then still
consistently estimated, but correct inferences for B requires correcting the standard errors using
a sandwich-type (robust) correction.(Liang and Zeger, 1986).

Summarizing: REML is a variant of ML method, it i) accounts for the loss of degrees of
freedom resulting from estimation of fixed effects ii) gives less biased estimates of the variance
components iii) yields the standard ANOVA-based estimates in balanced random and mixed
ANOVA models, unlike ML. In conclusion, the REML approach applies ML tou =A"Y .

Note that both methods require the assumption that the response variable (consequently the

error terms and the random effects) is Normally distributed.
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Computational issues.

PROC MIXED constructs an objective function associated with ML or REML and maximizes
it over all unknown parameters. Using calculus, it is possible to reduce this maximization prob-
lem to one over only the parameters in D and Z. The corresponding log-likelihood functions are

as follows:

ML : L(D,2)=2—l-log (IVI)_;_,.'V lr-;l-log (2”) ,whilewith

REML:, o :)-- ;—-log - ;—r'V b-Evs ;—log |X'V-'x|%-1og @r)

, where r = Y-X(X'V'X)-X'V'Y and p is the rank of X.

PROC MIXED actually minimizes -2 times these functions using a ridge-stabilized Newton-
Raphson algorithm. One advantage of using the N-R algorithm is that the second derivative ma-
trix of the objective function evaluated at the optima is available upon completion. Denoting this
matrix H, the asymptotic theory of maximum likelihood (refer to Serfling 1980) shows that 2H™!
is an asymptotic variance-covariance matrix of the estimated parameters of G and R. Thus, tests
and confidence intervals based on asymptotic normality can be obtained. However, these can be
unreliable in small samples, especially for parameters such as variance components, which have
sampling distributions that tend to be skewed to the right.

In particular, based on some starting values for the parameters, these algorithms iteratively
update the estimates until sufficient convergence has been achieved. But when fitting complex
linear models, the practicing Statistician is often faced with non-converging iteration processes,
in the sense that the iterative process does not converge at all, or that it converges to parameter
values outside the boundary of the parameter space. In some cases, this can be solved by speci-
fying better starting values, or by using other numerical procedures. In many cases however, di-
vergence is an indicator of substantial problems with the parameterization of the model or the
assumptions implied by the model. Finally it should be emphasized that such numerical prob-
lems always arise from estimating the variance components in the model, not from estimating
the fixed-effects. The classical Ordinary Least Squares (OLS) estimator for the vector of fixed-
effects, although completely ignore the longitudinal structure of the data, is unbiased and consis-
tent and therefore provides good starting values for the fixed-effects.

Inference based on the marginal model (rather than the original, more restrictive, hierarchical
model) in practice often causes numerical maximization procedures not to converge to parame-
ter values in the interior of the parameter space implied by the hierarchical model. Strictly
speaking variance components should be non-negative, but zero is on the boundary of the pa-

rameter space.
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In some cases, the REML-likelihood could be further increased by removing these restric-
tions and allowing some of the variance components to become negative. Attention, the result-
ing model doesn't allow any hierarchical interpretation since no random-effects structure could
ever yield such a marginal model! On the other hand, as long as, the covariates Zi take values
within a specific range, covariance matrices Vi are positive (semi-) definite and hence a valid

marginal model is obtained.

A frequently encountered reason for convergence problems is very small variability in some
of the components of the random effects bi. In most cases, this can simply be avoided by ap-
proximately rescaling the responses and/or the covariates. Another way of circumventing nu-

merical convergence difficulties is to artificially enlarge the true value of variance components.

A favorable theoretical property of ML and REML is that they accommodate data that are
missing at random (Rubin 1976; Little 1995).

Covariance and convergence problems.

The fact that we have a quite large data set (2795 observations in total) makes it difficult to
initially consider an unstructured covariance matrix (to all three phases), because this leads to
the estimation of many covariance parameters. The reason is that we have many measurements
per subject, which results in a huge covariance matrix (since the covariance matrix is symmetric
we have to estimate n*(n+1)/2 parameters). On the other hand, the fixed parameters that we
have to estimate under the full linear mean structure fluctuate from 6 to 25, depending on the
phase. The process was unable to converge using the Hessian convergence criterion for some of
the covariance structures we implemented for covariance matrices D and %, because it could not
make the corresponding H matrix positive definite. Convergence problems were encountered
with performing Newton-Raphson algorithm iterations because of infinite likelihood. However,
after having reduced the model, we didn't confront the particular problem often and thus we can
compare more results given by different covariance structures. After those general remarks, we

may begin to investigate our results.

Numerical considerations:

When serial correlation is included in the model, it is sometimes necessary to scale time. The

analysis should be invariant to the chosen unit of time.
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CHAPTER 3

3.1 Description of data

Basic facts — Details of HCIDC study

Data used in this dissertation were obtained from HCIDC record files, an official organization
for reporting HIV/AIDS cases, and also Research Center. Medical support is provided to all pa-
tients that suffer from the disease, free of charge by the Greek law, since the medication is rather

costly and not all can meet the financial expenses of their treatment.
In cooperation with Athens University of Economics and Business (AUEB) information were

collected on 203 patients, of whom 151 are males and the remaining 52 (only 25.62%) of the

total number are female patients.
Female

51

Figure 3.1: Frequency of gender.

We have built an extended database that contains valuable information, from a scientific point
of view. More specifically, our dataset consists of 22 response variables. We have at our dis-
posal measurements regarding: i) the number of CD4 T-cells per ml of blood ii) the viral load
per ml of blood iii) usage of proper medication. Taking into account the subject-specific charac-
teristics and clinical facts 19 agents (drugs), on total, are given to the patients in different time

points and for different time periods.

In addition we have used an identification variable, named ‘pID’, to facilitate the monitoring
of the disease evolution over time for each subject, and enlighten the choice of the antiretroviral
regimen. Subject-specific follow up of the prescription history during the study is thus available.
However, we respected the privacy of the patients and paid attention to make impossible to fu-
ture researchers to identify personal data. A single code number represents every patient. Apart

from patient's sex, no other details can be revealed anyhow.
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The variable with codename “Datedif” represents the time, in days, since the beginning of the
first-ever taken treatment for every subject. That way, we can make use of negative integer
numbers to indicate the time before sero-conversion (time when HIV becomes detectable) was

reported.

The 19 variables regarding treatment (agents) were named after the drugs, and are binary vari-
ables indicating usage or not of the specific drug at each time period and for all patients. Some
of them have records for both CD4 T-cells and VL levels on each test date, while others have

only one or the other. On some occasions both counts are missing.

In order to facilitate the analysis we constructed a few more variables. Dt1 to dt4 indicate the
intake of a drug that is of type I to type IV. Those variables are also dummies. The number of
drug types used simultaneously by patient is counted by the variable dts. It stands for “drug
types”. In addition we created the variable “treat” to account for the number of successive thera-
peutical schemes per patient. This variable was extremely useful when we had to distinguish be-
tween the three phases of the disease evolution.

The period, from enrolment to the study until the day of first-ever drug prescription, is re-
ferred to as pre-naive period. The following months, until the day of second change in the
treatment used, is broadly termed naive period. Finally, the rest of the time interval to the end of
the study or the death of the patient is the experienced period, and it usually coincides with the
most critical phase of the disease. It is observed that the human body develops pliancy to drugs
after some time and the treatment is not effective any more. Therefore, alternative virucides are
being developed and substitute the preceding when the attendant doctor concludes that they are

ineffectual and thus wasteful.

Most patients were sequentially followed up for clinical outcomes approximately every 3 to 4
months to assess the disease progression and immune levels. It is apparent, from the nature of
the study, that individuals were measured on different numbers of occasions, while time-points
at which measurements have been recorded are not equidistant. Therefore we come up with in-
complete and unbalanced sets of measurements. The median duration of follow up was 34.84
months, while -on average- there were 14 lab tests per patient. At the termination of the study,
almost all patients enrolled and actively participating developed AIDS and were offered AZT, at

the early stages of disease progression.

The following table contains valuable information about the number of observations
that we have at our disposal in each stage of the disease. We provide also the mean

values, for both surrogate markers, as well as the overall minimum and the maximum
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observed values and frequencies for all three periods. Furthermore, we computed the
corresponding statistics for the ‘universe’ of all 203 together. They can be used for out-

lining reasons.

Period N obs Mean Std Min | Max | Total | Mean

of study value obs | obs | N obs | Freq.
Pre-naive ||Cd4 407 402.14 242.36 2 18 622 | 3.56

Patients: 106 [{ VL 215 55038.59 | 129748.14 1 6

Naive Cd4 | 1122 467.16 319.72 1 24 1568 | 7.72

Patients: 203 || VL 905 14527.57 | 70349.78 2 13

Experienced || Cd4 559 394.16 301.06 1 36 809! 10.6
Patients: 76 |} VL 547 32273 | 87288.55 1 20
All together ||Cd4 | 2088 44527 302.92 1 47| 2795 13.76

VL 1667 24510.68 86203.25

Please notice that the used number of observations by SAS procedures GLM and MIXED
may be different from the presented values. The “Total N obs” column refers to the valid cases
we resulted with for each marker, not the number of occasions.

As an example of how the reader should interpret the above table, we demonstrate
the Naive Period : “The total available number of observations for the certain period,
both markers included, is 1568. More specifically we counted 1122 measurements for
CD4 cells and 905 for viral Load. Approximately, we observed 8 measurements per pa-
tient, while there were found 24 at most. The mean values for the surrogate markers

were 467 CD4 cells per ml of human blood and 14528 cells of the virus correspond-

ingly. ”
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EXPLANATORY ANALYSIS:

The surrogate markers:

The identification of an adequate surrogate marker is of crucial importance for clinical pro-
gression and medical consultancy to HIV/AIDS patients. The number of CD4 — lymphocyte
counts and the viral load (VL) per ml of blood have been proposed as such a potential markers
for HIV trials, because of their observed correlation with clinical outcome (Tsiatis, 1995). But to
evaluate the role of laboratory measurements we must understand the relationship of clinical
outcome to an individual's CD4,VL count history over time. Appropriate statistical regression
models were used to study the relationship between CD4 and VL counts, as a time dependent
covariates, trying to quantify their possible relation and consequently estimate a patient’s sur-

vival potency.

The data we have to deal with is longitudinal, meaning that the observations within sub-
jects are correlated. If we try to analyze our data ignoring this fact, it is as if we proceed
by trying to explain only the between subjects variability although there is obviously

within subjects variability, too.

» Consequences of ignoring the correlation when it exists in longitudinal data:

1) incorrect inferences about regression coefficients 8
i) estimates of § which are inefficient (that is less precise than possible)

By accounting for correlation, better use is made of the available information, about the
trend of the data overtime.

The particularity with the completely unbalanced data, apart from the fact that measure-
ments are not taken at fixed time points, is that their number is not pre-specified. More-
over, not all measurements are available due to dropout. Lack of information about the
reasoning of that fact leads to loss of power, since we are unable to apply some of the pro-
posed methods to correct for that. Summarizing, a decreasing sample size increases vari-
ability, which in turn, decreases precision and this is how dropout leads to efficiency loss.
Because the graphical presentation is always a good way to ‘explore our data’, even more
when the data is extremely large, we begin our analysis by drawing some representative
plots so as to take a preliminary idea concerning the mean structure and the covariance

structure of our study population.



The fact that our data is longitudinal allows us to distinguish differences between subjects
from changes within subjects. Several variables are measured per subject on each occasion, and
these variables might be related between them. More specifically, our dataset consists of 22 re-
sponse-variables measured on 203 subjects. The responses of main interest are denoted here by

cd4 and vl , reporting the counts of CD4 T-cells and Viral load per ml of human blood. Patient's

code number facilitates classification purposes.
There are two types of covariates in longitudinal studies :

1. Non time-varying covariate (e.g. gender, race) -> Between subjects

2. Time-varying covariates (e.g. age, weight, income, smoking status, exposure, treatment)
-> Within-subjects

It is straightforward that the responses of our interest both change overtime and vary across
subjects.

@ The objectives of a longitudinal analysis of these data are to :

= Estimate the average time course of CD4 cell and VL depletion.
= Characterize the degree of heterogeneity across subjects in the rate of progression.
* Identify factors, which predict Cd4 cell and VL changes over time.

= Compare the effects of combination drug treatments in reducing the severity of disease

and therefore improving the life status of patients.

* Compare different statistical modeling techniques.

In the next three chapters we analyze each one of the three stages of the disease separately.
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CHAPTER 4

Graphical exploration:

4.1 Exploring mean structure

An initial idea about the performance of the response variable cd4 for each subject sepa-
rately along with time, is shown in Figures 4.1, from which no apparent type of relation-
ship between time and lung-function can be drawn. Although, the use of a polynomial

function seems plausible.

Figures 4.1 a,b. Individual profiles, evolution for CD4 & VL respectively :
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The repeated observations of each patient are connected. However it seems impossible
to study eventual particularities for the individual profiles due to the huge number of ob-
servations (2795 in total) . A reasonable strategy is to select randomly a smaller sample
with only a few patients, or after grouping the original data set according to some charac-
teristics take the quantiles and then use the main mass of observations. We implemented a

random sample, shown in Figure 4.2.

Figures 4.2 a,b : 10 Randomly selected Individual profiles evolution for CD4 & VL.
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The plots were constructed to include only those subjects with at least 5 observations, together

with the date of sero-conversion (time=0, when HIV becomes detectable).
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These figures illustrate the large degree of within-patient variability, especially in viral load

counts.

After computing the mean of cd4 counts for all 203 patients within each month period,
we plotted these mean values against time (in months). The same procedure was repeated
for viral loads too. We provide the plots of “monthly count averages” to facilitate the un-
derstanding of HIV disease progression. The population mean value over time produces the

so-called “curve of means”.

Figure 4.3 a: Mean of CD4 counts per month
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We observe that Cd4 counts start to increase immediately with the inclusion of the patients in
the antiretroviral treatment, whereas the load of HIV virus in the human blood remains in high
levels for 2-3 months before starting to decrease rapidly. This indicates that the therapeutical
scheme becomes effective with a small delay. It stems from the graphs that the mean trend of
Cd4 counts is steadily increasing for a long period (almost 4 years), but then the immune system
becomes weak again. We notice a downward trend for the next few successive years. But again,
just a few months before the end of the study, Cd4 counts start to increase again. At the same
time intervals VL performs almost the opposite. After the initial important decline viral load
seems to be quite stable. Then we observe a stepwise enlargement with small intervals of tempo-

rary peaks. The last few months begins a downward course again.

The effect of treatment is to be investigated and the present thesis is dedicated to that cause.
What is the interaction of drugs with the above two markers? Are the general trends and the sig-
nificant variability related and how? Is it possible to construct a rule of thump to use as an alarm
for crucial stages of the HIV disease evolution? These are some of the questions that medical
scientists are interested in. We will try to enlighten some of them. But then of course this is only

a Master thesis.

¥~ The selection of preliminary mean structure will be based on explanatory tools for

the mean.

A plot of smoothed average trends also helps to select a candidate mean structure.

Figure 4.4 - Loess Smoothing for CD4
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Same overall downward tendency is detected for cd4. These plots indicate that some
years after medication was prescribed, the cd4 evolution showed a steady but temporary
increase as time passed by, before starting to decrease again. But here there is no sign that
the status of the immune system of patients gets better as we reach the end of the current

study. There is a discrepancy between the conclusions we arrive at.

Figure 4.5 - Loess Smoothing for VL
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While at the same time there is, on average, an upward trend for VL concentration. We
notice that, in the time intervals where the CD4 counts are higher the relative VL counts
are lower comparing to other time-intervals. Therefore we conclude that there seems to be
an opposite relation or a “negative interaction” between these two measures of disease

progression.

A curve-fitting method, called loess, was used to highlight the average change in CD4
cell numbers over time. Loess is one of a number of non-parametric regression models that
can be used to estimate the mean response profile as a function of time. Other methods in-
clude: kernel and spline estimation.

Loess is a natural extension of kernel methods made robust that is less sensitive to out-
lying y values. More specifically, rather than calculating a weighted mean of the points in
the window, a weighted least squares line is fitted. More weight is given to observations
close to the middle of the window. Once the line has been fitted, the residual (vertical) dis-
tance from the line to each point in the window is determined. The outliers (points with
large residuals) are then down-weighted and the line is re-estimated. This process is iter-
ated a few times. The net result is a fitted line that is insensitive to observations with out-

lying y values. (Refer to Hastic & Tibshirani, 1990)
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4.2 Exploring variance structure:

In addition to the average evolution, the evolution of the variance is important in order to
build an appropriate longitudinal model. A helpful tool for deciding which time-varying
variables should be included on the model is a plot of the OLS residual profiles versus
time. When it shows constant variability over time, we assume stationarity and we do not
include random effects other than intercepts. In case that, residual profiles can be ap-
proximated by straight lines, then only random intercepts and slopes for time would be in-
cluded. Figure 4.6 suggests that a constant variance cannot be assumed for our data. We

will return to this discussion later.

Figure 4.6 - OLS Studentized residual profiles (a few outlying patients were excluded)
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Next we provide the plot of smoothed (studentized) squared residuals over time. Again the aver-
age trend (thin red line) is linear for most of the time intervals for both of cd4 and vl counts.

Figure 4.7a - Smoothed Variance function , CD4
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Figure 4.7b - Smoothed Variance function ,VL

4.3 Exploring the correlation structure:

The fact that our data is longitudinal suggests that the residual covariance matrix is comprised
by measurements that are correlated in time. This remark leads to the decision that instead of
putting the correlation structure inside the residual covariance, it would be more practical to di-
vide the overall covariance in two parts: the serial correlation and the measurement error. In-
cluding serial correlation suggests that at least part of an individual's observed profile is a re-
sponse to time-varying stochastic process operating within that individual. This type of variation
results in a correlation between serial measurements, which is usually a decreasing function of

the time separation between measurements (Verbeke G. and Molenberghs G., (2000)).

When observations are unequally spaced, with no underlying basic sampling time interval,
such as in our case, it is necessary to consider continuous-time models for serial correlation
(Richard H. Jones & Fransis Boadi-Boateng, Biometrics 47,161-175). Naturally, as the time lag
increases, the correlation decreases and, thus, the most popular correlation structures in this case

are the Gaussian and the Exponential type.

Exponential serial correlation : g(u) =¢” exp(-qu) = o exp(-0| ti-tix |) ,while

Gaussian serial correlation : g(u) = czexp(-cpuz) = 6° exp(-0| tij-tic %), where tij-ti is the differ-

ence between time points j and k for the individual i.

Note that the correlation between a pair of measurements ,on the same unit, decays towards

zero as the time separation increases. The rate of decay is faster for larger values of ¢.

The smaller the value of @, the stronger the serial correlation in the data.

453



&~ Practical experience suggests that including serial correlation, if present, is more important

than correctly specifying the serial correlation function.

If we include the serial correlation in the model, we assume that what is left is only pure error.
Therefore, exploring the residual covariance structure reduces to studying the serial correlation
function. The main problem is how we can assess the need or not of a correlation structure. The
empirical semi-variogram is a useful non-parametric technique, which does not require the fit-

ting of linear mixed models and which may help us decide if a serial correlation is really needed.

In addition a non-parametric estimate of the covariance structure is useful, either as a guide to
the formulation of a parametric model or as the basis for formal inference without imposing pa-

rametric assumptions ( PJ Diggle & AP Verbyla, Biometrics 1998, 54(2): 401-415).

Let Y(t) be a stochastic process, the variogram is defined as V(u)= % ? E[{y’ e y(‘_“)}2 ],u 20.

Furthermore if Y(t) is stationary the variogram is directly related to the autocorrelation function
p(u) by: V(u) = 6*{1-p(u)},where o’ is the variance of Y(t). Thus the variogram is an alternative
way to describe association among repeated values that also works with irregular observation
times. The variogram is also well-defined for a limited class of non-stationary processes for

which the increments Y(t)-Y(t-u) are stationary.

In longitudinal studies though statisticians use the empirical counterpart of the variogram. The
latter is called sample variogram and is calculated from observed half-squared differences be-
tween pairs of residuals % (rj-ra)’ and the corresponding time-differences uj = ti-tic. With
highly irregular sampling times the variogram can be estimated from the data (uY, Vi) with j<k
= 1,2,...n; ; i=1,2,...m, by fitting a non-parametric curve. The variance of the process (02), is es-
timated as the average of all half-squared differences Y(yii-yw)2 with 1 # k. The auto-correlation
function at any lag u can be estimated from the sample variogram by the formula :

plu) = 1_V(“/)f (Diggle,1990).

|!_'.F'2

Assuming that the only random effects in the model are random intercepts we have that the
marginal covariance matrix is given by : v* Jyi + 7% H; + ¢’I;, where J,; is n; X n; matrix contain-
ing only ones and v? denotes the variance of random intercepts. This implies that the residuals r;;
have constant variance v*+ 1° +c° and that the correlation between any two 1, rik (from the same

subject) is given by:
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v+ 7 -g(ltij - t,k‘) iy
D = ——. It follows from the stationarity of the random process that:
V1 +o?

% -E(r,.j -~ r,.,r)2 =0+ 12(1 —g(]t.. _tikl))E V(u,.jk) forj#k and I=1,2,...,N.

P (jtij 1
i

the function V(u) is called the “semi-Variogram”, and it only depends on the time lag between
measurements, while V(0)= ¢°.
Notice: as long as interest is located only in inferences for average longitudinal evolutions, lit-
tle effort should be spend in modeling the covariance structure, provided that the data set is suf-
ficiently large, like the one under investigation.

Assuming that our only random effect is the intercept, we are allowed to draw the semi-

variogram shown in Figure 4.8 below.

Figure 4.8 : Semi-Variogram
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The semi-variogram represents a function -v(u)- that depends only on the time lag between
measurements. It is known that decreasing serial correlation yields increasing semi-variograms
(thin black line), which converge to the total residual variance (v’ + v + ¢°) as u (time lag)
grows to infinity. That is exactly what we observe in our case. But then of course any conclu-
sions drawn are valid only in case we can assume constant variance. Recall that, in our case we
cannot make that assumption. We shall use the certain plot only as a general reference, we won't
base our analysis on it. For all three disease stages we construct the corresponding empirical

semi-variogram, given that it is meaningful.

Values of ¢ smaller than 1 yield semi-variograms which level out much slower, meaning

that g(u) doesn't decay to 0 so quickly. Larger values would yield semi-variograms that increase
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much faster. If p=-co there is no correlation between the error components. On the other hand if

¢ = 0 all correlations are equal to 1.

It stems from the graph that a low percentage of the total variance (=77441) is explained by
the variability due to random intercept. The contribution of the serial correlation component is
notable, and as explained later, increase in log-likelihood motivates us to include it in the model
formulation. The area between the solid black line and the second (blue) dashed line calculates
the percentage of the serial correlation to the total variance, whereas the area below the second
dashed line measures the pure error. It seems that more than half of the residual variance is due

to the serial correlation and a lot less to the measurement error.

For highly unbalanced data -like in our case- with many repeated measurements per subject, it
is rational to assume that random effects can account for most of the variation in the data and
that the remaining error components have a very simple covariance structure. This is exactly
confirmed by the semi-variogram, since it indicates that the largest part of the variability (until
month 110) is due to the between-subject variability. Thus, what we are proposed to do is to
concentrate mainly in the random-effect structure and suggest a simple residual covariance ma-

trix along with the inclusion of the serial correlation.

» USING _SUMMARY STATISTICS

The information that the response variable does not differ only with respect to the covariates,
but it is also affected by the evolution of the subjects over time makes the classical statistical
tools useless in our case. The only solution in order to use the classical methods is to transform
our data in independent observations. This can only be done if we summarize all the information
about the subject’s variability over time in just one value (a summary statistic). In this way, there
will not be evolution in time and we will just check the difference in the particular summary sta-
tistic among the individuals. This approach is not highly recommended, since usually it is the
time evolution itself that we are interested in. However, summary statistics may be used as ini-
tial diagnostics in order to take a first idea about the between subjects variability and only.

There is a number of proposed summary statistics that we could use as a first step in analyz-
ing our data. The ‘analysis of the area under the curve' calculates one value for each subject,

which incorporates the sum of the product of the successive time intervals with the mean re-
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sponse value inside this interval. This is a good method for our case because it does not assume
balanced data, but its implementation is rather difficult due to the large data set. The number of
the time points per subject of our data fluctuates from 3 to, at most, 47. It, then, follows that this
way we force a so large amount of information to be summarized in just one value. Hence, even-
tually this test statistic will lose its real meaning. Furthermore, the fact that we have many miss-
ing values for the response data will result in including a very different amount of information

from subject to subject.

The following histograms (Figures 10) provide information about the value of the first and last
measurement respectively for each subject and the spread of the measurements 1s shown in an

optical way. It is clear that they are much different.

Figures 4.9 a,b: Plot of the first and last measurements per subject for CD4 and VL respectively
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Figures 4. 10 : Histogram of the first end last measurement for all 203 subjects for CD4 counts
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Another feasible summary statistic is the ‘analysis of increments’, which considers the differ-
ence between the last and the first measurement. This approach allows comparison of evolutions
between subjects after having corrected for differences at baseline. Obviously, for most of the
subjects the difference between the first and the last measurement is quite large (with the last
measurement having much larger values for cd4 counts than in the first one, the opposite stands
for viral load. First ever measurements are really much higher than end points), implying that the

variability is mainly due to the within -subjects and less to the between -subjects variation.

The summary statistics are likely to give completely different results concerning the model.

This indicates that according to which value we use, we include different information in the re-
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sponse and consequently we get diverse results. That fact implies that inclusion of partial infor-
mation only, may change the results completely and this is another drawback. Not taking into
account all of the information results in biased estimates - according to the information on the
response that we have decided to include. Table 4 presents briefly the mean, the standard devia-

tion and the maximum and minimum values for the first measurements, the last ones and their

difference.
Table 4
fMin | Max | Mean Std
CD4 counts 0 3151 445.27 302.92
Viral Load 50 | 759600 | 24510.68 | 86203.25

First points CD4 6 2064 392.56 292.87
First points VL 50 | 750000 | 74790.18 | 156043.87
End points CD4 16 2242 591.39 374.81
End points VL 50 | 180000 | 5738.79 | 21689.96
Diff. For CD4 2 1109 293.98 235.99
Diff. For VL 0| 749600 | 58569.9 | 115283.69

Finally, apart from summary statistics, we could analyze our data at each time point by ignor-
ing the fact that the measurements between the time points are correlated for each subject. This
kind of method is almost useless, since in our case we do not have fixed time points but each
subject has measurements in different times. Furthermore, even if we discretize time, we will
have many different categories and the big number of multiple tests will inflate the significant
level so much that the results concerning the significance or not of the covariates will not be

valid at the 5% level of significance.
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CHAPTER §

5.1 TWO-STAGE ANALYSIS . Pre-naive period

Based on the graphical exploration of the data (chapter 4), we may assume that every individ-
ual profile can be approximated by a linear function of time. Consequently, we may fit such a
function separately for each subject from which we will get a coefficient for the subject-specific
intercept as well as a coefficient for the subject-specific slope (and /or curvature) for every indi-
vidual separately. The reason why a random slope was also selected to be included in the analy-
sis (apart from the random intercept only, indicated by Figure 4.5) is that we suggested a linear
model to fit our data and thus a linear time effect is wiser to be included, too. This is the first
stage of the two-stage analysis, and as mentioned before its scope is to summarize the vector of
repeated measurements for each subject by a vector of (relatively small) number of estimated
subject-specific regression coefficients.

The second stage consists of applying multivariate regression techniques, by using the sub-
ject-specific intercept and slope as the response and all the other variables (gender, vl or cd4) as
covariates. In this way, we may define those that affect a subject's evolution over time and relate
them accordingly. In the second stage, we first consider a model in which the intercept is the re-
sponse variable and the covariates viral load and cd4 counts (accordingly) are the independent.
We analyse these two models separately, and use gender as a factor. At the second step a model
is also specified in which the response variable is now the slope of the time effect and the co-
variates are the same as the ones of the previous step. Thus, we are able to understand how the
subject specific intercept, as well as, the linear time effect influence the level of cd4 counts and
the viral load in a human body.

Summarizing, the first stage provided us with the estimates for the intercept and slope of the
time effect for each individual. The second stage specified the assumed model under the general-
ized linear models procedure (glm), and gave as a result estimates of the parameters of the
model. The two models were applied independently the one from the other and without includ-
ing an overall intercept in the models, so as not to complicate the interpretation of the output. In
addition we implemented the analysis of the combined model for verifying purposes (Table 7).
Table 5 and Table 6 present the output of the analysis for the time-intercept and the time-slope
respectively. According to Table 5 the intercept is mainly influenced by gender, though it's rela-

tion with vl counts is under doubt. Type I and type III F tests do not give the same results. (De-
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tailed illustration for those tests is available in appendix1, pages 202-203) The confidence inter-
vals for the parameters show also that the value O is contained only in the intervals of vl counts,
thus vl levels in human blood may not be the main effect that controls the evolution of the dis-

ease during the naive period.

Cd4 analysis .

TableS : For bl (model E(bl)=vl)

The GLM Procedure

Dependent Variable: @stimate of bl

NOTE: Due to missing values, only 200 observations can be used in this analysis

Sum of
Source DF Squares Mean Square F Value P> RE;
Model 3 29142969.75 9714323.25 140.95 <.0001
Error 197 13577233.47 68919.97
Uncorrected Total 200 42720203.22
R-Square Coeff Var Root MSE estbl Mean
0.007179 68.88956 262.5261 381.0826
Source DFE Type I SS Mean Square F Value Pr > F
vl 1 3484320.56 3484320.56 50.56 <.0001
gender 2 25658649.19 12829324.59 186.15 <.0001
Source DF Type III SS Mean Square F Value Pra>iE
vl 1 62385.94 62385.94 0.91 0.3426
gender 2 25658649.19 12829324.59 186.15 <.0001
Standard
Parameter Estimate Error t Value Pr > {tl| 95% Confidence Limits
vl -0.0001357 0.00014259 -0.95 0.3426 -0.0004169 0.0001455
gender 0 409.0733390 37.15341995 11.01 <.0001 335.8038585 482.3428195
gender 1 381.6186182 23.23388603 16.43 <.0001 335.7995587 427.437677
Table6 : For b2 (model E(b2)=vl)
Dependent Variable: estimate of b2
NOTE: Due to missing values, only 200 observations can be used in this analysis
The GILM Procedure
Dependent Variable: estb2
Sum of
Source DF Squares Mean Square F Value Pr > F
Model 3 17446.3259 5815.4420 4.66 0.0036
Error 197 245947.4788 1248.4644
Uncorrected Total 200 263393.8047
R-Square Coeff Var Root MSE estb2 Mean
0.018145 -439.9355 35.33362 -8.031545
Source DF Type I SS Mean Square F Value Pr > F
vl 1 6754.15779 6754.15779 5.41 0.0210
gender 2 10692.16815 5346.08408 4.28 0.0151
Source DF Type III SS Mean Square F Value Pr > F
vl 1 1339.44871 1339.44871 1.07 0.3016
gender 2 10632.16815 5346.08408 4.28 0.0151
Standard
Parameter Estimate Error t Value Pr > |ti 95% Confidence Limits
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vl -0.000019878 Q.00001919 -1.04 0.3016 -0.000057725 0.000017968
gender 0 -0.437581396 5.00051047 -0.09 0.9304 -10.29898325 9.423820460

gender il -9.148436998 3.12706853 28193 0.0038 -15.31526329 =-2.981610711

Table 6 again shows that only gender has a significant time effect, which is also shown from
the fact that only one of the confidence intervals does not include the zero value. Thus, accord-
ing to the two-stage model there is a linear time effect only with gender, but the p-value of these
F-tests may not be reliable, which means that we should be rather cautious concerning the influ-
ence or not of those two covariates. Nevertheless, we have to take into account that type III tests,
as explained in appendix1, are more accurate with large sample sizes. Whatsoever, it would be
better to combine the two stages in one in order not to introduce extra variability in the model
because of the estimation of the time effects. The ‘united’ model is the so-called mixed effects
model and we are going to investigate it further in our analysis (refer to page 68).

Finally, we have to mention that the procedure GLM (generalized linear models) that was
used in SAS, omits the subjects for which at least one observation is missing. We already men-
tioned that for many individuals only a few measurements were encountered. Due to missing
values, only 200 observations can be used in this analysis because all the others were omitted by
the GLM procedure. The fact that 200 observations is a very small number in comparison to 622
that we have for all patients, makes the results of the two-stage procedure rather questionable as

far as their validity is concerned.

Table 7- Multivariate model: ({model E(b1, b2) = vl))

MANOVA Test Criteria and F Approximations for the Hypothesis of No Overall gender Effect
H = Type III SSCP Matrix for gender
E = Error SSCP Matrix

S=2 M=-0.5 N=97

Statistic Value F Value Num DF Den DF PE 2> Fi
Wilks' Lambda 0.29809187 81.49 4 392 <.0001
Pillai'fs Trace 0.71004281 54.22 4 394 <.0001
Hotelling-Lawley Trace 2.32738139 113.85 4 234.16 <.0001
Roy's Greatest Root 2.31559646 228.09 2 197 <.0001

NOTE: F Statistic for Roy's Greatest Root is an upper bound.
NOTE: F Statistic for Wilks’ Lambda is exact.

MANOVA Test Criteria and Exact F Statistics for the Hypothesis of No Overall vl Effect
H = Type III SSCP Matrix for vl
E = Error SSCP Matrix

5=1 M=0 N=97

Statistic Value F Value Num DF Den DF e >Vig
Wilks' Lambda 0.99244378 0.75 7 196 0.4755
Pillai's Trace 0.00755622 0.75 2 196 0.4755
Hotelling-Lawley Trace 0.00761375 0.75 2 196 0.4755
Roy’s Greatest Root 0.00761375 0.75 2 196 0.4755
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All the tests of the above table (Table 7) agree that there is an overall effect of gender, but not

of the viral load counts. The findings of the multivariate model coincide with the results of the

previous models.

VL analysis .

We followed exactly the same steps for vl counts. We shall output only the really necessary

steps and outcomes, for space economy reasons.

Table 8 - The GLM Procedure (model E(b1)= cd4)

Dependent Variable:

estimate of bl

NOTE: Due to missing values, only 299 observations can be used in this analysis.

Sum of
Source DF Squares Mean Square F Value Pr > F
Model 3 1.0112605E12 337086830888 27.13 <.0001
Error 296 3.6777928E12 12424975570
Uncorrected Total 299 4.6890533E12
R-Square Coeff Var Root MSE estbl Mean
0.020773 199.5201 111467.4 55867.75
Source DF Type I SS Mean Square F Value PEYSE B
cd4 1 728487079914 728487079914 58.63 <.0001
gender 2 282773412751 141386706375 11.38 <.0001
Source DF Type III SS Mean Square F Value Pr > F
cd4 1 251701558.53 251701558.53 0.02 0.8869
gender 2 282773412751 141386706375 11.38 <.0001
Parameter Estimate Std. Error t Value Pr > |t] 95% Confidence Limits
cd4 3.67587 25.82646 0.14 0.8869 -47.15089 54.50263
gender ¢] 27493.94818 16205.10907 1.70 0.0908 -4397.88031 59385.77667
gender il 63909.91847 13651.38679 4.68 <.0001 37043.84283 90775.99411

Table 9 (model E(b2)= cd4)

Dependent Variable: estimate of b2

Source DF Sum of Squares Mean Square F Value Pr > F
Model 3 170903016 56967672 5.74 0.0008
Error 296 2937229664 9923073
Uncorrected Total 299 3108132680
R-Square Coeff Var Root MSE estb2 Mean
0.042359 850.8703 3150.091 370.2199
Source DF Type I SS Mean Square F Value Pr > F
cd4 1 123227938.8 123227938.8 12.42 0.0005
gender 2 47675077.0 23837538.5 2.40 0.0923
Source DF Type III SS Mean Square F Value Pr > F
cd4 b, 117027395.2 117027395.2 181%-7 9 0.0007
gender 2 47675077.0 23837538.5 2.40 0.0923
Parameter Estimate Std.Error t Value Pr > |t] 95% Confidence Limits
cd4 2.5064609 0.7298612 3.43 0.0007 1.0700863 3.9428355
gender 0 -972.3370882 457.9597230 -2.12 0.0346 -1873.606736 -71.0674406
gender 1 -611.3849011 385.7910048 -1.58 0.1141 -1370.625737 147.8559349




Table 8 and Table 9 present the output of the analysis for the time-intercept and the time-
slope respectively. According to Table 8 the intercept is mainly influenced by cd4 counts,
though it's relation with covariate gender is doubtful. Type I and type III F tests do not give the
same result on that question. The confidence intervals for the parameters show also that the
value O is not contained in the interval for cd4 counts, thus we reach the strange result that cd4
levels in human blood may affect the evolution of the disease during the naive period. In the
previous analysis we concluded that vl level do not influence the course of the disease. As we
shall prove later, in the analysis of the experienced period, there seems to be a negative relation
between the two concentrations in the human blood. Scientists have spent great effort trying to
identify and model the certain relation. It is believed to be critical for the treatment of the dis-
ease. This study is focused on that target. We are investigating possible structure to base valid

future predictions.

Table 16: Multivariate model for bl and b2 : ((model: E(bl,b2)=cd4))

NOTE: All dependent variables are consistent with respect to the presence or absence of missing
values. However only 204 observations can be used in this analysis.

The GLM Procedure
Multivariate Analysis of Variance

MANOVA Test Criteria and F Approximations for the Hypothesis of No Overall gender Effect
H = Type III SSCP Matrix for gender
E = Error SSCP Matrix

5=2 M=-0.5 N=146.5

Statistic Value F Value Num DF Den DF Pr > F
Wilks' Lambda 0.90096016 7.90 4 590 <.0001
Pillai’s Trace 0.09983558 7.78 4 592 <.0001
Hotelling-Lawley Trace 0.10904378 8.03 4 352.96 <.0001
Roy's Greatest Root 0.10023213 14.83 2 296 <.0001

NOTE: F Statistic for Roy’s Greatest Root is an upper bound.
NOTE: F Statistic for Wilks’ Lambda is exact.

MANOVA Test Criteria and Exact F Statistics for the Hypothesis of No Overall cdd Effect
H = Type III SSCP Matrix for cd4
E = Error SSCP Matrix

S=1 M=0 N=146.5

Statistic Value F Value Num DF Den DF Pr > F
Wilks’ Lambda 0.96016813 6.12 2 295 0.0025
Pillai’s Trace 0.03983187 6.12 2 295 0.0025
Hotelling-Lawley Trace 0.04148426 6.12 2 295 0.0025
Roy's Greatest Root 0.04148426 6.12 2 295 0.0025

Both types of tests agree that there is an overall effect of cd4 levels. Again the term gender
differenciates between men and women. We observe that women retain lower values of Viral

load throughout the Pre-Naive period.
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Interpretation of the two-stage findings

Recall that (page 17) :

YxZZi':Bi"'gi

Y=Z(K. -B+b)+e =Z -K-B+Z -b+e.=X,-B+Z. -b +¢,
BI:Ki'ﬂ'l'-bi L ‘( i ﬂ ') i i ﬂ i Yi i i ﬂ i " Vi i

In our case Z matrix contains 1 and time, K contains gender and vl (or cd4) correspondingly.
Based on the results of the above tables, for the mean, we get:

For cd4 counts: (f,and B, are influenced only from gender)

Y=p+p, time

B, =b,-gender+b,-vi =~
P, =b, - gender +b, -vi

Y =b, -gender +b, -vl + (b, - gender + b, -vl)-time
= b, - gender + b, - gender - time

So [E(cd4) = 409,073 - 0,43758 ‘time| , for women and [E(cd4) = 381,6186 - 9,1484 -time), for
men.

For vl counts: ( S, is influenced only from gender, and S, only from cd4 )

Y =b, - gender +b, -cd4 + (b, - gender +b, - cd4)-time

Y =p+ B, time
AL => = b, - gender + b, -cd4- time

B, =b -gender+b,-cd4
B, =b,-gender+b, -cd4

So [E(vl) = 27493,94 + 2,5 -cd4-time], for women and [E(v1) = 63904,918 + 2,5 -cd4-time, for
men .




5.2 THE MULTIVARIATE REGRESSION MODEL

For pre-naive period:

Cd4 analysis .

According to the graphical exploration shown previously the relationship between time and
all the covariates is at most linear. There are not any indices about quadratic effects, so our ini-
tial model is linear. Our first attempt is to perform a multivariate regression model in order to
see which of the covariates as well as their interactions with time are significant. Consequently,
we may start reducing the model and keep one that has most of the information of the mean
structure and of the covariance structure but without reducing considerably the goodness of fit of
the model. Our purpose is to construct a so-called ‘parsimonious’ model, meaning that it includes
just the necessary parameters and at the same time it does not have much lose of information

compared to the initial full model.

The data set at hand for the pre-naive period is quite large (622 observations); this makes it
difficult to initially consider an unstructured covariance matrix, because it leads to the estima-
tion of many covariance parameters. The reason is that we have at most 7 measurements per
subject, which results in a 7*7 covariance matrix (since the covariance matrix is symmetric we
have to estimate 7*8/2 = 28 parameters). On the other hand, the fixed parameters that we have to
estimate under the full linear mean structure are 6. The process was unable to converge using the
Hessian convergence criterion for some of the covariance structures we implemented for covari-
ance matrices D and Z, because it could not make the corresponding H matrix positive definite.
Convergence problems were encountered with performing Newton-Raphson algorithm iterations
because of infinite likelihood. However, after having reduced the model, we didn't confront the
particular problem often and thus we can compare more results given by different covariance

structures. After those general remarks, we may begin to investigate our results.

The model obtained by using the PROC MIXED procedure for the full model with options
'type'= simple, for R matrix, in the Repeated statement — assuming constant variances, and ig-
noring correlation -, while we make use of Maximum Likelihood (ML) methodology, is pre-
sented in Tables 11,12. Further details concerning Proc Mixed and its syntax are provided at

Appendix 1. Unfamiliar reader is advised to consult the relative notes.

The full model : [cd4 = vl + gender + time+ vI* gender +vI*timg , where time is

expressed in months before sero-conversion.
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