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Abstract

The Acquired Immunodeficiency Syndrome (AIDS) pandemic is a global challenge. The
human immunodeficiency virus (HIV) is notoriously known for weakening the immune system
and opening channels for opportunistic infections. The Cluster of Difference 4 (CD4") cells are
mainly Kkilled by the HIV and hence used as a health indicator for HIV infected patients. In the
past, the CD4" count diagnostics were very expensive and therefore beyond the reach of many
in resource-limited settings. Accordingly, the CD4* count’s clinical covariates were the
potential diagnostic tools. From a different angle, it is essential to examine a trail of the clinical
covariates effecting the CD4" cell response. That is, inasmuch as the immune system regulates
the CD4" count fluctuations in reaction to the viral invasion, the body’s other complex
functional systems are bound to adjust too. However, little is known about the corresponding
adaptive behavioural patterns of the clinical covariates influence on the CD4* cell count. The
investigation in this study was carried out on data obtained from the Centre for the Programme
of AIDS research in South Africa (CAPRISA), where initially, HIV negative patients were
enrolled into different cohorts, for different objectives. These HIV negative patients were then
followed up in their respective cohort studies. As soon as a patient seroconverted in any of the
cohort studies, the patient was then enrolled again, into a new cohort of HIV positive patients
only. The follow-up on the seroconvertants involved a simultaneous recording of repeated
measurements of the CD4" count and 46 clinical covariates. An extensive exploratory analysis
was consequently performed with three variable reduction methods for high-dimensional
longitudinal data to identify the strongest clinical covariates. The sparse partial least squares
approach proved to be the most appropriate and a robust technique to adopt. It identified 18
strongest clinical covariates which were subsequently used to fit other sophisticated statistical
models including the longitudinal multilevel models for assessing inter-individual variation in
the CD4" count due to each clinical covariate. Generalised additive mixed models were then
used to gain insight into the CD4" count trends and possible adaptive optimal set-points of the
clinical covariates. To single out break-points in the change of linear relationships between
the CD4" count and the covariates, segmented regression models were employed. In getting to
grips with the understanding of the highly complex and intertwined relationships between the
CD4" count, clinical covariates and the time lagged effects during the HIV disease progression,
a Structural Equation Model (SEM) was constructed and fitted. The results showed that sodium
consistently changed its effects at 132mEq/L and 140 mEq/L across all the post HIV infection

phases. Generally, the covariate influence on the CD4" count varied with infection phase and

viii



widely between individuals during the anti-retroviral therapy (ART). We conlude that there is

evidence of covariate set-point adaptive behaviour to positively influence the CD4" cell count
during the HIV disease progression.

Keywords: Break-points, HIV infection phases, inter-individual variation, lagged path models,

R macros, random smooths, variable selection, voluminous results data wrangling.
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Introduction

CHAPTER1 INTRODUCTION

The Acquired Immunodeficiency Syndrome (AIDS) pandemic is a global challenge. The
condition primarily affects a patient’s immune system which is responsible for keeping the
body under constant surveillance to defend itself from foreign invasion (Adrian et al. 2016).
Among the components of the immune system, Cluster of Difference 4 (CD4") cells, are
responsible for the main defence mechanism. Upon infection, the human immunodeficiency
virus (HIV) is notoriously known for targeting and killing these CD4" cells (Weston and Marett
2009), resulting in a weakened immune system (Beare et al. 2008) that opens channels to
opportunistic infections (Wingfield and Wilkins 2010). Prospective cohort studies are a defined
approach to following-up on patients (Phair 2009, Lorente et al. 2016) and in the context of the
HIV/AIDS, commonly recorded are the repeated measurements of the CD4" cell count to
monitor the HIV disease progression. Hence, the CD4" cell count is widely regarded as a health
indicator in HIV infected patients (Beare et al. 2008). Although the CD4"* count is the most
common health indicator for monitoring the HIV disease progression, equally important to

focus on are the drivers or covariates that influence the long-term CD4" cell count.

Understanding of the covariates that influence the long-term CD4* cell count in monitoring the
health status of HIV infected patients, is quite a complex process due to the dynamism
surrounding the epidemic. This includes the socio-economic variations associated with HIV
patients’ attitude towards adherence to health care (Burch et al. 2016, Bunyasi and Coetzee
2017), the rapid mutation of the HIV (Shafer et al. 2007, Cuevas et al. 2015), co-infections
(Goud and Ramesh 2014), as well as the biological complexity of the human body. The
challenge is further exacerbated by the disease progression from one phase to the other over
time (Weston and Marett 2009, Brener et al. 2018). In the North-West Ethiopia region, some
determinants of the CD4" count change were found to be demographic characteristics and
disclosure (Seyoum et al. 2017). In addition to this, (Montarroyos et al. 2014) found other
factors such as substance abuse, treatment including antiretroviral therapy (ART) and visiting
different medical practitioners. Contrary to some of these findings, the CD4* count change was
not related to gender and age according to (Smith et al. 2004) who also found white ethnicity
to be a factor. In Iran, insurance coverage, tuberculosis prophylaxis and a higher baseline CD4*
count, were found to be protective factors (Abbastabar et al. 2016). Little attention has to date
been given to the clinical covariates, and especially to the clinical covariates that are continuous
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in nature. Studies on the exploration to discover patterns in which these continuous clinical
covariates influence the long-term CD4" cell response during the HIV disease progression is

limited.
1.1 Motivational background

The ART has been a major milestone in the treatment of HIV positive patients. The case of
viral suppression is well known, resulting in designing processes both for monitoring and
restoration of patients’ CD4" counts to acceptable levels being relatively easy (Hunt et al.
2003). This also led to an improved survival period of patients (Eholié et al. 2016). However,
inasmuch as the untreated HIV disease is life threating, the ART is with no exception due to
the side effects thereof, that have been reported to be life threatening and further (Lands 2006)
affect the quality of life of some patients (Chen et al. 2013, Tomita et al. 2014). Consequently,
the problem of the HIV disease and its treatment is a catch-22 situation, calling for much
needed research in this regard. Seemingly, research focused on alternative ways to enhance the

CD4" cell response, serves to be of paramount importance.

In the past, the high costs of the CD4" count diagnostic devices (Bentwich 2005, Secko 2005)
made it difficult for the resource limited settings of the developing world (Manoto et al. 2018)
to easily obtain the CD4" count measurements for monitoring the health status of HIV infected
patients during the disease progression. The challenge was exacerbated by overburdened health
facilities (Elsa 2016), operational and logistical issues (Leung et al. 2016, Kuupiel et al. 2017),
and further in the supply of even essential medicine for the patients (Bateman 2013, Nditunze
et al. 2015, Jeffery 2016). Frequent instrument breakdown and poor manufacturer maintenance
of the CD4" count diagnostics were also common in these developing countries (Thairu et al.
2011). Despite all these challenges, keeping abreast of the health status of HIV positive
patients, in the absence of the CD4* count measurements, remained essential. Consequently,
different clinical platforms were investigated, either as cost effective CD4* count surrogates
(Alavi et al. 2009, Obirikorang et al. 2012, Kwantwi et al. 2017), or as predictors (Obirikorang
and Yeboah 2009, Nzou et al. 2010, Moolla et al. 2015), to pre-treatment assessment and
monitoring of therapy of HIV positive patients (Olawumi and Olatunji 2006). At a later stage,
the CD4" count measurements became extraordinarily inexpensive to obtain (CMA Media Inc.
2005, Manabe et al. 2012, Lab Chip 2017), though all the past endeavours to deal with the
problem of expensive CD4" count diagnostics, had already left a long trail of clinical
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covariates. From a different angle, it then stands to reason that the introduction of these clinical
covariates triggered interest in the attractiveness of their influential effects on the CD4" cell

response.

When recommendations were made to suggest other factors that influence the long-term CD4*
cell response in conjunction with the therapy (Smith et al. 2004), the previous studies had been
inclined towards identifying categorical covariates, such as demographic and socio-economic
factors (Smith et al. 2004, Montarroyos et al. 2014, Abbastabar et al. 2016, Burch et al. 2016,
Yakubu et al. 2016, Bunyasi and Coetzee 2017). In clinical research, categorisation is usually
considered due to the simplicity in statistical analysis (Altman and Royston 2006) for it just
look at group differences (Myers and Well 2003). However, this has the drawback of discarding
information and the cut-off points of such groups are further subject to debate (Altman et al.
1994, Royston et al. 2006), particularly due to the interpretation when seeking a biological
meaning (Baneshi and Talei 2010). Since HIV is currently exhibiting the highest known
extreme rapid biological mutation in the scientific history (Andrews and Rowland-Jones 2017),
it is likely that information is lost in categorising the CD4" count, say or in estimating the CD4*
count change, using categorical covariates, which even rarely change state in repeated
measurements. On the other hand, the “richer” sensitive clinical covariates are more capable
of capturing inherent information on the sources of variation in counting the CD4" cells that
are constantly fluctuating in response to the attack by the ever evolving HIV. This is because
the measurements of the continuous clinical covariates can be simultaneously recorded at
almost any frequency possible to the existing technology, providing an ideal opportunity to
capture close to real time evolutionary patterns of the CD4" cell count, in the face of the HIV
rapid mutation during the disease progression.

The clinical covariates that have been suggested come from different clinical platforms such
as the blood chemistry components (Voss et al. 1996, Choi et al. 1998, Gomo et al. 2001, Butt
etal. 2002, Butt et al. 2002, Volberding et al. 2004, Khaidukov and Litvinov 2005, Fleischbeina
et al. 2008, Bani-Sadr et al. 2009, Obirikorang and Yeboah 2009, Semeere et al. 2012, dos
Santos and Almeida 2013, Sudfeld et al. 2013, Dusingize et al. 2015, Moolla et al. 2015,
Adhikari et al. 2016, Pralhadrao et al. 2016, Shiferaw et al. 2016, Braconnier et al. 2017), full
blood count (Shapiro et al. 1998, Alavi et al. 2009, Obirikorang and Yeboah 2009, Sivaram et
al. 2012, Leticia et al. 2014, Vanisri and Vadiraja 2016a, 2016b), lipids (Floris-Moore et al.
2006, Iffen et al. 2010, Oka et al. 2012), sugar (Misra et al. 2013, McKnight et al. 2014,
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Maganga et al. 2015), and clinical examination measurements (Dannhauser et al. 1999,
Palacios et al. 2006, Esposito et al. 2008, Venter et al. 2009, Hsue et al. 2010, Nzou et al. 2010,
Manner et al. 2013, Fofana 2016, Kwantwi et al. 2017, Dimala et al. 2018). With the explosion
of these clinical covariates fuelled by the advancement in technology, we believe that
monitoring only a few strongest ones is worthwhile for resource optimisation during
prospective HIV/AIDS cohorts. This consequently allows the available multidimensional
viewing lens (statistical models) to zoom into the CD4" count behavioural patterns in response

to the strongest clinical covariates.

1.2 Statement of the problem

The self-regulatory immune system is known for attempting to restore the CD4" count
fluctuations due to the viral infection. Consequently, the strongest covariates are bound to
change accordingly too in their influential effects on the CD4" count. However, given this
virally invaded environment, little is known about the corresponding complexity in either the
possible adaptive optimal set-points or the interaction among the clinical covariates themselves
to influence the CD4" cell response. In addition, it is common practice in the medical fraternity
to administer an average dose across patients where in fact patient-tailored healthcare would
have been effective (National Clinical Guideline Centre 2012). As such, there is limited
knowledge on whether the effects of the clinical covariates induce variations in the CD4" count
behavioural patterns between patients during the HIV disease progression. It follows that the
past endeavours to deal with the obstacle of the expensive CD4* count diagnostic devices paved
the way for another avenue, to consider the clinical covariates as potentially an important and
integral part of the CD4" cell influence during the HIV disease progression. However, ways to
harness the benefits of the knowledge of the clinical covariates’ influential effects on the CD4*
cell count is still hampered by the limited discovery of patterns in the relationships, particularly
in the virally manipulated settings where the body’s functional systems tend to deviate from

the norm.
1.3 The aim and objectives of the study

This bioinformatics study aims to explore and discover the patterns in which the clinical
covariates influence the long-term CD4" cell response during the HIV disease progression. The
main objective in particular is to investigate the continuous clinical covariates that have high
information carrying capacity in their sensitiveness, which closely capture the CD4" cell count
variations in response to the corresponding extreme rapid biological mutation, of the HIV.

4



Introduction

1.4 The significance of the study

The main goal is to shed more light on the possibilities of integrating and managing the most
influential CD4* count clinical covariates in maintaining the health status of HIV infected
patients taking into consideration the infection phase specific relationships. With the explosion
of the previously suggested clinical covariates, the identification and understanding of the
influential patterns of the few and strong covariates of the CD4" cell count improves on the
resource optimisation in the HIVV/AIDS prospective studies. That is, managing fewer covariates
becomes cost effective. Further, the study provided benefical insights on the harnessing of the
covariate effects as having the potential to optimise the catch-22 challenge arising from the
HIV disease and treatment dynamism as well as a component of patient tailored medical care.

1.5 Contributions of the study

Although the variable selection procedures reduce the number of explanatory variables
considerably, what can be considered to be the reduced and the most important set of covariates
has been found to still be a relatively high-dimensional curse choking further modelling
techniques. Hence, this study contributed to the:

i.  Improved literature on the model formulation for high-dimensional covariates with a
grouping variable, particularly for longitudinal multilevel models and segmented
models for multiple covariates with multiple breakpoints.

ii.  Techniques for handling excessive output results for presentation and meaningful
interpretation. High-dimensional covariates often produce tabular results that are
extremely too lengthy to present formally for a meaningful interpretation. In such cases,
we proposed a shift towards the use of macros for an automated presentation of
multidimensional results.

iii.  Use of visual analytics tools and demonstration of graphical displays in interpreting
selected results meaningfully in multidimensional data exploration.

iv.  The body of knowledge through the articles which are published in reputable scientific

journals.
1.6 Thesis layout

The thesis is organised in eight chapters. Chapter 1 gives the introduction and objective of the
study. Chapter 2 provides a description of the data and exploratory data analysis that informs
or provides evidence of the suitable investigative statistical techniques for Chapters 3 to 7.
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Chapter 3 contains variable reduction as an attempt to filter out the unimportant clinical
covariates in preparation for further modelling techniques. Chapter 4 is based on multilevel
models to understand the CD4" count variations between patients in response to the covariates.
In Chapters 5, generalised additive mixed models (GAMM) focused on random smooths to
model the CD4" count trends and adaptive optimal set-points of the clinical covariates at each
phase of the HIV disease progression. Chapter 6 (segmented regression models) we looked at
detecting the existence of covariate subintervals within which they are significantly and
linearly associated with the CD4" cell count. Chapter 7 contains the application of structural
equation models (SEM) to provide an overview for a more insightful understanding of the
highly complex and intertwined relationships between the covariates, as well as the time lagged
effects influencing the CD4" cell influence during the HIV disease progression. Lastly, Chapter

8 provides discussion and conclusions.
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CHAPTER 2 DATA AND EXPLORATORY DATA ANALYSIS

2.1 The study design

This study initially enrolled HIV negative patients in different studies at the Centre for the
AIDS Programme of Research in South Africa (CAPRISA). The main study was a prospective
cohort study (the CAPRISA 002), aimed at documenting acute infection with an extensive
follow up to determine the natural history of the HIV-1 subtype C infection. The establishment
of the CAPRISA 002 acute infection study was between August 2004 and May 2005 (van
Loggerenberg et al. 2008). It was conducted at the Doris Duke Medical Institute (DDMRI)
situated at the Nelson R. Mandela School of Medicine of the University of Kwa-Zulu Natal in
Durban, South Africa.

Participant recruitment: Community liaison persons assisted in the recruitment and retention
efforts for the study, by methods of word of mouth and site visits. The recruitment sites were
linked to transport systems into the city, to enable participants to have access to public
transport. Participants were reimbursed for time, effort and transport expenses. The selection
criteria for women in the community included identifying women at the greatest risk of HIV,
that is those older than 18 years, self-identified as female sex workers and those that had at

least three sexual partners in the 3 months preceding the recruitment.

Cohort screening and seroconverts: The women initially received voluntary counselling and
testing. A urine test was conducted for pregnancy and a blood sample was collected for rapid
HIV antibody testing. Seroconverts from the CAPRISA 002 were enrolled a new cohort of HIV
positive patients only. Those who further seroconverted from any other CAPRISA study were
also enrolled in this cohort. A schematic diagram of the screening and enrolment procedure is

shown in Figure 2.1 where eventually, 237 seroconverts were recorded.

Ethical consideration: The local ethics committees reviewed the informed consent documents
that were also translated into isiZulu (van Loggerenberg et al. 2008), the local language of the
region. These ethics committees include members from the University of KwaZulu-Natal, the
Prevention Sciences Review Committee of the Division of AIDS (DAIDS, National Institutes
of Health, U.S.A.), the University of Cape Town and the University of the Witwatersrand in
Johannesburg.
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Figure 2.1: The study design.
The CAPRISA 002 HIV negative cohort screening involved 775 voluntary candidates, who could potentially join
the study, of which 462 were already HIV positive and 313were therefore initially eligible to join the study. Of the
313 HIV negative candidates, only 245 were enrolled in the study while the rest were excluded for various reasons
according to the eligibility criteria. At administrative censoring 27 out of the 245 seroconverted candidates were
enrolled in the follow up care. Seroconvertants from other CAPRISA studies (210) were also included into the
follow up care, resulting in a total of 237 patients being considered for this study.

The CAPRISA study considered five phases of the HIVV/AIDS disease progression and herein

briefly explained.
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1-Pre-HIV: This is when the patient is not infected and any HIV test will give negative results.
Although some other factors may influence the blood chemistry, complete blood count
or other measures at this stage, as health indicators, are usually within normal ranges.

2-Acute infection: This was taken as follow up time within 0 - 3 months after infection, where
most of the people develop flu-like symptoms that include fever, sore throat, headache,
swollen glands, muscle and joint aches. It is the period (acute retroviral syndrome),
when large amounts of virus are being produced, with the body naturally responding to
the HIV infection (Bellan et al. 2015, Manoto et al. 2018). The virus destroys the CD4"
cells and uses them to replicate itself (Weston and Marett 2009). This lowers the CD4*
cells rapidly, but the immune system will begin to respond by bringing down the virus
to a relatively stable level, called the viral set point. This allows the CD4" count to
increase, although it may not be up to the pre-infection levels.

3-Early infection: The time period during which the patients were followed up between 3 to-
12 months’ post infection.

4-Established infection: The duration of this stage was not fixed, as it depended on the patient’s
CD4" count level. It started from 12 months’ post infection and ended once the patient
has initiated antiretroviral therapy (ART).

5-ART: The patient was on antiretroviral therapy- in this study, it was initiated when the CD4"*

count was below 500 cells/mm?.

The period during which there are no symptoms but the virus is living or developing in the
body is referred to as clinical latency. AIDS is when the immune system is badly damaged, the
body is vulnerable to opportunistic infections and the CD4" cell count falls below 200
cells/rmm? of blood (Wingfield and Wilkins 2010).

2.2 The data

The data were entered onto hard copy case report forms at the study sites and converted into
electronic versions by faxing them to the CAPRISA Data Management Centre using a Data
Fax system. Although the data management centre at CAPRISA studies recorded many other
variables, Table 2.1 shows a summary of the electronic variables that were extracted based on
the availability of repeated observations from all 237 seroconvertants, that were in line with

this study’s objectives.
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Table 2.1: An overview of the studied CD4* count clinical covariates
CLINICAL

RESPONSE BLOOD CHEMISTRY EXAMINATION
CD4* count c ALT(GPT) _ Blood Pressure(systolic)
% AST(GOT) § Blood Pressure (diastolic)
FULL BLOOD COUNT 2 Bilirubin total £ Puse
Red blood cells % ALP Axillary temperature
« Haemoglobin (Hb) GGT Waist circumference
g Haematocrit . Calcium 2 Hip circumference
g MCV § Chloride E Arm right circumference
g MCH % Magnesium ;gl Triceps skin fold
MCHC [ Potassium € Height
RDW Sodium < Weight
Platelets < Total protein BMI
,, Leucocytes % Albumin LIPIDS
§ Neutrophils * LDH Cholesterol
§ Lymphocytes g 2 Fe (Iron) LDL
E Monocytes S E Folate Triglycerides
g Eosinophils "~ Vitamin B12 SUGAR
Basophils Urea Glucose

Abbreviations: mean corpuscular volume (MCV) ); mean corpuscular haemoglobin (MCH); mean corpuscular haemoglobin
concentration (MCHC); red blood cell distribution width (RDW); Alanine Aminotransferase (Glutamate Pyruvate
Transaminase) (ALT(GPT)); Aspartate Aminotransferase (Glutamate Oxaloacetate Transaminase) (AST(GOT)); Alkaline
phosphatase (ALP); y-Glutamyl transferase (GGT); Lactate dehydrogenase (LDH); Body Mass Index (BMI); low density
lipoproteins (LDL)

Due to the scarcity of repeated measurements during the Phase 1 (HIV negative), this thesis is
based on the data from Phases 2 to 5. Of primary interest were the last four repeated
measurements prior to each of the transition phases. Table 2.2 gives a summary of the studied

number of repeated measurements, per individual.

The variables are mostly functional and risk indicators of the heart, kidney or liver. They also
give information about parasite invasion, as well as tissue damage in some parts of the body.
The normal reference ranges of the measured variables depend on the laboratory and what is
considered as “normal”, varies with an individual and race (Patients Against Lymphoma 2004).
The active infections can further affect the test results, while some other factors that can affect
test results include medication taken during the testing period, stress, age and gender (Project
Inform 2007). The descriptions summarise the variable effect on the organ functioning, in

response to the general deviation from normal, without indicating the specific reference ranges.
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Table 2.2: The studied number of repeated measurements per individual

Phase: 2-Acute 3-Early 4-Est 5-ART

Time: Tn -3 Tn,z Tn,1 Tn Tn—3 Tn -2 Tn -1 Tn Tn -3 Tn -2 Tn -1 Tn Tn -3 Tn—2 Tn -1 Tn
ID Variable
01 CD4 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
01 c01 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
01 c02 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
01 C46 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
02 CDh4 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
02 c01 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
02 c02 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
02 c46 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
237 CD4 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
237 c01 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
237 c02 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
237 c46? 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

3 ¢46 = 46" covariate

Abbreviations: Est.-Established; T-Time; c-covariate

CD4* count: There are two types of lymphocytes, B or T cells (Shapiro et al. 1998, Project
Inform 2007, Obirikorang et al. 2012) of which the CD4" count is a T cell type (Papagno et al.
2004). Around two thirds of the blood’s T cells are "helper" cells expressing the surface marker
CD4" (Howard and Hamilton 2002) for fighting against foreign invasion (David and Jordan
2008, NAM 2012).

Full blood count (FBC): All blood components are suspended in plasma liquid. FBC indicates
whether a patient is anaemic (low red blood cells), presence of evidence of infection (using

white blood cells) or is used to determine the blood flow disturbance (using of platelets).

Red blood cells: Red blood cells are packed with haemoglobin and associated with anaemia

(Junqueira et al. 2006). Haemoglobin binds oxygen for transport to tissues and binds tissue
carbon dioxide for transporting it back for exhalation (Jensen et al. 1998, Wintrobe and Greer
2009). Haematocrits is the percentage of the total red blood cell volume out of the whole blood
volume (Wintrobe and Greer 2009). The CD4" count is: significantly associated with altered
haemoglobin and haematocrit (Vanisri and Vadiraja 2016b); where it is significantly and

positively correlated with blood haemoglobin level (Obirikorang and Yeboah 2009) and

11



Data and exploratory data analysis

haematocrit (Vanisri and Vadiraja 2016a). Hence CD4" count is significantly predicted by
haemoglobin (Nzou et al. 2010). However, some studies found no association between CD4*
count and haematocrits and suggest it to be an unsuitable CD4" surrogate (Alavi et al. 2009,
Emuchay et al. 2014). The average amount of haemoglobin inside a single red blood cell
(MCH) (Chhabra 2013) and the average concentration of haemoglobin in a given volume of
packed red blood cells (MCHC) (Zheng et al. 2015), reflects diminished oxygenation of tissues
(Arika et al. 2016) and anaemia (Project Inform 2007), if their results are low. They are further
significantly and positively correlated with CD4" count (Vanisri and Vadiraja 2016a). Lower
haematocrits and MCH are associated with lower CD4" count, that is below 350 cells/mm?
(Lumbanraja and Siregar 2018). Mean Corpuscular Volume (MCV) is the average size or
volume of individual red blood cells. Deviation (smaller or larger) from the normal range of
the red blood cells may indicate anaemia. Red blood cell distribution width (RDW) reflects
the degree of variation in erythrocyte size and volume and further classify anaemia (Lippi and
Plebani 2014) but similar to red blood cell count, it is insignificantly and negatively associated
with the CD4" count (Vanisri and Vadiraja 2016a). RDW is a marker of cardiovascular risk
disease in HIV infection (Al-Kindi et al. 2017), although some studies confirm it to be AIDS

related, but begged to differ on its association with the cardiovascular risk (Gallego et al. 2012).

Platelets: Platelets measure the blood clotting condition (Project Inform 2007, NAM 2012,
National Institutes of Health Clinical Center 2015, James 2017). Thrombocytopenia (low
platelet) occurs more frequently in HIV-infected people, than HIVV-negative ones (Omoregie et
al. 2009), primarily in the case of those with AIDS, with low CD4" cell numbers (< 200
cells/mm? (De Santis et al. 2011)), and in advanced stages of diseases (Sloand et al. 1992).
There is a positive correlation between platelet count and CD4" count (Leticia et al. 2014) and
therefore platelet count is considered a suitable surrogate for monitoring disease progression
(De Santis et al. 2011) although elsewhere this relationship was found not to exist (Caso et al.
1999).

White blood cells: Neutrophils fight against bacterial infection (Project Inform 2007,

Kimberger and Quast 2013) and an increase of these cells in the blood, is a sign of bacterial
infection (Arika et al. 2016). They express endogenous CD4" and bind HIV (Biswas et al.
2003). The mean white blood cell count was found to be lower in the group of patients with

low CD4* cell counts (De Santis et al. 2011). Lymphocytes: exist in two types, the B or T cells
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(Shapiro et al. 1998, Project Inform 2007, Obirikorang et al. 2012) of which the CD4" count is
a type of T cell (Papagno et al. 2004). Around two-thirds of the blood’s T cells are "helper"
cells expressing the surface marker CD4* (Howard and Hamilton 2002) for fighting against
foreign invasion (David and Jordan 2008, NAM 2012). Some studies found no (Emuchay et
al. 2014) or poor (Sen. et al. 2011) association between lymphocytes and CD4*. However, there
is enough evidence to suggest that a strong correlation between CD4* count and total
lymphocyte count exists, which is motivation to consequently use lymphocyte count as a
surrogate marker for CD4" count in resource limited settings (Shapiro et al. 1998, Daka and
Loha 2008, Alavi et al. 2009, Obirikorang et al. 2012, Abdollahi et al. 2014, Fasakin et al.
2014, Atere et al. 2016, Kwantwi et al. 2017). Monocytes are germ eating cells for fighting of
pathogens (Project Inform 2007). Together with CD4" cells, the monocytes are also infected
by HIV (Pasupathi et al. 2008). Eosinophils provide defence against parasites, and their
proliferation is induced by HIV infection (Cohen and Steigbigel 1996). They were found to be
associated with low nadir CD4" count (Sivaram et al. 2012) and found to be negatively
correlated with CD4" count (Cohen and Steigbigel 1996), although other studies could not find
significant correlations between eosinophil count and CD4" T cell count (Chorba et al. 2002).
Basophils are the least abundant leucocytes (Min et al. 2011) and; control damage to body
tissues and inflammation (Project Inform 2007). The direct contact between human basophils
and CD4" T cells can mediate viral trans-infection of T cells through the formation of viral
synapses (Jiang et al. 2015, Marone et al. 2016).

Lipids: Measure the risk factors to cardiovascular disease using a common test called lipid
profile (The Johns Hopkins Lupus Center 2017). Higher CD4" lymphocyte counts were found
to be associated with higher lipid levels (Floris-Moore et al. 2006). Total cholesterol and other
lipids decrease with HIV infection (Wang et al. 2016). Triglycerides, the main body fat storage
(NAM 2012), increases the risk of heart disease (The Johns Hopkins Lupus Center 2017), and
are affected by malnutrition and were found to be a side effect of anti-HIV drugs (Project
Inform 2007). CD4" lymphocyte count was found to be positively correlated with both high
density lipoproteins (HDL) and low density lipoproteins (LDL) (Floris-Moore et al. 2006, Oka
et al. 2012) and further inversely related to triglycerides and very low LDL (Iffen et al. 2010).
Higher LDL and triglycerides, with lower HDL, were observed among the HIV positive
subjects having CD4" cell counts below 200 cells/mm?, as compared to the HIV-control group
(Iffen et al. 2010).

13
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Sugar: Measured as blood glucose, which is a simple sugar that is obtained from the food
consumed and provides energy to the body cells, which cannot function without the glucose
(The Johns Hopkins Lupus Center 2017). The hormones insulin and glucagon regulate the
sugar levels by decreasing or increasing it, respectively. Glucose was found to be inversely
correlated with CD4" count (McKnight et al. 2014). Also, glucose metabolism disorders are
significantly associated with higher CD4* T-cell counts (Maganga et al. 2015) and this was
common in HIV infected patients (McKnight et al. 2014). The relationship between glucose
tolerance and CD4" count was confounded by ethnicity for patients on highly active

antiretroviral therapy (Misra et al. 2013).

Blood chemistry: A blood chemistry test measures chemical substances released from body
tissues, or are produced during the breakdown (metabolism) of certain substances (Canadian
Cancer Society 2017). This helps in determining how well the different organs are functioning,
by examining the levels of different elements and waste products in the blood (U.S. Department
of Veterans Affairs 2016). An abnormal amount of a substance in the blood can be a sign of
disease, or be a side effect of a treatment.

Liver function: Enhanced deterioration of kidney function was found to be associated with a

depletion of CD4" count (Opiyo et al. 2013, Opiyo et al. 2015). Alanine Aminotransferase
(Glutamate Pyruvate Transaminase) ALT(GPT) and Aspartate Aminotransferase (Glutamate
Oxaloacetate Transaminase) AST(GOT): are the liver enzymes used as indices of HIV disease
progression (Pasupathi et al. 2008) and are an indication of the liver damage (Shiferaw et al.
2016). A CD4* count below 200 cells/mm? was found to be associated with elevated ALT and
AST (Shiferaw et al. 2016) and were found to be prevalent in HIV positive women (Dusingize
et al. 2015). Bilirubin total: is a waste product of the red blood cell breakdown in the liver
(Project Inform 2007, The Johns Hopkins Lupus Center 2017). Normally this should be
negative in tests such as urinalysis (Burns et al. 2011), though it may increase due to the
shortened life span of red blood cells when old ones accumulate at a faster rate than eliminated
(The Johns Hopkins Lupus Center 2017). Alkaline phosphatase (ALP) and Gamma Glutamyl
transferase (GGT) are liver enzymes used to detect liver health (Whitfield 2001, Beare et al.
2008, Patil et al. 2013). Alkaline phosphatase (ALP) was found to correlate well with the CD4*
count, but enumerate slightly higher counts than the common flow cytometry (Gomo et al.

2001), while in rare cases, it can be affected by drugs to reach abnormally high levels although
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this improves the CD4" count (Fleischbeina et al. 2008). A baseline assessment once showed
that the risk of elevated GGT was not associated with CD4" cell count (Bani-Sadr et al. 2009).

Electrolytes: Electrolytes are restored by highly active retroviral therapy in HIV/AIDS patients
(Ugwuja and Eze 2007). Sodium and calcium: regulates water balance, blood pressure, blood
volume, heart rhythm, and most importantly, the brain and nerve function (Project Inform 2007,
James 2017, The Johns Hopkins Lupus Center 2017). Patients with abnormally low sodium
levels have been found to have lower CD4" count and also to have a higher prevalence of AIDS
(Braconnier et al. 2017). Serum sodium aberration was observed more frequently in
seropositive than in seronegative individuals (Opiyo et al. 2015). Calcium is essential in the
blood, muscle contraction, oocyte activation, building strong bones and teeth (Pravina et al.
2013). A change in calcium homeostasis in human CD4" T lymphocytes has been observed
(Khaidukov and Litvinov 2005). Chloride is a measure of pH and fluid balance (Project Inform
2007, The Johns Hopkins Lupus Center 2017) where gastrointestinal problems such as
vomiting and diarrhoea can be caused if the levels of chloride in the body are low (James 2017).
Magnesium is involved in muscle contractions and protein processing (Project Inform 2007).
If the levels of magnesium are too low, then it is known to be associated with a number of
chronic diseases (Grober et al. 2015). Potassium regulates the acid-base chemistry and water
balance (The Johns Hopkins Lupus Center 2017), such as nerve impulses and heart muscle
(Project Inform 2007, James 2017). Acute infection of CD4" lymphoid cells by HIV induces

an increase in the intracellular concentration of potassium (Voss et al. 1996, Choi et al. 1998).

Protein: The total protein reading is an indication of the level of in the maintenance of normal
water distribution between tissues and blood, as well as the acid-base balance (Spectrum 2007).
Serum proteins increase with HIV progression (Jemikalajah and Adu 2015) and in response to
highly active antiretroviral therapy, are used for HIV/AIDS patients (Ugwuja and Eze 2007).
Albumin prevents fluid from leaking out of the body to allow tissue nourishment (James 2017),
and its fractions were significantly associated with HIV status, among HIV positive patients,
with HIV disease and ART (Sarro et al. 2010, Serpa et al. 2010). A direct relationship between
albumin and CD4" count was observed (dos Santos and Almeida 2013, Pralhadrao et al. 2016),
and further considered a predictor of the CD4* count of less than 200 cells/mm?, with moderate
accuracy (Moolla et al. 2015), so that this is a potential surrogate for CD4" count in limited
resource settings (Olawumi and Olatunji 2006). However, some studies could not find an

albumin association with CD4" count but still concluded that serum concentration can identify
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adults initiating ART (Sudfeld et al. 2013). Lactate dehydrogenase (LDH) is a cytosolic
enzyme, for enabling the fulfilment of the short-term energy requirements in the absence of
sufficient oxygen, at the expense of greater consumption of glucose cells (Valvona et al. 2016).
It has been reported that an inverse relationship between CD4" cell count and LDH level exists
(Butt et al. 2002, Bultt et al. 2002).

Iron and Vitamins: Fe is a key component of haemoglobin in red blood cells and is essential

for the uptake of oxygen and its delivery to tissues (Kelly et al. 2017). Haemoglobin decreases
as the HIV disease progresses, and is positively correlated with CD4" count (Obirikorang and
Yeboah 2009). It indicates an increased risk of anaemia for patients with CD4" count under
200 cells/fmm?® (Volberding et al. 2004). Anaemia was also independently associated with
higher mortality (De Santis et al. 2011). Vitamin B12: At a low level, results in megaloblastic
anaemia (National Institutes of Health 2016). A low prevalence of Vitamin B12 has been
reported in HIV patients, as compared to Vitamin D (Bruno et al. 2017). Studies have shown a
higher deficiency of this vitamin amongst HIV patients with TB (Adhikari et al. 2016), with
this being common in chronic diseases and is further correlated with mortality (Adhikari et al.
2016). At sub-optimal, Vitamin B12 is further associated with higher CD4" decline (Semeere
et al. 2012). Folate is a B-vitamin that is naturally present in many foods and is needed for cell
growth and metabolism (Arya and Kumar 2012, Dieticians of Canada 2014). It improves the
CD4* count but was found to not be associated with HIV progression to AIDS (Adhikari et al.
2016).

Urea is an excretory product from the blood, due to protein catabolism (James 2017). Excess
urea might be interpreted as a sign of dehydration, kidney dysfunctional (Project Inform 2007)
or other conditions, such as protein diet, hyperbolic conditions, starvation or hepatic injury
(NIOS 2012). However, studies on blood urea and CD4" count association, are currently hard
to come by in literature.

Clinical examination: Includes physical examination, the process of evaluating the patient’s
body anatomic findings (Burns et al. 2011). These measurements show vital signs (Campbell
JR and Lynn 1990) that are assessed at an early stage of the physical examination.
Morphological measurements provide information on the changes to the body structure in

relation to the accumulation of fat in different parts of the body.
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Physical: Blood pressure (systolic) is the heart muscle contraction measured by the force of
blood on the walls of the arteries (Heart Foundation 2016). A baseline study once showed a
negative correlation existing between the systolic blood pressure and CD4" cell count (Palacios
et al. 2006) and further associated this with mortality among patients whose HIV disease was
not advanced (Bloomfield et al. 2014). Blood pressure (diastolic) is the left ventricular ejection
fraction higher values were found to be independently associated with lower nadir CD4* T cell
count (Hsue et al. 2010). Some other studies found no independent relationship between CD4*
count and hypertension but after adjusting for body mass index (BMI), patients with a CD4*
count of at least 350 cells/mm?, were more likely to have hypertension (Dimala et al. 2018).
The highest proportion of hypertensive patients had both nadir CD4" cell count below 50
cellssmm? and a prolonged ART duration (Manner et al. 2013). Pulse(bpm) is the rhythmic
contraction and expansion of the artery due to the heart pumping the blood (Westat Inc. 1993).
Axillary temperature change affects metabolism or causes hyperthermia (Kimberger and Quast
2013).

Morphological: Right arm circumference is an indicator of nutritional status (Silva 1999,

Yallamraju et al. 2014). There is a significant, but poor correlation between CD4" cell count
and right arm circumference (Venter et al. 2009). Undernourished HIV patients were found to
be associated with low CD4* count, that is under 200 cells/mm? (Fofana 2016). Triceps skin
fold indicates the body composition, mostly certain fat levels (Cyrino et al. 2003) and an
increase in this measure, is associated with lower CD4* count among HIV patients (Esposito
et al. 2008). Height(m) previous studies have not independently looked at height and CD4*
relationships, but rather used this measure as a composite variable. The body mass index
(BMI), which was found to have a significant and positive relationship with the CD4" count
(Kwantwi et al. 2017), specifically for cases with CD4* below 200 cells/mm? (Nzou et al.
2010). BMI was also found to be a confounding factor in the relationship between CD4" count
and hypertension (Dimala et al. 2018). Generally, patients with CD4* below 200 cells/mm?,
tend to have lower anthropometric measurements (Dannhauser et al. 1999). Given this known
information about the covariates, we further explore their influential patterns on the CD4" count

in the context of the CAPRISA study design for measurements recorded after seroconversion.

A review of the available literature had indicated that in the midst of all the available clinical
covariates, an understanding of the strongest influential effects on the CD4" count has not been

well documented. Further, there is scarce information on the adaptive behavioural patterns of
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the covariates, the interconnections amongst the covariates and how their effects cause

variation in CD4" count between patients.
2.3 Exploratory data analysis

Visual analytics enhance the analytic power of data and create visualizations to uncover
relevant patterns (SAS Institute Inc 2014) that help to clearly understand the design as well as
the properties of the dataset (Liu 2012). Amid the proliferation of information technology,
multidimensional data are continuously being collected and hence the real world information
is believed to be growing at an exponential rate (Wang et al. 2013). The basic visual exploration
techniques have however become limiting. Multidimensional data visualisation for further
investigation is hampered by the orientation of the dimensional space. To have an insight into
the many dimensions is very important, however difficult (Fisseha and Onana 2017). The
difficulty is due to the failure of human intuition about the geometry of high dimensions
(Wegman 2001). To augment the multidimensional data visualisation techniques, parallel
coordinate plots are considered to be one of the key features in visualising multi-dimensional
data, to be easily interpretable (Wegman 2001, Long 2009, Heinrich and Weiskopf 2013).

2.3.1 Parallel coordinates plot

Given m dimensions labelled X;,X,,...,X,, an m-dimensional geometry with m equidistant
copies of the X-axis or y-axis, can be obtained depending on preference. The most common

implementation is vertical, with the dimension axes having the same positive orientation,

parallel to the y —axis (Heinrich 2013). The dimensions are represented as vertical lines

parallel to each other, instead of being orthogonal (see Figure 2.2).
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Figure 2.2: The implementation of the vertical parallel coordinates plot
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Source : (Long 2009)

A single record (row) in a data frame, depicts a point P=(p1, Py pm) on a parallel
coordinates plot with m dimensions such that a polygonal line can be drawn joining the vertices
P., k=1..,m, at each k" dimension. Basically each row in a data table is mapped as a line,

or profile, and each row becomes a point on the line resembling a line chart, but the translation
is very different (TIBCO-Spotfire® 2014). The values for each variable can also be normalised,
to have 0% corresponding to the lowest value in a column, with the highest value in that same
dimension, being set to 100%. Hence, the lower and upper points on the vertical lines may
correspond to the minimum (0%) and maximum (100%) values of a dimension respectively.
Scales across the different variables are separate and heights of the variables are incomparable.
However, the SAS JMP software is capable of plotting each axis with its own scale (Gregg

2011), thereby allowing the visual detection of the outliers using the original values.

Parallel coordinates plots are a generalisation of the two-dimensional plot, and as such, their
display allows for interpretations of statistical data analogous to two-dimensional Cartesian
scatter plots. Hence, correlations between multiple variables can be revealed by connecting
lines between pairs of neighbouring dimensions (Few 2006, Wang et al. 2013). Too few
crossing lines is an indication of lack of correlation (Dasgupta and Kosara 2010). Also, entities
with a multivariate profile are visually determined. Parallel coordinates derive their strength in
modelling relations among multivariate datasets by transforming them into a 2-D pattern
recognition problem (Inselberg 1997). Points in high dimensional spaces, such as three or more
dimensions, can be displayed. The technique can be applied to any kind of data without much
computational resources, and it is further easy to interpret, without necessarily requiring the

need for high level expertise.

The display of parallel coordinate plot patterns depends on the variable scale and axes. The
series of connected values form poly lines, that do not indicate change but rather indicate
meaningful multivariate patterns and allow for comparisons, when used interactively for
analysis (Few 2006). This allows easy investigation when interacting with data in many ways,
giving rise to the presentation of different combinations of results as data trends become clearly
visible (Cuzzocrea and Zall 2013). However, achieving all the possible combinations can be
time consuming and inefficient, as the corresponding axes do not appear beside each other.
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There is a tendency of excessive line crossing and overlapping in the parallel coordinates plot,
so that reducing this visual clutter, is very important (Zhou et al. 2009). Brushing with hue and
saturation, allow clusters or subsets to be isolated by colour paint settings with conditional plots
or animations. Same way of using different colours, enables the analyst to track coherent
clusters, through different representations, whereas animation colouring follows the data
subsets through the time evolution of the animation. Dimension reordering, use of curved
urges, opacity bands and edge bundles, can further be used to solve the problem of cluttering,
by visually inspecting distinguishing groups.

Outliers detection

Detection of outliers and how they are treated varies, depending on the context and in some
cases, common sense or investigators’ experience, iS needed (Van den Broeck et al. 2005).
Undesirable values need attention before a detailed investigation of a dataset. All the entries in
error, that are sometimes referred to as outliers, can be treated differently from the onset of data
exploration, by removing them (Osborne and Overbay 2004) as single cases only, without
dropping the entire records, as this leads to the loss of power and systematic deviation from
true population parameters (Nakagawa 2015). Although the genuine outliers provide some
insights into the underlying data structure, they still cause a threat to model accuracy, as they
tend to distort distributional assumptions (Chen and Mu Liu 2015) and induce biased parameter
estimates (Van den Broeck et al. 2005).

The non-error outliers though “dubious in the eyes of the analyst” (Dixon 1950) could be
genuine values, simply representing extreme cases (Ghosh and Vogt 2012). Those observations
that appeared to be inconsistent from the remainder of the data set (Johnson and Wicherm
2007), are potentially fruitful based on the biological context, usually had their fate delayed
until the end of pattern detection, but they could possibly have been a source of discovery (Ben-
Gal 2005, Johnson and Wicherm 2007, Ngatia 2012).

Outlier treatment methods include capping, where an outlier that takes the smallest value is
assigned a value of the 5" percentile and similarly, any outlier well above the rest of the data
set, is replaced with the 95 percentile value. In this case, the actual observation is unknown
in as much as the one which was originally not there and both, are as good as missing. This
imputation by capping procedure does not consider the missing mechanism and leads to biased
results. A common way of getting rid of such extreme cases is by deletion (Van den Broeck et
al. 2005, Johnson and Wicherm 2007), using the rule of thumb that any value above upper
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quartile, or below the first quartile by 1.5 x Inter-quartile range, is an outlier (Moore et al. 2009,

Sunitha et al. 2014). However, this generates missing values, that will require treatment.
2.3.2 Missingness patterns

For the cases of as little as 5% or more missing values, the need for some data imputation is
recommended (Graham 2009). Analysis using a complete case data set by either case deletion,
imputation or augmentation, would be ideal for producing parameter estimates that are close
to the population true values (Nakagawa 2015). The data imputation considers the proportion
of missing values which affects the quality of statistical inferences (Dong and Peng 2013) and
requires the missing data mechanism that greatly influences the research results (Tabachnick
and Fidell 2012). The missing data mechanism could either be missing at random (MAR),
missing completely at random (MCAR) or missing not at random (MNAR), (Howell 2008).
The missingness mechanism is a statistical relationship between the variables observed and the
probability of missing data (Nakagawa 2015). When the probability of missing data is related
to some other variable(s) in the data set, such that they (not the variable with missingness), can
predict the missingness, the data is MAR. On the other hand, MCAR, is when no relationship
exists between missing values and the variable with missingness, or the other variables in the
data set. In the case of the missingness, being predicted by the unobserved value of the variable
missing, the scenario is referred to as MNAR. By understanding the missingness mechanism,
the appropriate imputation method can be chosen to increase the accuracy of the results. The
MCAR can be tested using the Chi-square test statistic, the most appropriate method for
quantitative variables (Little 1988, Beaujean 2012). This test is more convenient than the
several t-tests for each variable, which makes the simultaneous inferences difficult, due to the
complex correlated structure of the corresponding t-statistics (Little 1988). There is however
no statistical test and neither a visual technique, to decide whether the missingness will be
MAR or MNAR because their corresponding probability distributions differ only in that
MNAR, depends on unobserved values, of which in any case, there is no way to know what
they were (McKnight et al. 2007, van Buuren 2012). Hence, if the missingness is confirmed
not to be MNAR, the assumption of the MAR as the missingness mechanism, is considered to
hold.

The imputation could be single (one complete data set), or multiple (more than one complete
data sets). The latter requires the separate analysis of the data sets and then pooling the results

whereas, in the former, analysis is done using the conventional procedures. Single imputation
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could be any of the common methods such as mean, median, simple regression, hot and cold
deck, and last observation carried forward (LOCF) or next observation carried backwards
(NOCB). However, these tend to produce biased parameter estimates (McKnight et al. 2007).
The most attractive and unbiased single imputation is by stochastic regression, which also uses
the assumption of MAR (Gelman and Hill 2007, Enders 2010). The R library multivariate
imputation by chained equations (MICE) implements the Markov chain Monte Carlo (MCMC)
procedures under the MAR assumption too and allows for random selection of one of those
complete data sets from multiple imputations (van Buuren and Groothuis-Oudshoorn 2011).
To increase prediction, each variable has its own imputation model and the built-in models can

handle continuous, binary and categorical data (van Buuren and Groothuis-Oudshoorn 2017).
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2.4 The results of exploratory data analysis

The results of the overall distribution of each variable showed the existence of some extreme
cases (see Figure 2.3). The CD4" count did not have any outliers from an overall perspective.
Among the anthropometric covariates, outliers were common in the triceps skinfold only. The
majority of the outliers were observed in the full blood count components and the liver
functions tests. It was further revealed that the red blood cell group had outliers in both
extremes, whereas the white blood cells and the liver function indicators tended to have
extremely high values only. Of all the studied variables, a wide distribution was observed in
potassium, LDH and folate measurements. The white blood cells and the liver function

indicators were mostly below the 50™" percentile.
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Figure 2.3: Boxplots of the overall variable distribution

A comparison of the variable distributional properties within the HIV infection phases is shown
in Figure 2.4. The data showed that an overview of the variable distributions masked the
outliers within the phases. As the HIV disease progressed, there was a notable shift in the
distributions of some of the covariates. The distributions of clinical measurements associated
with phases 2 and 3 were fairly similar. However, the clinical examination measurements of
phase 4 were generally higher than those of phase 3. This was also observed in the red blood
cell indices (MCHC, MCH, Hb), ALP, GGT, potassium, LDH and the CD4" count were the

measurements recorded during the ART phase, were generally higher than those recorded
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during the established phase. This warranted a further investigation into a possible drift in the
homeostatic levels of the CD4* count clinical covariates, using the application of advanced

statistical methods.
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Figure 2.4: Boxplots of variable distribution within each phase
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The data were also displayed using the parallel coordinates plot to augment the boxplots (see
Figure 2.5).
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Figure 2.5: The results of parallel plot indicating outliers within each phase
The outliers can clearly be seen to disturb the distributional assumptions and the potential to
affect the calculations of summary statistics, such as the means and variances. They were
dropped out per infection phase using the rule of thumb that any value above the upper quartile
or below the first quartile by 1.5 x Inter-quartile range, is an outlier. This further introduced
some missing values. Figure 2.6 shows an overview of the cleaned data set, that could provide

some realistic mean and variance values.
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Figure 2.6: The results of parallel plot indicating the treated outliers

Both the error and genuine extreme cases were eventually treated as missing values giving rise

to a final cleaned data set with a 34.49% proportion of missingness, in a 3 792x52 data matrix.

The missingness test produced a statistic x’ value=14 040.997, DF =7733and

p —value< 0.001 for the 34.49% missing proportion, suggesting that the evidence that the

study data was MCAR. The missingness pattern in Figure 2.7 clearly shows that the weakness
was due to some blocks of missing values which are likely to have resulted in the none
randomness.
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Prior to data imputation, the last four measurements per variable from each phase were selected
and multiple imputations with chained equations were considered as an appropriate approach,
since it takes into account the missingness mechanism. The missing value imputation
considered the multilevel structure of the data, where both random and fixed effects were
incorporated. The imputation procedure produced five datasets and their distributions were
compared against the observed variables (see Figure 2.8). The diagnostic results showed that
the distribution of all the imputed data sets were identical (blue), and very similar to, the
observed values. This further strengthens the confidence to select a single dataset to use, with

more investigative techniques.
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Figure 2.8: The results of data imputation diagnostics
Blue represents the observed data whilst red is the imputed data

Abbreviations: red- red blood cells; hae- haematocrit, pla- platelet, lym- lymphocytes, mon-monocytes,
bas-basophils, glu-glucose, alk-alkaline phosphatase, cal-calcium, mag-magnesium, pot-potassium, sod-sodium,
pro-protein, alb-albumin, lac- lactate dehydrogenase, fol-folate, leu-leucocyte, neu- neutrophils, eos-eosinophils,
cho-cholesterol, tri-triglycerides, alt-ALT(GPT), ast-AST(GOT), bil-bilirubin, ggt- glutamy! transferase,
chl-chloride, vit- vitamin B12, sbp-sytolic blood pressure, dbp-diastolic blood pressure, pul-pulse(bpm),
tem-axillary temperature, wai-waist circumference, hip-hip circumference, arm-right arm circumference,
ski-triceps skin, hei-height(m), wei-weight(kg)

Table 2.3 shows the descriptive statistics of the variables within each phase as well as those
from an overall point of view, that considers the entire follow-up period. During the entire
follow up period, at least 50% of the CD4" cell count repeated measurements were above 540
cellssmm?3, averaging 570+240 cells/mm?, with an overall variation of 41.8% around the
cohort’s average CD4" cell count. Although the average CD4" cell counts varied with the
infection phase, the maximum CD4* cell count ever recorded during each phase was 1 400
cellssmm?® The greatest variation of the covariates’ repeated measurements around the mean
was observed in eosinophils (at least 98%), basophils (at least 64%) and Gamma glutamyl

transferase (at least 57%).
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Table 2.3: The results of descriptive statistics of the data

2-Acute
(n=948)

3-Early
(n=948)

4.Est
(n=948)

5.ART
{n=948)

Overall
(n=3792)

CD4+ Count (cellsfmm*3)

MeantSD(CV%)
Median[Min:Max]
RBC (x10*6cellsimm*3)
MeantSD(CV%)
Median[Min:Max]
Haemoglobin (g/dL)
MeantSD(CV%)
Median[Min;Max]
Haematocrit (Het/100)
MeantSD(CV%)
Median[Min;Max]
MCV (fL)
MeantSD(CV%)
Median[Min;Max]
MCH (pgicell)
MeantSD(CV%)
Median[Min;:Max]
MCHC (g/dL)
MeantSD(CV%)
Median[Min;Max]
RDW (%)
MeantSD(CV%)
Median[Min;Max]
Platelet (x10+9iL)
MeantSD(CV%)
Median[Min;Max]
leucocytes (x1049/L)
MeantSD(CV%)
Median[Min;Max]
Neutrophils (x1049/L)
MeantSD(CV%)
Median[Min;Max]
Lymphocyte (x1049/L)
MeantSD(CV%)
Median[Min;Max]
Monocytes (x10+9/L)
MeantSD(CV%)
Median[Min;Max]
Eosinophils (x1049/L)
MeantSD(CV%)
Median[Min;:Max]
Basophils (x10+9/L)
MeantSD(CV%)
Median[Min;:Max]
Cholesterol (mmeliL})
MeantSD(CV%)
Median[Min;:Max]
LDL (mmoliL)
MeantSD(CV%)
Median[Min;:Max]
Triglycerides (mmol/L)
MeantSD(CV%)
Median[Min:Max]

600+240(39.7)
570(53:1400)

4.4:0.47(10.8)
43(2.75.6)

1241.5(12.3)
12(7.2:18)

0.37£0.041(10.9)
0.37(0.23:0.48)

86+6.5(7.5)
86(64:110)

2842 6(9.2)
29(20:37)

331.3(3.9)
33(29,37)

15£1.8(11.7)
15(11:22)

300+81(27.0)
290(75;590)

5.6+1.7(30.4)
5.3(2.1:12)

2.7+1.3(46.3)
2.4(0.59:7.8)

2.2:0.76(35.2)
2.1(0.37:4.4)

0.43£0.16(37.5)
0.41{0.10:1.0)

0.16£0.16(100.5)
0.10(0.0:0.80)

0.031+0.020(64.0)
0.030{0.0:0.090)

3.820.89(23.4)
38(117.0)

2.3:0.71(30.4)
23(0.60:4.7)

0.99+0.45(45.7)
0.90(0.10:2.8)

560+240(43.6)
520(54:1400)

4.30.50(11.8)
42(3.05.6)

1241.7(13.9)
12(7.2:18)

0.37+0.043(11.8)
0.36(0.24:0.48)

86+7.3(8.5)
86(54:110)

28+3.1(10.9)
28(19:37)

33+1.4(4.2)
33(29;37)

15+2.1(13.8)
15(11:22)

300+81(27.1)
290(43;590)

5.3+1.7(32.3)
5.0(2.2:12)

2.7+1.3(47.4)
2.4(0.82:7.8)

1.9£0.74(38.3)
1.9(0.37:4.4)

0.42+0.15(34.9)
0.40{0.12:1.0)

0.1420.15(100 5)
0.10(0.0:0.78)

0.025£0.019(74.0)
0.020(0.0:0.090)

3.8:0.87(22.8)
38(16:6.4)

2.3:0.72(31.3)
2.3(0.60:4.4)

0.95£0.43(45.1)
0.90(0.0:2.8)

520+230(44.1)
490(45:1400)

4.3:052(122)
42(2.7586)

1241.7(13.7)
12(7.3.16)

0.3740.042(11 5)
0.37(0.25:0.47)

87+6.7(7.7)
87(85:110)

29+2 9(10.0)
29(20:37)

33+1.4(4.1)
33(29:37)

15+1.8(12.5)
14(11:22)

280+83(29.2)
280(43;590)

52+1.3(34.1)
4.8(1.9;12)

2.7+1.4(50.0)
2.3(0.69:7.8)

1.8£0.72(40.0)
1.7(0.37:4.4)

0.42+0.16(37.7)
0.40{0.070:1.0)

0.1520.15(101.9)
0.10(0.0:0.80)

0.016£0.013(76.9)
0.010(0.0:0.090)

3.7:0.83(22.2)
3TAT0)

2.320.67(29.2)
2.2(0.60:4.3)

0.93£0.45(48.4)
0.80(0.0:2.8)

610£230(38.2)
590(45:1400)

4.2:0.45(10.8)
42(2.75.6)

12£1.5(11.8)
12(8.0:18)

0.380.039(10.5)
0.38(0.25:0.47)

50+6.6(7.4)
90(67:110)

3042.7(9.2)
30{20:37)

3311.3(3.9)
33{29,37)

14£1.7(11.9)
14(11:22)

30078(26.1)
300(60;590)

5.2+1.7(33.4)
4.9(1.9:11)

2.9+1.4(47.1)
2.7(0.59:7.8)

1.740.64(37.4)
1.6(0.37:4.4)

0.39+0.15(37.4)
0.37(0.12:1.0)

0.13£0.13(98.6)
0.090(0.0:0.80)

0.019+0.013(68.1)
0.020(0.0:0.090)

4.00.68(22.0)
3.9(2.0.7.0)

2.320.74(32.0)
2.3(0.60:4.8)

1.0£0.49(49.0)
0.90(0.2022.7)

5704240(41.8)
540(45:1400)

4.3+0.49(11.5)
42(2.75.6)

1241.6(13.0)
12(7.2:18)

0.37+0.042(11.2)
0.37(0.23:0.48)

B7+7.0(8.0)
87(64:110)

29+2 9(10.0)
29(19:37)

33+1.3(4.0)
33(29;37)

15+1.9(12.7)
14(11:22)

300+81(27.4)
290(43;590)

5.3+1.7(32.6)
5.0(1.9:12)

2.8+1.3(47.8)
2.4(0.59:7.8)

1.9£0.74(38.8)
1.8(0.37:4.4)

0.41£0.15(37.1)
0.39(0.070:1.0)

0.15£0.15(101.1)
0.10(0.0:0.80)

0.023+0.017(75.7)
0.020(0.0:0.090)

3.8£0.87(22.7)
38(1.1.7.0)

2.3:0.71(30.7)
23(0.60:4.8)

0.97+0.46(47 2)
0.90(0.0:2.8)
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Table 2.3: The results of descriptive statistics of the data (continued)

2-Acute 3-Early 4. Est 5-ART Overall
(n=948) (n=948) (n=948) (n=948) (n=3792)
CD4+ Count (cellsimm*3)
Mean+SD({CV%) 600+240(39.7) 560+240(43.6) 520+230(44.1) 610+230(38.2) 570+240(41.8)
Median[Min:Max] 570(53:1400) 520(54:1400) 490(45;1400) 590(45;1400) 540(45;1400)
Glucose
Mean+SD(CV%) 1.4£0.56(41.0) 1.6£0.67(41.1) 1.7£0.67(38.5) 1.7£0.67(38.9) 1.6+0.66(41.0)

Median[Min:Max]
ALT(GPT) {UIL)
Mean+SD(CV%)
Median[Min:Max]
AST(GOT) (UiL)
Mean+SD(CV%)
Median[Min:Max]
Bilirubin (mmol/L)
Mean+SD(CV%)
Median[Min:Max]
ALP (luiL)
Mean+SD(CV%)
Median[Min:Max]
GGT (UIL)
MeantSD{CV%)
Median[Min:Max]
Calcium (mmol/L)
MeantSD{CV%)
Median[Min:Max]
Chloride (mEg/L)
Mean+SD{CV%)
Median[Min;:Max]

Magnesium (mmaliL)

Mean+SD{CV%)
Median[Min;Max]
Potassium (mmaoliL)
MeantSD({CV%)
Median[Min:Max]
Sodium (mEqg/L)
Mean+SD(CV%)
Median[Min:Max]
Total protein (g/L)
MeantSD({CV%)
Median[Min;Max]
Albumin (g/L)
MeantSD{CV%)
Median[Min;Max]
LDH (UiL)
MeantSD{CV%)
Median[Min;Max]
Fe(lron) (mcgidL)
MeanzSD{CV%)
Median[Min;Max]
Folate (nmol/L)
MeantSD{CV%)
Median[Min;Max]
Vitamin B12 (ng/mL}
MeantSD({CV%)
Median[Min;:Max]
Urea (mmol/L})
MeanzSD{CV%)
Median[Min;Max]

1.0(1.0:3.0)

21£9 5(45.5)
19(6.0:64)

26+9.4(35.4)
24(13.72)

7.4£32(43.7)
7.0(1.0:20)

£9+20(29.1)
65(30:150)

25+14(57.7)
22(6.0:94)

2.320.11(4.7)
23(2.02.7)

110+2.7(2.5)
110(96:120)

0.86+0.082(9.6)
0.85(0.62;1.1)

3.7:0.64(17.4)
3.8(0.65:6.0)

140£2.1(1.6)
140(130:150)

81+6.6(8.1)
81(63;99)

39£4.2(10.7)
39(21;52)

340+140(41.2)
290(27,930)

1115.7(52.6)
11{1.7:29)

19+8.8(46.7)
18(1.2:49)

260+110(44.3)
240(72:810)

3.3£0.94(28.4)
3.2(1.1;6.5)

2.0{1.0:3.0)

20£9.3(46.0)
18(4.0:64)

26+8.9(34.1)
24(13.72)

75+33(44.7)
7.0(0.0:20)

68+20({28.7)
64(28:160)

24+15(62.6)
20(4.0:90)

2.3:0.1(4.7)
23(1927)

110£2.7(2.6)
110(95:120)

0.830.077(9.3)
0.83(0.58:1.1)

3.2:0.83(25.9)
3.0(0.65:6.0)

140£2.3(1.7)
140(130:150)

8317.3(3.8)
83(63;99)

3824.5(11.7)
38(21;52)

380+160(42 5)
320(120;1000)

1126.1(55.6)
10(1.0;31)

18£9.3(50.2)
17(1.2:49)

280£120(43.4)
250(72:810)

3.4£0.93(27.4)
3.3(1.36.8)

2.0(1.0:3.0)

21£9.5(45.7)
18(7.0:62)

28:11(37.9)
25(13.72)

81£35(44.1)
7.3(0.0:20)

66+2030.3)
62(30:160)

21+14(56.6)
17(6.0:90)

2.30.10(4.5)
23(1927)

100£2.9(2.7)
110(95;110)

0.81+0.076(9.5)
0.80{0.58:1.1)

2.8:0.69(24.8)
2.6(0.86:5.8)

140£2.4(1.8)
140(130:140)

86+8.1(9.4)
86(56;99)

374.6(12.5)
37(23;51)

500+£140(28.9)
510(120;1100)

1246.2(51.0)
11{1.8:34)

13£7.0(52.4)
12(1.4:45)

320+130(40.5)
300(0.0;830)

3.5£0.91(25.9)
3.4(1.4;6.8)

2.0(1.0:3.0)

23£9.2(39.9)
21(9.0:63)

29:11(38.4)
26(13:71)

5.4£3.1(47.8)
6.0(0.0:20)

79+24(30.0)
75(36:160)

24+16(59.2)
19(6.0:92)

2.320.092(4.1)
23(19:26)

100£2.8(2.7)
100(95:110)

0.80+0.063(8.5)
0.80(0.58;1.1)

3.1:0.84(27.3)
2.7(0.74:6.0)

140£2.3(1.7)
140{130:150)

86+8.2(9.6)
36(63;99)

37+4.3(11.5)
37(25;50)

530+£150(28.4)
540(150;1000)

13£6.2(49.5)
12(1.7:34)

1246.2(51.3)
1(1.2:37)

330+£130(38.6)
300{110:820)

3.5+1.0(29.4)
3.3(1.26.8)

2.0(1.0:3.0)

21£9.4(44.4)
19(4.0;64)

27+10(36.9)
25(13.72)

7.3£3.3(45.7)
7.0(0.0:20)

71£22(30.5)
66(23:160)

24+15(64.2)
19(4.0;94)

2.3£0 11(4.7)
23(1927)

110£2.8(2.7)
110(95:120}

0.82+0.079(9.6)
0.82(0.58;1.1)

3.2:0.82(25.7)
2.9(0.65:6.0)

140£2.3(1.7)
140{130:150)

8447.8(9.3)
33(56;99)

38+4.5(11.9)
38(21,52)

440£170(38.7)
440(27;1100)

1246.1(52.5)
11(1.0:34)

16+8.5(54.0)
14(1.2:49)

300+130(42.7)
270(0.0;830)

3.4£0.95(27.9)
3.3(1.1;6.8)
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Table 2.3: The results of descriptive statistics of the data (continued)

2-Acute 3-Early 4.Est 5-ART Overall
(n=948) (n=948) (n=948) (n=948) (n=3792)
CD4+ Count (cellsfmm~3)
MeantSD(CV%) 600+240(35.7) 560+240(43.6) 520+230(44.1) 610+230(38.2) 570+240(41.8)

Median[Min:Max]
BP(systolic) (mmHg)
MeanzSD({CV%)
Median[Min:Max]
BP(diastolic) (mmHg)
Meanz5SD({CV%)
Median[Min;Max]

Pulse (bpm)
Mean+SD({CV%)
Median[Min;:Max]

Ax.Temp (D.Celsius)
MeantSD({CV%)
Median[Min;Max]

Waist circum (cm)
Meanz5D(CV%)
Median[Min;Max]

Hip circum (cm)
Meanz3SD(CV%)
Median[Min;Max]

Arm(right)circum {(cm)
MeanzSD({CV%)
Median[Min;Max]

Triceps skin fold (mm)
MeanzSD(CV%)
Median[Min;Max]

Height (m)
MeanzSD({CV%)
Median[Min:Max]

Weight (kg)
Mean+3D(CV%)
Median[Min;Max]

BMI (kg/m~2)
MeantSD{CV%)
Median[Min;Max]

570(53;1400)

120£14(11.5)
120(74:170)

75£9.4(12.5)
75(47:110)

79+8.7(10.9)
79(52:110)

36+0.44(1.2)
36(34;38)

85+16{18.5)
83(31:150)

110£15(13.8)
110(70:160)

30£5.2(17.7)
29(14;47)

26+10{40.8)
24(5.0:61)

1.6£0.080(5.1)
1.6(1.3:1.8)

72+21(28.4)
67(42:150)

2947 7(26.6)
27(18:57)

520(54:1400)

120£14(11.5)
120(84:170)

75+9.8(13.1)
75(46:110)

81£9.9(12.3)
80(55:120)

36£0.47(1.3)
36(34;38)

B6+16{18.7)
82(31:150)

110£15(14.0)
100(79;160)

3045.4(18.3)
28(14:47)

26+10{38.6)
25(6.0:61)

1.6£0.080(5.0)
1.6(1.4:1.8)

72+21{28.4)
67(41:150)

29+8.2(28.5)
26(18:60)

490{45:1400)

120£14(11.4)
120(B0;170)

76+9.7(12.8)
75(50:110)

819.8(12.1)
81(48:120)

36£0.47(1.3)
36(34;38)

B86+16(18.3)
84(40:150)

110£14(13.2)
110(64:160)

3045.4(18.1)
29(14:47)

28:11(37.2)
27(5.0:60)

1.6£0.079(5.0)
1.6(1.4:1.8)

74+21(28.4)
69(39:150)

30+8.3(26.0)
28(16:61)

590(45;1400)

120£14(12.0)
120{79;170)

75£0.7(13.0)
74(46:110)

33:11(13.7)
82(55:120)

36+0.58(1.6)
36(34;38)

91£17(18.5)
89(32:150)

110£14(13.0)
110(64:160)

3045.3(17.6)
30(14:47)

29:11(36.4)
28(6.0:60)

1.6£0.085(5.4)
1.6(1.3:1.8)

76£21(27.4)
73(42:150)

31£8.1(26.3)
29(16:58)

540(45;1400)

120£14(11.6)
120{74:170)

75£0.7(12.9)
75(46;110)

81£10{12.4)
B0(48:120)

36+0.49(1.4)
36(34;38)

87+16(18.7)
84(31:150)

110£15(13.5)
110(64:160)

3045.4(17.9)
29(14:47)

27+11(38.6)
25(5.0:61)

1.6£0.081(5.1)
1.6(1.3:1.8}

74+21(28.5)
69(39:150)

30£8.1(27.4)
28(16:61)

There are some covariates that indicated that the quantities remained fairly constant throughout
the disease progression. For example, MCHC, calcium, chloride, magnesium, sodium, axillary
temperature and height. Their coefficients of variation around the means were barely under
5%. The average measurements of ALP, LDH and Vitamin B12 tended to fluctuate depending
on the infection phase. However, ALP and Vitamin B12 indicated that the variation of the
measurements remained fairly the same at around the respective averages within each infection
phase. The ALP revealed approx. 30% measurement spread about the mean whereas the
Vitamin B12 was approx. 40%. The LDH variation was approximately the same during the
acute and early phases at around 40%, narrowly varying during the established and ART
phases, where the variation was around 30% around the respective phase means. Generally,
most of the covariates seem to show slight variation in the phase averages, with moderate

variations of the measurements around their respective phase averages. Although the
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descriptive statistics provided some insight, due to the relatively high-dimensional nature, it
was not easy to relate the average changes and variations with the CD4* cell count calling for

pattern discovery using graphical visualisations.

An overview of how the cohort’s average CD4" count changed over the follow-up period is
shown in Figure 2.9. Soon after HIV infection, the cohort’s average CD4" count was around
600 cells/mm? and generally kept on declining in the subsequent visits, during the early and up
to the established phases. The cohort’s average CD4" counts at each visit during the early and
established phases were all below the cohort’s grand average CD4* count (570 cells/mm?3) for
the entire follow-up period. During the entire follow-up period, the cohort’s lowest average
CD4" count was recorded during the established phase and this was restored during the uptake
of medication back to around 600 cells/mm? of average CD4* count. This indicated that

infection phase was a contributing factor to the changes in the CD4" count.

HIV infection phase: 2-Acute 3-Early @ 4Est @ s-aRT

6004 =

550 4

Average CD4' count (cellafmmaj

500 4

1 2 3 4 5 ] 7 8 9 10 11 12 132 14 15 16
Follow up visit time

Figure 2.9: The results of the cohort’s average CD4* count at each visit time
The horizontal broken red line represents the cohort’s average CD4* count during the follow-up period
Although the CD4" cell count behaviour at each patient visit gave some meaningful insights
on the HIV disease progression, it was not easy to have an overview of the overall relationships
between all the variables due to an increased number of summary statistics. This argument
arose from the fact that the patient’s health status is a resultant of other body’s complex systems

that operate in harmony with the immune system (Klein and Zion 2015). The CD4" count is an
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indicator of the immune status whilst the clinical covariates of the CD4* count are also

indicators of the other body’s functional systems. For example, the red blood cells play a role

in the respiratory system (Jensen et al. 1998, Wintrobe and Greer 2009). As such there is need

to consider the clinical covariates as facets to provide a holistic overview of the patient’s health

status during the HIV disease progression. The parallel coordinate plot provided an enhanced

multidimensional visualisation in a consolidated display. The plot confirmed that the CD4"*

count mean was affected by the infection phase. The clinical covariates dynamically took

different mean levels accordingly, as the mean CD4" count changed from one phase to the
other (Figure 2.10).

Clinical covariates
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Figure 2.10: The results of the parallel plots of the mean and CV distributions

The CVs give information about the spread of the repeated measurements around the mean.
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Echoing Figure 2.9 plot, the results showed that the highest mean CD4* counts were observed
during the acute and ART phases, whereas the lowest mean CD4" counts were recorded during
the early and established phases. However, it was during the acute and ART phases where the
CD4" count variation was the least, and on the other hand, very high at lower CD4" counts. As
the mean CD4" count changed from one phase to the next, the covariates also took different
means, but in a more complex fashion. Taking for example BMI, the cohort’s mean CD4" count
was relatively high during the acute phase, but the BMI was the lowest. This was vice versa
during the established phase. On the other hand, both the CD4* count and BMI averages were
low during the established phase, but both were high during the ART. When the mean CD4*
count was very low during the established phase, and the mean BMI was very high, it followed
that both registered a very high degree of variation around their means. When both had high
means relative to the other phases during the ART, they also both indicated the least variations
around their means, relative to the other infection phases. Given the collective behavioural
patterns of all the covariate influence on the CD4" count, the interrelationships were shown to
be highly complex.

It was further worthwhile to explore for the existence of inter-individual variations in the CD4*
count in response to the covariate changes (see Figures 2.11 and 2.12). For example, taking
haematocrit in Figure 2.11, there was a noticeable general upward trend in the CD4" count as
the haematocrit increases. However, the CD4* counts seem to vary widely at extremely lower
and higher haematocrit. More so, patients with low CD4" counts at much lower haematocrit
tended to have higher CD4" counts at elevated haematocrit levels and vice versa. In Figure
2.12, we note that protein at lower levels shows a high variation in the CD4" counts, but as the
protein level increases, all the patients tended to have less variations in the CD4* counts, due
to the CD4* count values seemingly approaching a common lower CD4* count. Time wise, the
patients tended to enter each infection phase with high variations in the CD4" counts and further
exited with such variations still at a high level. Generally, all the variables indicated that there
was a point at which the variation in the CD4" count was minimal. This was observed either at
extremely low values (for example, eosinophils) or mostly at the median (for example, LDH).
Due to the multidimensional curse, visualising the individual profiles per infection, was
incredibly overwhelming. Nevertheless, the general trends clearly indicated that the patients
had different projections as either time, or the covariates change. It has already been established

that the infection phase played a role in the CD4" count changes (Figure 2.9). This called for
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an investigation to establish whether the covariate induced inter-individual variations were
indeed significant within each phase. The application of multilevel modelling was deemed

necessary to achieve this objective.

2000
2000 4
£ 500 4 E . = E
3 o = o
=1 o 1000 + g o 1000 4
[5] 5] + &)
4z 500 S e " + an
= = ; O 2 o
-1000 L]
20 25 30 35 2 ¢ 88 2 4 6
MCH{pg/cel) Neutrophilz(10°7/L) Cholesterolimmol/L}
2000 4 2000 4
5 E 5
a g 1000 gz = g 1000
- o o
] 1,5’ ] 0
(&) Iz 0 (&)
: : : -1000 —_—
3 4 3 1 2 3 4 4 2 3 4 g
RBC(x1 Dgcells.l'mma} Lymphocytes(x1 El-g.fL LOL{rmmalL)
2000 H 2000
» & 2000 £ 1500 1 £
3
3 1000 {2 2 1000 ms .8 1000+ 2 1000 -
2 : B 5 E
o R RUE e o o= o 0
7510.012.515.0 EI-.25EI-.5EI|]-.?519.I}EI- 0 1 2
HaemoglobininmaolL) ROWV(%) Monocytes(x107/L) Trighycerides(mmoliL]
2000 3000
= -E -E 2000 4 _E15|]'|]'—
= 2 1000 50 21000 { i 2 1000 4
o e = 0 B
2 o g o 0 = 5004
o O o -1000 S o7
T T T -zl}uu - T T T T T i
03 04 200 4I]El'g 600 EI'.EI'.I]'.Z EI'..4 0.6 E.B 1015202530
Haematocrit(H ot/ 1 00 Platelet{(=10"/L) Eosinophilz(x107/L) Glucose
2000 H 2000
. = ‘E 2000 ‘E 2000 4 &
2 1000 - g o =] 3
8 -2 1000 -2 1000 g 1000k
o - Tt
= 08 o . o = 0
o g 2 0qFF = 0y )
-1000 — —_— 400 4
70 80 9010011¢ 2550 T.51EI'.IIIE'l EI'.EI'EI'D.EI'Zﬂ.EI'E'D.EI'g?E S0 40 B0
MCW{EL) Leucocytes(x107/L) Bazophilz(=107/L}) ALTGPTHUL)
3000 4
= 20004 = 2000 £ 4000+
3 3 3
o 1000 4= =] =]
2 o -3 1000 -5 2000+
S -1000 - 8 ) S o
_ZI}GI} L T T T | T T T T T T T T T T T T
20 40 80 0 5 10 15 20 40 20 120 160 0 25 50 75
ASTIGOTHUL) Bilirubin (mmal’L} ALP(IUIL) GETIUL)

Figure 2.11: Individual linear profiles of the CD4* count in response to the covariates (a)
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Figure 2.12: Individual linear profiles of the CD4* count in response to the covariates (b)
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An attempt to relax the linearity assumption of the individual profiles, by considering locally
weighted scatterplot smoothers, produced clumsy visualisations with no meaningful patterns
that could be interpreted. However, the smooth curves are known to discover some
unimaginable patterns, which are of interest due to the continuous nature of the variables under
investigation. The loess visualisations are data-driven and capable of giving insights into
complex trends. The results of the loess trends tended to vary by infection phase (Figures 2.13
and 2.14). Some of the CD4" count and predictor patterns indicated either a general downward
or upward trend. For example, lymphocytes and haematocrit showed upward trends whereas
protein and folate showed downward trends. The patterns also revealed the existence of some
highly non-linear relationships between the CD4" count and the predictors, for example, ALT
and chloride. The smooth trends within each phase seem to trace the CD4" cell response curves,
showing desirable ranges of the covariates. For example, the CD4" count responded well to
platelet count increase within <400x10%L in all the infection phases (Figure 2.12). According
to Figure 2.9, the early phase reported lower average CD4* counts, while the smooth curves
indicated that it was during this phase where there was better CD4" count influence due to
platelet count increase.

In light of the loess results, more advanced data-driven random smooths of additive models
were considered appropriate to model the trends in the CD4" count deviations from average, in
response to the covariates. There are also some segments of the loess trends showing that the
CD4" count was linearly dependent on the covariates at certain intervals. The additive models
are known to be explicitly visual, with no clear details on the breakpoints in the segmented
relationships. As such, complementing the additive models with segmented regression models
would provide some meaningful biological breakpoints in interpreting the trends from the

purely graphical random smooths.
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Figure 2.13: LOESS of the CD4" count against the covariates (a)
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Figure 2.14: LOESS of the CD4* count against the covariates (b)
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Visualising the overall correlations between the variables further revealed the complexity in

the relationships between the covariates themselves and CD4* count (see Figure 2.15).
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Figure 2.15: The results of the overall variable correlations
The blue diagonal circles represent a correlation of 1. All the other correlations are interpreted relative to the
diagonal size. The smaller the circle, the weaker the correlation between the covariates.

The results showed that CD4* count was highly correlated with the total lymphocytes and to
some extent, with the other white blood cells. The correlation results showed that the RDW
was negatively correlated with the other red blood cell components. The RDW, basophils,
calcium and folate decreased as the HIV disease progressed. Calcium and albumin were
negatively related to the anthropometric measurements, whereas blood pressure was positively
related to the anthropometric measurements. The anthropometric measurements were observed

to be highly correlated among themselves. Also the electrolytes tended to decrease over time.
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Taking the correlation plot’s associations between CD4 " count and covariates, and fitting it into
the parallel coordinate plot puzzle, revealed even much more complex relationships. The
covariates from different clinical platforms indicated interconnected relationships that further
influence the CD4" count. In addition to the direct influence of the clinical covariates on the
CD4" count, there are some underlying theoretical constructs (latent or hidden variables),
formed by the observed clinical covariates that cannot be directly measured, yet they also play
a crucial role in the monitoring of the patient’s health status. The body’s harmonic systems that
support life are highly complex due to the relationships between the observed and latent clinical
covariates, as well as the time lagged effects during the disease progression. Hence, the HIV
invasion into the patient’s body does not only affect the CD4" cell count but further disrupts
the harmonic nature of the body’s functional systems, as evidenced by several symptoms
(Yerly and Hirschel 2012, Hoenigl et al. 2016). Such complex relationships were many
questions are usually raised, Structural Equation Models (SEM) become the choice for

handling this task.

The correlation plots further showed that some of the correlations were too high, for example,
the intersection between the haemoglobin and haematocrit had a large blue circle, indicating
that feature redundant selection was needed. The dropped redundant features are shown in
Table 2.4.

Table 2.4: The results of redundant feature selection based on correlation
Hip Weight

Hb? MCH?  Leucocytes® Cholesterol® circumference®  (kg)? BMIP
Haematocrit 0.9499 -
MCV - 0.9211
Neutrophils - - 0.8464
LDL - - - 0.8636
Waist circumference - - - - 0.7580 0.8158 0.7810
Hip circumference - - - - - 0.8884 0.8414
Arm(right) circumference - - - - 0.7867 0.8006 0.7925
Weight(kg) @ - - 0.9149

@ Dropped redundant feature. Highly correlated (r >0.75) covariates of the CD4* count were dropped
b Intuitively included redundant feature for further investigation

The results showed that haemoglobin (Hb), MCH, leucocytes, cholesterol, hip circumference,
weight and BMI were highly correlated with the other covariates and were therefore suitable
candidates to be dropped out from further analysis. The anthropometric measurements were
the most highly correlated among themselves but the BMI, although marked as a redundant

feature, was intuitively included for further investigation.
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The volume of the suggested continuous CD4" count clinical covariates has increased
tremendously in the recent years where it is now coined ‘big data’ (Demchenko 2013, Hersh
2014) often existing in many disjointed datasets, which are usually brought together by
relational databases. This is owing to the new era of information technology, where patient
electronic health records are being stored at a faster pace and are relatively cheaper to store
than in the past (Sun 2013). Clearly, the issue of the multidimensional case was noted in the
exploratory data analysis. Previously, the associations of these covariates at hand with the
CD4" count have been analysed with statistical methods that ranged from Pearson or Spearmen
correlation analysis, (Chorba et al. 2002, Lumbanraja and Siregar 2018) sensitivity, specificity
and positive prediction, (Olawumi and Olatunji 2006, Sen. et al. 2011) linear regression (Daka
and Loha 2008, Fasakin et al. 2014) multivariate regression, (Floris-Moore et al. 2006) logistic
regression, (Butt et al. 2002, Fofana 2016) Chi Square tests, (Cohen and Steigbigel 1996, dos
Santos and Almeida 2013, Moolla et al. 2015) non-parametric tests, (Shiferaw et al. 2016,
Braconnier et al. 2017) independent samples t-tests, (Abdollahi et al. 2014, Atere et al. 2016)
confidence intervals, (Dannhauser et al. 1999) analysis of variance (Opiyo et al. 2013, Adhikari
et al. 2016) to generalized estimating equations (Sudfeld et al. 2013). Their limitations include
the inability to give the covariates an opportunity to compete in a single multidimensional
model to identify the most influential ones. On the other hand, given the massive HIV patient
electronic health records, humans have difficulty in visualising the data in more than two
dimensions (Davenport 2013) posing another challenge to approach this multidimensional
problem. As such, an evaluation to determine the strongest candidates of these CD4* count
covariates was considered to be the first step moving forward. Since the explored data structure
is multilevel in nature, an application of the variable selection techniques for longitudinal data
was called for.

2.5 Summary

Chapter 2 provided an understanding of the study variables including their roles as indicators
to the functional status of some vital body organs. The data cleaning process removed some
erroneous values that had the potential to mask some pattern discovery and avoided the
challenges associated with the violation of distributional assumptions in further investigative
statistical modelling approaches. Highly correlated covariates were also dropped as a first step
in dealing with redundant features. The visual displays discovered some data patterns which
gave some insights into the clinical covariate influence on the CD4" cell count, which tended
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to vary with the infection phase. Although the discovered data patterns proved to be useful,
they were limited in providing a better comprehension of the clinical covariate influence on the
CD4" cell count. Nevertheless, the data exploration was instrumental in highlighting the best
course of action in understanding the problem at hand, although this is still challenged by the
high-dimensional curse. Hence, any step from the data exploratory analysis demanded that only
the strongest candidates of these CD4" count clinical covariates should be dealt with. As such,

the next chapter focuses on the variable selection in high-dimensional longitudinal data.
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CHAPTER 3 VARIABLE SELECTION IN HIGH-
DIMENSIONAL LONGITUDINAL DATA

To enhance the parsimonious description between the response and covariates, it is a common
practice to include only the important variables (Fan and Li 2004). Not all the covariates are
actually important in explaining the response and as such, they have to be dropped from the
model resulting in a reduced number of variables (Tobias 1995, Maitra and Yan 2008,
Aggarwal and Kosian 2011). All the CD4" cell count covariates under consideration in this
study are repeated measurements that are continuous in nature. If the interest is not in the
understanding of the response at the individual level, such repeated measurements data are
commonly analysed using generalised estimation equations (GEE). Currently of interest is
variable selection, and it suffices to reason that GEE inclined variable selection procedures are
attractive. It is important to note that a number of variable selection procedures have been
developed, though some are without a special focus on variable screening in high-dimensional
longitudinal data. Reviews of such techniques have been conducted (Fan and Lv 2010,
Degenhardt et al. 2019) and are not relevant for the longitudinal data at hand. Explaining the
influential effects on CD4" cell count with just a few clinical covariates, will not only improve
the efficiency of the subsequent models but also improve on resource optimisation during the
data collection in the HIV/AIDS prospective cohorts. As time is a key component of such data
from prospective studies, one of the most cited advantages of the GEE is that the modelling
techniques provide consistent estimates, even if the correlation structure of the repeated
measurements is miss-specified (Inan and Wang 2017). On the other hand, and unlike the
model-driven GEE, time-varying coefficient models that are more data-driven, have also been
proposed for variable selection in longitudinal data where B-Splines are central to the
modelling of the response variable in a semi-parametric fashion (Chu et al. 2016). As such, the
GEE and the time-varying coefficient models have been some of the basis for developments in
the variable selection techniques in high-dimensional longitudinal data. These two approaches
could be viewed as variable selection applications in high-dimensional longitudinal data, in
conjunction with regression parameter estimation. In addition to these techniques, the problem
of variable selection has also been realised in non-regression estimation problems, such as
multi-omics data integration, where there is an increasing demand for bringing at least two data
sets together whilst simultaneously filtering out the unimportant variables (Wu et al. 2019).

The data integration can be with, or without, an outcome from the two data sets, and in the
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latter case, an unsupervised variable selection method is applicable. Hence, the variable
selection techniques in the longitudinal data sets, appear to have been developed in three main
categories: the ones with GEE as an underlying model, the time-varying coefficient models
and multi-level omics data integration. The variable selection techniques that extend the GEE
are characterised by penalised functions whereas those solving the omics data integration
problems, have the advantage of incorporating both the penalised function and an unsupervised
approach. Under these categories, there are many other variants of the variable selection
methods developed for specific solutions. However, it has been reiterated that there is no
method that can dominate the rest (Wu et al. 2019). The following sections discuss the most

recent developments in each of these main categories.

3.1 Variable selection with time-varying coefficient models in high-

dimensional longitudinal data

In general, the time-varying coefficient models use B-Splines to calculate the time varying
error variance for each covariate. Several other variable screening approaches have been
developed but did not incorporate the within-subject correlation, dynamic error variance and

demographic baseline variables (Chu et al. 2016, Inan and Wang 2017). Suppose N denotes

the number of subjects where each i™ subject has been followed and visited at tij times for

J=1...,n, repeated number of observations for both the response (y ) and the p time-varying

covariates ( X’s ), then the response for the i™" subject at time { can be denoted by Y, (t).

Similarly, the observed value for the k" covariate of the i™" subject at time t can be denoted

as Xik(t), for k =1,..., p and a low dimensional time-invariant baseline record for the 1™
covariate Z; attime t, is denoted by Z, (t) for 1 =1,..., q. In general, the time 1 is assumed to
be bounded within an interval of positive real numbers. The relationship between the Y; (t) and

the time-varying X; (t) and time-invariant Z, (t)) covariates can be expressed as
q p
Vi) = Bo®) + 2 B0z )+ 27 (0%, (D) + & (1), 3.1)
=1 kL

where B (t) and 7,(t)are nonparametric smooth coefficient functions. The &(t) is the error

term, that can be assumed to have a variance across time, independent between subjects (across
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1) and correlated within the same subject (across t). The importance of the k" covariate can

be measured by considering a single X-covariate nonparametric regression model
* q * * *
Yi (tij) = B (tij )+ Z,Bm (tij )Z; (tij) + 7k (tij )X (0) + & (tij) , (3.2)
1=1

where ﬂl*k and 7/; (tij) are the smooth coefficient functions, that are approximated using cubic

B-splines, such that the relationship can be reduced to a linear regression model

Lkn

yi(t;) = fﬂOmBOm ;) + Zq:immBm 1)z, (t;) + ngh By (1) X (t;) + 8?(%-) : (3.3)

1=1 m=1 h=1

where B(.) are the set of B-splines that may differ across the basis functions m and h . The

Mo,, My, and Ly, represent the number of basis functions for S (t;), B (t;) and 7(t;)
respectively. The problem at hand has a single response variable, the CD4" count and p
covariates that were repeatedly recorded at j=1..,16, where j=1,.,4, j=5,..8,

j=09,..,12 and j=12..16 are time points for the different infection phases 2(acute) to

5(ART). Hence in our study, the Z, (t) is not invariant across j, for each subject. The term

Mln

q
ZznlmBlm(t)zi, (t;) is not applicable and consequently dropped from (3.3) to model

1=1 m=1

Yi (tij) R ZOQ,UOm Bom (tij) + iekh By (D)X, (tij) + gi* (tij) ) (3.4)

Since the si* (tij) are assumed to be independent between subjects, correlated within subject and

time-varying, increasing the screening accuracy would also require the incorporation of the
error variance (Chu et al. 2016). This attracts the application of generalised estimation

equations or weighted least squares, but due to some misspecifications and computational

costs, the covariance matrix of the errors &, (t;;) is replaced by a working variance function

forthe &, (t;;) which is a smooth function of t and estimated by

v(tij) = Zn:éh Bhn (tij)' (3-5)
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This is used for constructing weighted least squares estimates for 0}, in (3.3). Given the

working variance function \7(tij) ,an N, xN, working correlation matrix R, ((l) for the i™ subject

allows for the use of a parametric model in which the @ fully characterises the correlation
structure. The autoregressive (AR), stationary and non-stationary M-dependent correlation
structures are the commonly used correlation structures. Given the @& parameters, the working

variance and correlations structures, the weight matrix for the generalised estimation equation
is obtained by W, =nV.**R*(aV,". The weighted least squares estimate for the k"

covariate is then calculated as

0, :(%iulriwiukiJ_ (%iulziwi%j' (3.6)

i=1 i=1
The response value of the i™ subject can be estimated by the k™covariate, using the

. A . 18 . . )
relationship §* =U,0, where G, :HZ(yi —y® )TWi (yi -~ yi(k)), are the weighted mean
i=1

squared errors. Sorting the Uy, in increasing order, allows for the variable selection, where the
smaller the U, value, the stronger the k®covariate relationship with the response or the

stronger the marginal association between the k" covariate and the response.

3.2 Variable selection with penalized GEE in high-dimensional longitudinal
data

The GEE calculate penalised regression estimates and the model is consistent even if the
working correlation structure is misspecified. In the case of the GEE, for j=1...,1, , the jth

time response observation of the i subject is denoted by Y, where i=1,...,n. Assumed are
two marginal moments of Y;; such that E(yit | Xn): #(6;) and Var(yit | Xn): f(6;) where
,u(@it):XiI f and the unknown regression coefficients to be estimated are given by
/] =( 1,...,ﬁp)T (Liang and Zeger 1986). Instead of the time-varying covariance as in (3.4),
the GEE marginal covariance is obtained by V, =Var(Y, | X, ) estimated via a correlation

structure given by V, = A”R(a)A" where A is an N XN, diagonal matrix of marginal
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variance of responses and Rni (a) is aworking correlation matrix which is also an NN; XN; matrix

(Liang and Zeger 1986). The unknown regression parameters, f = (ﬂl,...,,b’p)T are usually

estimated by
S(8)= 3" X[ AR @A (Y, - ) =0, @)
—

where the equations are solved by a modified Fisher scoring algorithm in which the @ can be
estimated by a residual-based moment method (Hardin and Hilbe 2003).

In the case of high-dimensional covariates where the f# =( 1,...,,Bp)T can be assumed to be

sparse, that is, some of the regression estimates are exactly zero, S(ﬁ’)can have some of the

components penalised to clearly distinguish between the zero and non-zero parameters. With

the penalised generalised estimation equations (PGEE), the new penalised estimates are
obtained by solving U(8)=S(8)-a, (8])> sign (8) (Wang et al. 2012). The ¢, (8] is the
penalty function whose k™ component is given by quﬁ)kD and the Sign(ﬂ) is the Hadamard
product of the two vectors in d, (/8]). For a large value of |4,]. the q,(8,])=0 and if |5, is
small, the qi(}ﬁkD becomes large. This implies that the smaller the |, |, the more the S(B, ) is

shrunken towards zero with 5, <10~ being considered a candidate for exclusion in the
variable selection process (Cho and Qu 2013). A comprehensive review of the developed
penalty functions has been detailed by (Wu and Ma 2015) and (Fan and Lv 2010). Among
these, the least absolute shrinkage and selection operator (LASSO) L, by (Tibshirani 1996)
was the most popular but (Inan and Wang 2017) recently suggested that a nonconvex smoothly
clipped absolute deviation penalty by (Fan and Li 2001) be considered for it avoids over
penalizing of the large coefficients. The smoothly clipped absolute deviation is given by
@2-b). | /1)}, (3.8)

ql(t)zﬂ{l(t<ﬂ)+m

where 4 >0 and a=3.7 (Fan and Li 2001) found to work well. The tuning parameter A is

obtained by partitioning the data into non-overlapping S sub-samples of equal sizes where the

s" sub-sample is left out as a test data set whilst the remaining data is used for training with
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the penalized general estimation equations. The s sub-sample used for the test data can be
used to evaluate the prediction error given by PE_ (/1) In practice, a grid of A values are

provided and for each 2, each s™ sample is given a chance as a test data set such that the
1 S

overall cross-validated predictor error is given by CV (1) = §ZPE_S (1). The A that yields
=1

the smallest CV (1) is chosen as the tuning parameter. Given the optimal A , the penalised
estimated equations in (3.7) can be solved by minorization-maximization and Newton-Raphson
algorithm to obtain g (Johnson et al. 2008) which can then further be used as an ingredient

to a sandwich formula for estimating the asymptotic covariance matrix of the penalised general

estimation equations denoted by Cov(#) (Inan and Wang 2017).

3.3 Variable selection using high-dimensional multi-level omics data

integration

Data coming from high throughput technologies such as transcriptomics, metabolomics and
proteomics have given birth to the term “omics”. Bringing together such multivariate omics
data sets for analysis has led to the need for specialised statistical methods with a focus on data
exploration, variable selection and visualisation. With an explosion of the CD4" cell count
covariates from different clinical platforms, the omics data integration techniques
incorporating variable selection become very relevant. A recent comprehensive review of the
techniques developed specifically for variable selection in the multilevel omics data
integrations has been provided (Wu et al. 2019) where the existing integrative analyses
methods have been described as either supervised, semi-supervised or unsupervised
techniques. The supervised methods are characterised by regression analysis whereas the
unsupervised are exploratory in nature. The problem at hand requires the identification of the
strongest covariates of the CD4* cell count and hence the unsupervised methods become more
attractive for the exploration. The unsupervised techniques are also considered as optimization
problems with functions that seek to achieve different objectives and their sparse properties
have been found to be sought after. Among the most common unsupervised feature selection
techniques include the partial least squares (PLS), principal component analysis (PCA),
canonical correlation analysis (CCA), clustering and co-inertia analysis (CIA). In the variable
selection literature, the shrinking of the estimates of the unimportant variables to zero is termed

sparsity. As such, these unsupervised variable selection techniques also incorporate the sparsity
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with different loss functions where the sparse PLS (SPLS) has a covariance-based loss, sparse
PCA (approximation loss), sparse CCA (correlation-based loss), sparse clustering (within-
cluster sum of squares) and sparse CIA (co-inertia-based loss). The sparsity is achieved by
imposing different penalty functions to the loss functions. The commonly used penalties in this
area are the least absolute shrinkage and selection operator (LASSO) , fused LASSO
(Tibshirani et al. 2005), adaptive LASSO (Zou 2006), ridge penalty, elastic net (Zou 2005),
network penalty and the minimax concave penalty (Zhang 2010). The CCA is interested in the
maximum correlation between two omics measurements, whereas the PCA partly focuses on
the singular value decomposition of the covariate matrix only. On the other hand, the PLS is
closely related to the PCA algorithms (Garthwai 1994) and employs the singular value
decomposition but has the advantage that both the response and covariate matrices are
simultaneously decomposed. CIA is a generalisation of the PLS and the CCA whereas
clustering minimises the within cluster sum of squares. The current problem in our data consists
of a single response variable data set and a high-dimensional covariate set which boils down to
solving a problem that maximises the variation in both the response and covariate data sets.
This is similar to dealing with a pair-wise omics dataset that requires the strength of the SPLS.
Since the PLS is based on the PCA, the following sections discuss the PCA, PLS and SPLS in

that order.
3.3.1 Principal component analysis (PCA)

PCA is a multivariate technique first introduced by Pearson in 1901 and also independently
developed by Hotelling in 1933, with its main objective being to reduce a large humber of
variables by transforming them into a few new set of uncorrelated variables called principal
components. The first few components capture most of the variation in the original variables
and this is represented as eigenvalue-eigenvectors. However, there are some cases where the
last few components can be potentially useful (Jollife 1986). The variable reduction accelerates
model building with acceptable accuracy and generalisation without losing much information

from the original data.

Given a response matrix Yy, to be explained by a covariate matrix Xprwhere N is the

number of observations in a data set with I' responsesand P covariates, there exists M < p

readily interpreted principal components (composite variables) that can be extracted from

Xy, alone. The PCA approach decomposes the matrix X, ,without taking Yy, into
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consideration. The original p random variables can be represented as a vector X such that p

variances and %p(p—l) covariances or correlations can be obtained. The PCA is most

sensitive to the variances which are usually the diagonal elements of the covariance matrix

(if known or S if unknown) and the off diagonal elements are the covariances.

For principal components 1,..., M the computation of the first (1) principal component with
the maximum variation in X, considers that for each X,, k=1..p variable there exist a
constant @, such that a linear function @, X, captures the variance in the X, variable. This

follows that a combination of ¢, ’s that maximizes the total variance for the first principal is

p
the sum of all the linear functions, Z(olkxk which can further be denoted in matrix form as
k=1

(01')( where the vector @, represents constants ¢y, @,,..., @, forthe P random variables such

that @,X is given by
‘ p
O X = QX + @)X, Tt X, :Z(p1kxk . (3.9)
k=1

The second principal component is denoted by @X and is uncorrelated to (DiX. The variation
captured by the m™ principal component is then given by (p,'nX. The variance of the first
principal X is given by Var[goiX]= @, X, , where ¢,¢, =1, an imposed normalisation
constraint to achieve the maximization for the finite @; (Jollife 1986). Maximising the first

principal component variance, qoif-(pl requires the Lagrange multipliers that maximize
0.2, - g, -1) (3.10)

where A is a Lagrange multiplier. Differentiating (3.10) with respect to ¢; and equating to zero

gives

(Z-21)p, =0, (3.11)
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where |, isa pxp identity matrix and then A becomes the eigenvalue of X . Simplifying

(3.11) gives @, L@, =K such that Var[¢iX]=¢iE¢)1 =k, where K, is the largest

eigenvalue of X . Hence, Var[go,'nX]:go,'nEgom =K, form=1..,M.

The correlation matrix of X can also be used to obtain the principal components. If T is the

variance of X,, the vector X can be standardised to X" where the k™ element of X" is given

X _ \Tv_k w, =,/o, for k=1.., p.The advantage of the correlation matrix approach
O k

by

over the covariance matrix is that measurements with different units are standardised and
comparable (Jollife 1986, Abdi and Williams 2010). Also if not standardised, the covariance
matrices are affected by large differences between variances which dominate the first few
principal components (Jollife 1986). Since in a correlation matrix each variable contributes a

variance of 1, the total eigenvalues of the correlation matrix are equal to the number of variables

M
(P) in the vector X and this can be summarised as ZKm = p. Hence, the proportion of

m=1
K
variance accounted for by the m*™ principal component is then given by ?m and the total

M
2 Ko

proportion of variance accounted for by the first M principal components becomes 21—

3.3.2 Partial Least Squares (PLS)

The concept of PLS was introduced by (Wold 1966) and is represented in Figure. 3.1, where
the orthogonal decomposition (detailed in Section 3.3.1) of Xpr gives the scores Ty, where
M is the number of extracted factors from Xpr- On the other hand maximum redundancy
analysis or reduced rank regression can derive U, an orthogonal matrix with M factors

extracted from Y. The PLS’s goal is to simultaneously decompose X and Y to maximize

the covariance between T and U . Since X may suffer from the problem of multicollinearity
and most often associated with a large number of explanatory variables that result in a complex

model (Garthwai 1994), it is substituted by fewer explanatory variable matrix T , which is no
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longer collinear (orthogonal). T is also effective in the sense that it accounts for the variation
in the covariates controlling (using U) for the variation accounted for by the response
variables. Hence, this allows for the identification of a direction within the X space that
explains the maximum amount of variation in the Y space (Sawatsky et al. 2015). Eventually,
the most important matrices that underpins the PLS procedure are T and Y, where the
regression of Y on T s referred to as the partial least squares regression (PLSR). The terms

factors, components, latent variables and x-scores are interchangeably used and denoted by T

X Linear Least Squares Y

. Regression
Predictors > Responses

Orthogonal
Decomposition

Orthogonal
Decomposition

PLS Prediction

T Maximize
Derived Predictors Sample U
(Factors) Covariance Derived Responses
(Latent Predictors) (Y-Scores)
(X-Scores)

Figure 3.1: The concept behind the PLS approach.
Source: Predictum Inc. (Cai 2012)

The partial least squares regression requires that the explanatory variables be continuous
probably due to the matrix manipulation whereas the response variables can either be
categorical or continuous and although not imperative, the data should be relatively normal
(Sawatsky et al. 2015). In the case of the categorical responses, it is called the partial least
squares discriminant analysis. This study deals with a single continuous response variable and
hence only the PLS algorithms for one continuous dependent variable are discussed. The

derivationof T isan iterative procedure where the factors are extracted one at a time. Suppose
X=X, and Y =Y, are the centred (mean subtracted from each observation) and scaled
(divided by standard deviation) matrices for the explanatory and response variables
respectively, their covariance matrix is given by X;Y,which the PLS procedure intends to

reduce by singular value decompose. The most commonly used algorithms are Nonlinear
Iterative Partial Least Squares (NIPALS) and Statistically Inspired Modification of the PLS
(SIMPLS) and both produce identical results for a single response variable (SIMPLS preferred
for multivariate). The NIPALS works with the residuals whereas the SIMPLS deals directly
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with scaled scores for both explanatory and response matrices. For a single response (as in this
study), the NIPALS was preferred as it gives the same results as the SIMPLS. The NIPALS is
also handled with microcomputers and most importantly allow a good understanding of the
PLS (Geladi and Kowalski 1986). The NIPALS iterations are summarised in Table 3.1.

Table 3.1: The NIPALS iterative procedure for factor extraction

Iteration Covariate matrix Response matrix Subject to
Factor 1 Decom v ' 9 ' s
acto ecompose X, =TG'+¢,, Y, =UQ'+e,, BL _1

T Uis maximal

Where T=X,W u=Y,C U=bT+ Einner
G'=(TT)'TX, Q=(TT)'TY,

Descriptions T = X -scores U =Y -scores b =beta coefficients
G = X -loadings Q =Y -loadings &, = Random error
&, =X -errorterms g =Y -errorterms
W = X - weights C =Y -weights

Factor 2 Decompose _ 9 _ v

X, =X, -X, Y,=Y,-Y,

Factor M Decompose Ky =Xy - )A(M 1 Yu =Y - ?M 1

The X2 and Y2 are called the deflated X, and Y1 blocks after the subtraction (partial out)

of the first factor. Ignoring the error terms &, and &, the process is repeated until the matrices
X and Y are deflated to null matrices. The decomposed explanatory and response matrices
give their outer relationship whereas U = bT + Einner Qives the inner relationship between the

score matrices and the regression coefficients of the inner relationship given by b (Jun et al.
2009).

The PLS is equivalent to the multiple linear regression model Y = XB . +& where the PLS

pls

beta coefficients (B ;) are given by B, =W(G'W) (T'T)*(T'Y) and & the random

error term. The B() is interpreted as an increase of a particular y-variable as a change of the
X, -variable when the other X-variables are fixed. The last iteration results in a set of M derived

orthogonal covariates and P beta coefficients. For the extracted matrix Ty we seek to find
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the first m” <M optimal number of factors that are just enough to explain Y without over
fitting.

3.3.3 The sparse Partial Least Squares (SPLS)

The sparse partial least squares (SPLS) is a two omics unsupervised model approach (Rohart
et al. 2017). In addition to the traditional PLS, during the singular value decomposition, the

SPLS include a soft-thresholding penalization, LASSO L, which is a commonly used method
for analysing high dimensional data (Tibshirani 1996). The sparse PCA improves the
limitations of the PCA (Zou et al. 2006) which underlies the SPLS. In the case of the SPLS,
the LASSO is applied on both loadings G and Q of the explanatory X and response Y
matrices (refer to Table 3.1) respectively (L& Cao et al. 2008). In general, given H=X"Y

such that H = GAQ' where A contains singular values as a diagonal matrix, the SPLS tries

to optimize.
- ’ 2
mln”Hm_gm’qm”F +Lﬁim(gm)+ L/lzm(qm)’ (312)
gqum
where
F = Frobenius norm
On =(90,,),, loading vectors of G, 1® —1,.,G. At each iteration §, is
alternatively fixed while (,, is constrained to be of unit-norm for m=1,..., M
component scores or latent variables
O =(d,, ), loading vectors of Q, 1@ —1,.,q. At each iteration 0y is
alternatively fixed while ,, is constrained to be of unit-norm for m=1,..., M
component scores or latent variables
H, - (hl(g)l(q),m )|<g>|(q> =XoYn for m=1,..., M
I = (g|<g)'m )I(g) form=1,..M
dy = (G )0 TOr m=1,..., M
L(9n) =Z|‘fg)zlzz;“‘gl(g)’m‘ penalize the loadings 0,
Ly (Gn) :Z.?m:lzw‘q.w,m‘ penalize the loadings
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The algorithms of the SPLS can use either the NIPALS or the SIMPLS but in the case of weak
signals of the relevant variables the SPLS-NIPALS is known to choose the correct set of
relevant variables (Chun and Keles 2010). As a result, the SPLS produce correlated (Liquet et
al. 2012) variables from both the explanatory X and response Y matrices that are indicated

in the sparse (Liquet et al. 2016) loading vectors.

Model validation

Although the ordinary least squares fit the observed data better than the PLS regression, they
have a tendency of overfitting (Hawkins 2004) the observed data especially in the presence of
many covariates. It has been reiterated that the quality of data should not dictate the number of
extracted factors. The optimal factor selection should be rather based on how well the model
fits the observations that have not been involved in the model selection (validation) using fewer
underlying factors from the original explanatory matrix (SAS Institute Inc 2009).

A portion of the data is selected (training set) to build the model whilst the remaining part (test
set) is held out for measuring the performance of the model from the training set. The training
or calibration set is usually taken to be two-thirds of the original data set (Borovicka et al.
2012). However, this test set validation is useful when there is enough data to partition. When
the data set happens to be small to make sizable sets, more than one divisions of the data set
can be made to obtain several training data sets and test data sets, a process called cross-
validation. Depending on the nature of the data, the test set can be held out as one observation
at a time, leave-one-out, successive blocks (blocked validation), successive groups of widely
separated observations (split-sample) or groups of randomly sampled observations (random
sample cross validation). Although the blocked and split-samples are not computationally
intensive as the leave-one-out, their application is of limited use in the face of serially correlated
data (SAS Institute Inc 2009). The random sample also employs the blocking system in a way
and in addition, the observation mix in the blocks is improved to avoid the chances of highly
correlated observations in a single block. However, the same seed is required for different
researchers to arrive at the same results. The SPLS uses the leave-one-out approach with an

option to split the data for a repeated number of times (Lé Cao et al. 2008).
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Selection of the optimal number of components

This applies the principle of parsimony (Vandekerckhove et al. 2014) where the preferred
model is the one with the best explanation obtained from the simplest model with a fewer
number of covariates. Irrespective of the validation method, the optimal number of factors are
the ones that minimise the predicted residual sum of squares (PRESS) which is given by:

PRESS = Z(yi -9, )2 . Some other applications use a scaled down version of PRESS called

i=1

the root mean square error (RMSE) or root mean PRESS is given by RMSE =

and essentially gives the same results. The PRESS will not necessarily give the optimal number
of factors to be selected as its statistics may be marginally larger than the absolute minimum
and hence different models are compared (van der Voet 1994). The marginal contribution of

each principal component in the case of the regression context is given by

p
0t _1- > PRESS,,
" > RSS
k(m-1)

k=1

> (1-0.95?)=0.0975. (3.13)

Hence, a component is considered to be significantly contributing to the prediction if

QZ >0.0975 (L& Cao et al. 2008).

Variable selection in SPLS

Not all the variables are important in the explanation of the response variable and as such the
most influential ones in the model building are selected (Chong and Jun 2005). Variable
Importance in the Projection (VIP) and the beta coefficients are useful techniques in

determining the explanatory variables to include in the SPLS regression model. For the k"

covariate, whose weight to the m*™ principal component is @,.,, its X, VIP score is given by

M Zm gkam br?]Tm ' Tm
Zm b2T 'T,

of the score matrices for the m™ principal component. The higher the VIP score the more

VIP, = where b is the regression coefficient of the inner relationship

influential it is in the SPLSR model for both covariates and responses. The cut-off point varies
with literature and some of the suggestions are 0.8 (Sawatsky et al. 2015), 1.0 (Chong and Jun
2005) and 1.5 (Jun et al. 2009). It is recommended that the regression coefficients for the
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centred and scaled data with mean 0 and standard deviation of 1 be used for variable selection
(Cox and Gaudard 2013) as this allows all the coefficients to be compared on an equal footing.
To reach a compromise between the VIP > 1.0 rule, say and that of the corresponding
standardised regression coefficients that are far from zero, a scatter plot of regression weights
against VIP can be used. Depending on the possibility of the regression coefficients to be
influential, the scatter plot can be used to allow for the flexibility to err and retain the variables
whose VIP is slightly lower than the chosen cut off. However, covariates with low VIP and
small regression coefficients are confidently removed (Sawatsky et al. 2015). The receiver
operating curve and LASSO can also be used to assess the performance of the SPLS regression
coefficients in selecting the relevant covariates (Palermo et al. 2009). However, since the
regression coefficients of the standardised variables represent the prediction power of a
covariate to the response, the closer the coefficient to zero the lesser it is important in variable
selection. Hence, covariates with relatively small coefficients in absolute value are simply
dropped (SAS Institute Inc 2014).

3.4 Data analysis for the variable selection approaches and software

All the analysis was performed in the open source R software, version 3.5.3. To determine the
strongest covariates of the CD4" cell count for further investigation with the other proposed
statistical models, the time-varying coefficient models were fitted using the
VariableScreening package using the function screenLD assuming an AR(1) correlation
structure. Currently, the package does not accommodate a time-varying grouping variable
where each subject can take more than one factor level over time except for the baseline
variables that are time-invariant per subject. Hence, the models were fitted for each phase as
well as the overall data. The variable screening was set to model cubic splines (degree = 3)
and the degrees of freedom allowed to take the number of inner knots as 1ength (knots) .
The variable time was scaled in each case as recommended for the time-varying coefficient
models. The penalised GEE was applied with the aid of the PGEE package using the function
PGEE also assuming an AR(1) correlation structure. Prior to PGEE fitting, a 4-fold cross-
validation was used to select an optimal tuning parameter lambda from an arbitrary range of
0.1 to 5 with increments of 0.2. Similarly, the authors of the PGEE package (Inan and Wang
2017) could not accommodate the time-varying categorical variable per subject such that the
variable selection procedure was applied per each infection phase and the overall data as well.
The mixOmics package for the multi-level omics data integration used the sp1s function for

the SPLS approach to model building. The library mixOmics is capable of handling the
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complex structure of repeated measurements without analysing the data per phase. The package
also incorporates a design matrix to account for variation in the multilevel structure of the
longitudinal data where the time points and the infection phases are considered as two factors
in the design matrix. It handles multicollinearity and a very large number of variables in
longitudinal data and ranks the covariates from strongest to weakest allowing variable selection
and consequently dimension reduction. The leave-one-out cross validation was used as
recommended by (Mevik and Cederkvist 2004, Olson et al. 2014) with 20 folds. Since the
SPLS is a multidimensional analysis technique, graphical displays of the results were vital to
comprehensively visualize the variable selection process with the aid of the instrumental R

libraries: the ggplot2 and ggrepel. All the R codes are presented in Appendix C3.

3.5 The results of variable selection

3.5.1 The results of variable selection with time-varying coefficient models

The results of the sum of squared errors and their ranks for both the overall and within infection
phase variable selection are shown in Table 3.2. The covariate names in the first column are
ranked top to bottom in order of strength in the marginal association with the CD4" cell count
as suggested by the fitted model for the overall data. Although all the models ranked the
covariates in order of their strength in the marginal association with the CD4* cell count, the
voluminous nature of the results makes it challenging to compare the extent of the magnitude
to which each covariate performed. To have a better picture of the comparative magnitude of
the sum of squared errors, the results were graphically displayed. The overall variable selection
is graphically displayed in Figure 3.2 showing that the lymphocytes had the strongest marginal
association with the CD4" cell count. The lymphocytes” sum of squared errors was significantly
smaller than any of the other competing covariates. Although the errors could provide some
form of ranking, only the top 10 variables say, showed some noticeable significant differences
in the magnitude of the errors. Hence, the sum of the squared errors approach seems not to be
very sensitive in showing the extent to which the covariate marginal associations with the

response differ.
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Table 3.2: The results of variable screening based on the sum of squared errors

2-Acute 3-Early 4-Est 5-ART Overall
SSE, SSE, SSE, SSE, SSE,
Covariate, k ljnk Rank ljnk Rank ljnk Rank ljnk Rank u\nk Rank
Lymphocytes 732.6976 1 616.4395 1 658.7154 1 637.0272 1 2633.6361 1
Haematocrit 915.2696 2 861.3563 2 898.4525 2 914.1520 3 3611.3872 2
Albumin 931.2192 8 887.2026 3 902.6692 3 938.4982 20 3666.3311 3
Monocytes 928.6214 7 900.3725 6 908.5251 5 933.9995 11 3680.3492 4
Basophils 937.0654 15 918.2028 8 927.1424 14 904.9222 2 3681.2811 5
MCV 933.7848 11 888.6040 4 926.5886 12 929.8569 8 3684.5670 6
Total protein 938.3947 18 915.2888 7 908.2053 4 933.5506 10 3702.5536 7
Platelet 923.5494 5 932.5760 14 912.2777 6 935.8100 15 3711.5482 8
MCHC 946.1970 37 891.9692 5 928.6709 17 943.0221 27 3718.0157 9
Triceps skin fold 923.0612 4 939.8723 27 926.4540 11 922.7305 5 3719.7242 10
AST(GOT) 928.2812 6 935.5530 21 926.2984 10 919.6229 4 3722.6686 11
ALP 946.0393 36 933.5793 15 928.6032 16 924.9192 6 3731.3513 12
Folate 937.1897 16 927.1688 13 916.4533 8 931.2381 9 3732.1292 13
Neutrophils 941.9480 21 924.1729 10 914.8815 7 943.1416 28 3732.2197 14
Waist circum 942.0426 22 938.4587 26 926.0138 9 925.7271 7 3741.8180 15
Potassium 942.3428 23 926.3916 12 929.2855 18 941.8951 24 3744.2961 16
RDW 938.0563 17 926.3556 11 926.6601 13 935.1467 14 3744.8056 17
Red blood cells 933.9083 12 935.1783 19 929.5359 19 936.5557 16 3749.0187 18
Eosinophils 918.2135 3 944.7860 40 946.9631 38 937.2756 18 3749.1474 19
Arm(right) circum  931.5624 10 934.5133 18 934.3717 23 934.6025 12 3750.1001 20
BMI 931.5485 9 933.7916 16 933.4231 21 937.6208 19 3750.9169 21
LDL 945.2458 33 944.2675 38 937.1565 25 935.1061 13 3762.6372 22
Fe(lron) 946.7302 38 921.4980 9 936.8767 24 943.0150 26 3763.9456 23
Glucose 944.8873 31 943.9330 36 927.7222 15 945.9707 34 3763.9520 24
BP(systolic) 934.6347 13 935.6373 22 944.4534 33 941.0109 23 3767.3377 25
Magnesium 943.3971 27 935.4538 20 940.6982 27 944.3100 31 3770.6807 26
Height 942.5940 24 937.7285 24 943.6759 31 946.5425 38 3770.7244 27
Calcium 936.7913 14 936.7317 23 943.2199 30 947.5185 40 3772.6487 28
Axillary Temp 942.9761 25 940.8773 30 930.7408 20 946.8891 39 3773.8225 29
Bilirubin 942.9922 26 934.1208 17 943.9164 32 944.0395 30 3774.1126 30
Sodium 943.8420 29 940.5834 29 943.2188 29 943.2799 29 3776.8810 31
Triglycerides 947.7712 40 944.0616 37 945.0930 35 940.6276 22 3777.3231 32
GGT 941.1627 20 944.5341 39 933.7655 22 940.0874 21 3778.5258 33
BP(diastolic) 945.1784 32 938.3865 25 945.7776 37 945.0255 33 3780.6964 34
ALT(GPT) 943.4429 28 942.5043 33 945.6974 36 936.9974 17 3780.8513 35
Urea 945.3904 34 941.3528 31 947.3040 39 942.5917 25 3781.5653 36
LDH 940.6826 19 940.1424 28 940.8591 28 946.4028 36 3782.0402 37
Vitamin B12 947.1212 39 942.2840 32 940.5432 26 946.2196 35 3783.9795 38
Chloride 945.7649 35 942.7814 34 947.4555 40 946.5015 37 3786.2738 39
Pulse 944.8472 30 942.9799 35 944.8055 34 944.6024 32 3787.2178 40
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Figure 3.2: The visual display of the overall variable selection using the sum of squared errors

The results of variable screening based on the sum of squared errors are presented in
Table 3.2. These results revealed that the covariates were not consistently ranked in the same
position across the different phases. Again, a comparative analysis of the covariate ranking
positions across the phases was not easy without some visual aids. Figure 3.3 shows a graphical
display of how the variables performed rank-wise from one phase to the other as well as from
an overall point of view. Generally, the covariates that seem to have indicated the strongest
marginal association with the CD4" cell count during the entire period of the disease
progression were also the strongest within the phases. Lymphocytes were consistent throughout
as the highly ranked covariate to have the strongest marginal association with the CD4" cell
count across all the HIV infection phases. Similarly, all the other covariates that performed
better are characterised by ranking positions that appeared in the top left hand corner of Figure
3.3.
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Figure 3.3: Comparison of variable importance by infection phase using the sum of squared errors

The closer are the ranking positions for each covariate is the more consistent the covariate in
having either a poor or strong marginal association with the CD4* cell count. For example, in
addition to the lymphocytes, the haematocrit, monocytes, basophils, MCV, total protein,
platelet count and folate were among those in the top left hand corner and also having ranking
positions in close proximity. They indicated some consistency in having the strongest marginal
associations with the CD4" cell count and consequently candidates for variable selection. The
ranking positions of the covariates like Vitamin B12 and pulse appeared in the bottom right
hand corner and also in close proximity showing their consistency in providing higher errors

and hence candidates for exclusion from subsequent model fitting.
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However, there were some covariates that revealed some extreme cases of ranking positions in
a particular phase only showing either a very good or bad performance in that phase. Taking,
for example, the eosinophils, they presented themselves to have a strong marginal association
with the CD4" cell count during the high viral load (acute phase) but being a candidate for
exclusion during the other phases. On the other hand, albumin and ALP showed weak marginal
associations with the CD4" count only during the uptake of medication and the acute phase

respectively.
3.5.2 The results of variable selection with penalised GEE

Unlike the time-varying coefficient models that simply rank the covariates and leaving up to
the discretion of the researcher to determine the number to select, the PGEE comes with a cut-
off point on the number to select. Table 3.3 shows the number of selected covariates at each
infection phase together with the corresponding model tuning parameters to achieve the results.
Generally, all the other infection phases selected fairly the same number of covariates between
12 and 17 except during the early phase where 34 out of 40 covariates were considered relevant
explanatory variables for the CD4" cell count.

Table 3.3: A summary of variable selection using the PGEE
Infection phase
2-Acute 3-Early 4-Est 5-ART Overall
Tuning parameter, A4 4.7 15 4.9 4.9 4.9
Number of selected covariates (out of 40) 17 34 12 14 12

The penalised regression estimates for each phase and the overall data are presented in Table
3.4. The covariates are also in the order they were ranked top to bottom based on the variable
selection in the overall data. It is evident from the results that the estimates are either very
large or very close zero as expected. Taking, for example, the highly ranked (Rank 1)
lymphocytes had the largest penalised estimates of at least 118 in all the phases whereas the
least ranked (Rank 40) covariates had penalised estimates of at most 1.1x10". These covariate
ranks based on the absolute penalised estimates revealed that the lymphocytes were the most
important covariate to consistently better explain the CD4" cell count within each infection

phase.

63



Variable selection in high-dimensional longitudinal data

Table 3.4: The results of variable selection based on the penalized estimates

2-Acute 3-Early 4-Est 5-ART Overall
Penalised Penalised Penalised Penalised Penalised
Covariate, k Estimate, Rank Estimate, Rank Estimate, Rank Estimate, Rank Estimate, Rank
u(s) u(s) U(g,) u(s.) U(s.)
Lymphocytes 118.31472 1 141.076 1 128.3174 1 143.233 1 136.582 1
Total protein -34.8871 4 -44.548 2 -37.1036 3 -21.193 10 -38.568 2
Monocytes -22.34633 10 -27.551 8 -36.2003 4 -41.749 3 -34.876 3
Albumin 30.236124 6 38.6804 4 38.57276 2 -3E-19 36 32.7918 4
MCV 43.554001 2 26.4756 9 28.89126 7 44.5182 2 29.2119 5
Folate -19.39606 13 -24.197 10 -30.7003 5 -29.423 5 -26.571 6
Neutrophils 19.100556 14 28.304 7 27.82752 8 18.4181 12 23.5427 7
Haematocrit 1.277E-18 19 32.2071 5 4.11E-18 22 -2E-19 38 22.279 8
Platelet 22.730344 9 21.1084 11 29.8699 6 6.4E-19 29 21.4346 9
ALP -5.53E-19 30 11.5329 20 19.7541 10 28.4424 6 18.8533 10
RDW -8.27E-19 28 11.0495 21 -8.3E-18 12 2.2E-19 37 -7E-28 11
LDL 1.193E-19 37 -8.371 28 3.9E-18 23 -6E-19 30 3E-28 12
Arm(right) circum 1.014E-20 40 -12.083 18 1.11E-18 35 19.3014 11 1.8E-28 13
Red blood cells 1.067E-18 23 -28.315 6 2.54E-18 26 27.3392 8 -2E-28 14
Triceps skin fold 30.023151 7 5.9785 31 2.6E-18 25 1.7E-19 39 -1E-28 15
Triglycerides 3.789E-19 33 -16.759 13 -1.2E-17 11 9.4E-19 21 8.8E-29 16
Glucose -1.21E-18 20 -9E-17 33 -4.7E-18 20 6.6E-19 28 7.9E-29 17
Eosinophils 18.90892 15 6.30214 30 -1.7E-18 32 -8E-19 23 7.8E-29 18
Calcium -2.95E-20 39 -4E-17 36 -2E-18 30 -8E-19 25 -7E-29 19
Bilirubin 1.565E-18 17 5.75172 32 6.57E-18 14 -1E-18 20 -6E-29 20
Basophils -1.38E-18 18 -6E-17 34 -2.1E-18 29 1.6E-18 16 -6E-29 21
Sodium -1.98E-19 36 -8.4326 27 5.07E-19 39 -4E-19 35 -5E-29 22
MCHC -1E-18 24 10.3136 23 3.78E-21 40 -1E-18 19 -3E-29 23
AST(GOT) -3.43E-19 34 -10.088 24 -3.9E-18 24 -1E-18 18 2.8E-29 24
Magnesium 5.183E-19 31 13.5257 16 2.41E-18 27 6.1E-20 40 2.7E-29 25
BP(diastolic) -7.13E-19 29 1.5E-17 39 -1.9E-18 31 -2E-18 13 -3E-29 26
Potassium 4.197E-19 32 3.8E-17 35 5.71E-18 15 4.5E-19 33 -2E-29 27
LDH 1.783E-18 16 14.8586 15 5.44E-18 17 1.3E-18 17 2.2E-29 28
Waist circum -33.58308 5 -10.404 22 7.3E-19 38 27.6597 7 1.7E-29 29
Vitamin B12 8.336E-19 27 15.8768 14 7.89E-18 13 8.1E-19 22 -2E-29 30
Height 25.173145 8 20.6395 12 -1.6E-18 33 7.2E-19 26 -1E-29 31
BP(systolic) 21.575894 11 1.1E-17 40 1.31E-18 34 -2E-18 15 1.3E-29 32
Pulse -3.24E-19 35 2.8E-17 38 -7.3E-19 37 -2E-18 14 1.3E-29 33
Fe(lron) 3.452E-20 38 9.63578 25 5.34E-18 18 5.3E-19 31 7.9E-30 34
Urea 8.365E-19 26 -8.8753 26 -1.1E-18 36 -7E-19 27 -7E-30 35
GGT -19.43521 12 -12.394 17 -5.6E-18 16 -21.495 9 6.3E-30 36
Axillary Temp -9.99E-19 25 -7.6752 29 -2.2E-18 28 -4E-19 34 6.3E-30 37
BMI 41.242228 3 43.5471 3 20.546 9 -35.211 4 6.3E-30 38
Chloride -1.08E-18 22 -12.027 19 -4.2E-18 21 -8E-19 24 5.5E-30 39
ALT(GPT) -1.09E-18 21 -3E-17 37 -4.7E-18 19 -5E-19 32 -8E-31 40
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Figure 3.4: Variable importance and effects by infection phase based on the penalized estimates
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Figure 3.5: Comparison of variable importance by infection phase using the penalized estimates

In addition to the ranks, the PGEE results have the advantage of showing the effect of the
selected variables as compared to the time-varying coefficient model’s variable selection
procedure which indicates the model fit due to each covariate. Figure 3.4 gives a visual display
of both the effects of the selected covariates and the order of their importance in explaining the

variation in the CD4" cell count.

Although they did not take the same rank across the phases, the covariates monocytes, protein
and folate were consistently appearing in the variable selection process at each phase and the
results also indicated that their increase negatively impacts on the CD4" cell count at all times.

66



Variable selection in high-dimensional longitudinal data

A comparative analysis of the covariate ranks across the phases revealed that the importance
of each covariate varied widely based on the PGEE (Figure 3.5) except for the highly ranked
lymphocytes, protein, monocytes, MCV, folate and neutrophils. The covariates such as the
axillary temperature and urea took fairly the same low ranks across the phases where they
consistently showed poor performance in explaining the CD4" cell count. However, albumin,
protein and haematocrit effect on the CD4" cell count was affected by treatment, the only period

during which these covariates were ranked as unimportant.

3.5.3 The results of variable selection with multi-level omics data integration

The results of selecting the SPLS’s optimal number of principal components

The model allowed the variation in the response to be captured by 40 components (the number
of available covariates) and their performance measurements are shown in Table 3.5 and
visually displayed in Figure 3.6 indicating that there was almost no deflation after the 5%
component. The results showed that only the first three components captured the variation in
the response variable (CD4" cell count). The first component is characterised by explaining a
100% variance in the response but however suffers from poor fitting as indicated by a very
high PRESS and very low R®. An attempt to increase the R®, decreased the marginal
contribution of each principal component in the case of the regression context. Hence, the 2"
component could only reach a compromise between the measures and was selected where it

explained 68.95% of the variance in the response (CD4" count).
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Table 3.5: Results of selecting the SPLS optimal number of principal components

Component, M MSEP  PRESS Rz  Q2Total X.Expl.Var Y.Expl.Var

1 0.6928 2625.7139 0.3070 0.3074 0.0815 1.0000
2 0.6128 2307.7032 0.3871 0.1124 0.0824 0.6858
3 0.5728 2151.0881 0.4271 0.0590 0.0558 0.6030
4 0.5602 2098.9020 0.4398 0.0124 0.0531 0.5606
5 0.5557 2078.6532 0.4443 -0.0024 0.0526 0.5470
6 0.5531 2078.7978 0.4468 -0.0113 0.0308 0.5422
7 0.5527 2071.3475 0.4472 -0.0124 0.0392 0.5397
8 0.5526 2080.5303 0.4474 -0.0177 0.0285 0.5392
9 0.5524 2098.7642 0.4475 -0.0270 0.0179 0.5390
10 0.5524 2077.9628 0.4475 -0.0171 0.0271 0.5389
11 0.5524 2070.1708 0.4475 -0.0134 0.0352 0.5389
12 0.5524 2076.8485 0.4475 -0.0167 0.0272 0.5389
13 0.5524 2082.6263 0.4475 -0.0195 0.0272 0.5389
14 0.5525 2107.1127 0.4475 -0.0315 0.0137 0.5388
15 0.5525 2105.8314 0.4474 -0.0309 0.0106 0.5388
16 0.5526 2074.0205 0.4474 -0.0154 0.0188 0.5388
17 0.5526 2069.7570 0.4474 -0.0134 0.0205 0.5388
18 0.5526 2069.2021 0.4474 -0.0131 0.0155 0.5388
19 0.5526 2067.3282 0.4474 -0.0122 0.0207 0.5388
20 0.5526 2066.2956 0.4474 -0.0117 0.0220 0.5388
21 0.5526 2065.4561 0.4474 -0.0113 0.0186 0.5388
22 0.5526 2064.2988 0.4474 -0.0107 0.0129 0.5388
23 0.5526 2063.3217 0.4474 -0.0102 0.0191 0.5388
24 0.5526 2062.2302 0.4474 -0.0097 0.0167 0.5388
25 0.5526 2061.2100 0.4474 -0.0092 0.0166 0.5388
26 0.5526 2059.9493 0.4474 -0.0086 0.0161 0.5388
27 0.5526 2058.9381 0.4474 -0.0081 0.0150 0.5388
28 0.5526 2057.8901 0.4474 -0.0076 0.0171 0.5388
29 0.5526 2056.6976 0.4474 -0.0070 0.0166 0.5388
30 0.5526 2055.6400 0.4474 -0.0065 0.0161 0.5388
31 0.5526 2054.5465 0.4474 -0.0059 0.0149 0.5388
32 0.5526 2053.3562 0.4474 -0.0053 0.0172 0.5388
33 0.5526 2052.1716 0.4474 -0.0048 0.0166 0.5388
34 0.5526 2050.9202 0.4474 -0.0041 0.0140 0.5388
35 0.5526 2049.7665 0.4474 -0.0036 0.0121 0.5388
36 0.5526 2048.6710 0.4474 -0.0030 0.0171 0.5388
37 0.5526 2047.3804 0.4474 -0.0024 0.0156 0.5388
38 0.5526 2046.1449 0.4474 -0.0018 0.0155 0.5388
39 0.5526 2044.8952 0.4474 -0.0012 0.0168 0.5388
40 0.5526 2043.6531 0.4474 -0.0006 0.0151 0.5388
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Figure 3.6: The visualisation of the SPLS model diagnostic performance measures.
The amount of variation captured in the CD4* count

The results of the SPLS variable selection

Table 3.6 shows the results of the variable selection based on the optimal 2" component. The
strongest CD4" count covariates based on the VIP only are shown in Figure 3.7. The variable
selection by simultaneously considering both the VIP and the loadings as well as the VIP
against the regression coefficients are shown in Figures 3.8 and 3.9 respectively.
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Table 3.6: Results of variable selection based on the second component (M =2)

Loadings  Coefficients Correlations
Covariate, K vIP Pk B éuks) N, p-value
Lymphocytes 3.5600 0.2891 0.0799 0.5421 0.0000
Basophils 1.8256 -0.1154 -0.1050 0.1353 0.0000
Albumin 1.4831 -0.0992 -0.1659 0.1694 0.0000
Haematocrit 1.4078 -0.0241 0.0495 0.2337 0.0000
ALP 1.3550 0.2003 0.2671 0.1154 0.0000
MCV 1.3474 0.2857 0.3178 0.1698 0.0000
Platelet 1.1072 0.0944 0.0922 0.1550 0.0000
Potassium 1.0856 -0.1724 -0.1570 0.1245 0.0000
Monocytes 1.0742 -0.1393 0.0376 0.1547 0.0000
Total protein 1.0604 0.0818 0.1587 -0.1740 0.0000
LDH 1.0310 0.2782 0.3498 0.0569 0.0005
Folate 1.0191 -0.3478 -0.3958 -0.1530 0.0000
Magnesium 1.0144 -0.2472 -0.2736 0.0724 0.0000
Glucose 0.9634 0.3335 0.1679 -0.1233  0.0000
Calcium 0.9428 -0.2665 -0.2985 0.0288 0.0762
MCHC 0.8859 0.0132 0.0968 0.0970 0.0000
Red blood cells 0.8579 -0.2173 -0.1659 0.1081 0.0000
Sodium 0.8555 -0.2325 -0.2944 0.0348 0.0321
Vitamin B12 0.6805 0.2107 0.2505 0.0167 0.3042
Triceps skin fold 0.6374 0.1755 0.2691 0.1369 0.0000
Triglycerides 0.6326 -0.0676 0.0996 0.0399 0.0140
Neutrophils 0.6097 0.0467 0.1166 0.1260 0.0000
AST(GOT) 0.5931 0.0289 0.0405 -0.1355 0.0000
Eosinophils 0.5799 -0.0300 -0.0070 0.0810 0.0000
Height 0.5519 -0.0069 0.0854 0.0606 0.0002
Chloride 0.5477 -0.1453 -0.2344 -0.0062 0.7049
Waist circum 0.4887 0.0721 0.2721 0.1428 0.0000
LDL 0.4548 -0.0978 0.0476 0.0786 0.0000
BMI 0.4082 0.0912 0.2299 0.1181 0.0000
BP(systolic) 0.3606 -0.0910 -0.0303 0.0540 0.0009
Bilirubin 0.3568 -0.0937 -0.0949 0.0467 0.0040
Arm(right) circum  0.2988 0.0191 0.1812 0.1231 0.0000
Fe(lron) 0.2842 0.0692 0.1616 0.0711 0.0000
GGT 0.2745 -0.0498 -0.0415 -0.0601 0.0002
BP(diastolic) 0.2586 -0.0527 -0.0028 0.0187 0.2499
RDW 0.2348 -0.0412 -0.2120 -0.1332  0.0000
Pulse 0.1842 0.0547 0.0989 -0.0178 0.2729
Urea 0.1841 0.0167 0.0927 0.0232 0.1537
ALT(GPT) 0.1570 0.0324 0.0672 -0.0349 0.0315
Axillary Temp 0.1193 -0.0401 -0.0475 -0.0629 0.0001
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Figure 3.8: The scatter plot of VIP against the loadings
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higher VIP score.

< 0.025 , the region within which the variables have less explanatory power even if they have a

All the three VIP cut off points suggested in the literature were presented where a cut-off point
of 1.5 can be considered as a strict selection, 1.0 being moderate and the 0.8 as being lenient.
A stricter variable selection process selected two covariates, moderate (13) and the lenient (18)
out the 40 non-redundant features available for the study. We developed an interest in all the
18 strongest covariates as selected by the lenient cut off point as shown in Figure 3.7. Figure
3.10 provides a list of all the 40 covariates from the strongest to the weakest significance as

well as their behavioural patterns in the explanatory power (coefficients), component
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construction (loadings) and independent association (correlation) with the CD4* count together

with the associated p-values.
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Figure 3.10: Variable importance.
Also shown are the related loadings, standardised regression coefficients and the correlations of each covariate

with the response variable (CD4* count).

In this study, the lymphocytes had the highest direct independent positive correlation with the
CD4" (r = 0.5421, p-value <0.0001) followed by haematocrit (r = 0.2337, p-value <0.0001).
On the other hand, protein had the highest negative correlation (r = -0.1740, p-value <0.0001)
with the CD4" count followed by folate (r = -0.1530, p-value <0.0001). The results showed
that the top eight of the 18 selected covariates were positively and independently associated
with the CD4" count. Out of all the investigated 40 non-redundant covariates, red blood cell
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distribution width (RDW), pulse, urea, Alanine Aminotransferase (Glutamate Pyruvate
Transaminase) ALT(GPT) and axillary temperature were the least important. A look at the

significant variables by clinical category is shown in Figure 3.11.
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Figure 3.11: Variable importance by clinical category.
The broken red horizontal lines divide the major groups. From the top, the groups are clinical examination, blood
chemistry, sugar, lipids and full blood count. The horizontal broken grey lines divide the major groups

The results revealed that there was no significant variable selected from lipids, physical
examination and anthropometric measurements. Folate was the only significant variable in its
category and similarly, alkaline phosphatase only among the liver function indicators. The
SPLS suggested chloride and RDW as the only insignificant CD4* count covariates among the
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electrolytes and red blood cells respectively. Given the lymphocytes, basophils and monocytes,
the significant covariates within the white blood cells group, the lymphocytes were dominantly
significant. Generally, most of the significant CD4" count covariates were selected from
electrolytes, proteins and red blood cells.

3.5.4 A comparison of the results of the variable selection methods

The approach of the time-varying coefficient models allowed a single variable into the model
and then captured the model’s goodness of fit based on the sum of squared errors. The
technique does not explicitly provide a cut off point for the number of covariates to be selected.
Nevertheless, the underlying B-spline modelling technique is data driven which gave the
technique a competitive edge. Both the time-varying coefficient models and the PGEE
provided an insight into the variable importance within each phase. The PGEE is model driven
which may not be as powerful as the time-varying coefficient models but explicitly indicate
both the cut off point for the variable selection as well as the variable importance rank. The
four infection phases involved in our study was a fairly small number of factor levels where
different models could be fitted to each level. However, in practice, such levels could be
exceedingly high resulting in a complex data structure that might make the separate models
difficult to work with or derive meaningful information for variable selection. With the SPLS
design matrix, this is easily achievable where the important variables across all the factor levels
are filtered out. In addition, the SPLS explains the variation in both the covariates and response.
Hence, the variable selection based on the SPLS was adopted for identifying the most salient

clinical covariates.
3.6 Clinical interpretation of the SPLS model results

In this present chapter, we evaluated a list of CD4* count clinical covariates that were available
at CAPRISA to determine the strongest candidates that can potentially become an important
integral part of the HIV treatment process. The intention of this chapter was to select the clinical
covariates that contributed to the greatest variation in the CD4" count from an overall
perspective after seroconversion. The evaluated covariates were already known to be
associated with the CD4" count based on other statistical methods that were limited in some
way or suffered from information loss due to grouping and details given in the introduction
section. The predictive nature of the selected covariates was beyond the scope of this chapter

as our focus was on variable selection yet paving the way for other statistical modelling
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techniques with streamlined and richer clinical covariates of the CD4* count. We hereby
provide a brief summary of the functions of the selected and strongest 18 (out of 46) covariates
according to our SPLS model. This will serve to point out the direction in which the next
models can explore in assessing the feasibility of incorporating the clinical covariates in the
HIV treatment process for influencing long-term CD4" cell response. On our list of the selected
clinical covariates, the lymphocytes were as expected to be the strongest because the CD4*
cells are a T cell type (Papagno et al. 2004) whereas the lymphocytes are either B or T cells
(Shapiro et al. 1998, Project Inform 2007, Obirikorang et al. 2012). Our results also showed
the lymphocytes to have the highest independent positive correlation with the CD4" count (r =
0.5421, p-value <0.0001). Hence, efforts to improve the CD4" cell response seem to be similar
to that of the lymphocytes and the results obtained hereby serves to give an assurance of the
effectiveness of our statistical methodology. In light of the other selected variables, our results
pointed out to pay much attention to the white blood cells (basophils and monocytes) and
platelet count. Basophils and monocytes control damage to body tissues and inflammation, and
fight pathogens respectively (Project Inform 2007). Platelet count measures the blood clotting
condition (Project Inform 2007, NAM 2012, National Institutes of Health Clinical Center 2015,
James 2017). Although they are the least abundant leucocytes (Min et al. 2011), our study has
found basophils to explain the greatest variation in the CD4" count following the lymphocytes.
However, direct contact between human basophils and CD4" T cells is known to mediate viral
trans-infection of T cells through the formation of viral synapses (Jiang et al. 2015, Marone et
al. 2016). Also, the presence of basophils and other white blood cells in the blood is affected
by underlying infection (Siracusa et al. 2013). Areas of potential consideration in the blood
chemistry group included the potassium, sodium, calcium, magnesium, ALP and folate.
Potassium regulates the acid-base chemistry and water balance (The Johns Hopkins Lupus
Center 2017), nerve impulses and heart muscle (Project Inform 2007, James 2017). Potassium
effect on the CD4* count is affected by underlying comorbidities (Collins et al. 2017). Sodium
and calcium regulate water balance, blood pressure, blood volume, heart rhythm and most
importantly the brain and nerve function (Project Inform 2007, James 2017, The Johns Hopkins
Lupus Center 2017). Changes in the sodium concentration are known to create an osmotic
gradient between extracellular and intracellular fluid in cells (Shu et al. 2018) suggesting that
a proper balance is essential. Magnesium is involved in muscle contractions and protein
processing (Project Inform 2007), ALP in detecting liver health (Whitfield 2001, Beare et al.
2008, Patil et al. 2013) and folate for cell growth and metabolism (Arya and Kumar 2012,

Dieticians of Canada 2014). Red blood cells indices (haematocrit, MCV, mean corpuscular
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haemoglobin concentration (MCHC) and red blood cells) are related to haemoglobin
(Junqueira et al. 2006) which binds oxygen for transport to tissues and binds tissue carbon
dioxide for transporting it back for exhalation (Jensen et al. 1998, Wintrobe and Greer 2009).
The indices indicate volume, concentration and proportions of the red blood cells (Wintrobe
and Greer 2009, Arika et al. 2016). In line with the red blood cell indices, our results revealed
that LDH also needed attention in the CD4" cell influence. LDH is a cytosolic enzyme, for
enabling the fulfilment of the short-term energy requirements in the absence of sufficient
oxygen at the expense of a greater consumption of glucose cells (Valvona et al. 2016). Proteins
(total protein, aloumin and LDH) were included in the selected list for the maintenance of
normal water distribution between tissues and blood, as well as acid-base balance (Spectrum
2007).

3.7 Summary

Of the three techniques evaluated for variable selection in high-dimensional longitudinal data,
the time-varying coefficient models had the advantage of being data driven whereas the model-
driven PGEE provided both the covariate effects and the actual cut-off number of the covariates
to be selected. The two approaches can be helpful if variable selection within a given factor
levels is of interest. However, with an increasing number of such levels, it becomes a tedious
process and the SPLS is recommended for it incorporates the levels as part of the longitudinal
design matrix. This also allows for variable selection that are important across all the levels of
a given factor. Hence, the results of the SPLS proved to be effective in paving the way for
further investigation of the clinical covariates on the CD4* cell response. The data exploration
revealed the existence of variation in the repeated measurements between patients. This
suffices to be a point of departure in investigating inter-individual CD4" cell count variation in
response to each of the selected few strongest covariates. Hence, the next chapter deals with
the application of longitudinal multilevel models as the most suitable method to handle the
task.
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CHAPTER 4 LONGITUDINAL MULTILEVEL MODELS

Despite the existence of measurement reliabilities (Bajpai and Bajpai 2014, Mohajan 2017) in
recording patient information, repeated measurements from the same individual are bound to
vary and so are those from different subjects. Irrespective of these variations, the healthcare
fraternity generally administer an average dose of medication to patients who are likely to have
differences in either the body tolerances, preferred medical treatment or specific needs. There
ought to be some medical measurements that are likely to remain fairly the same across patients
whilst others greatly fluctuating to bring about the individual or time uniqueness. The strongest
clinical covariates selected in Chapter 3 were believed to be no exception in differently
influencing the CD4" cell count between the HIV positive patients. Among them, should be
some whose influential effects bring about or induce wide variations in the CD4" count between
the patients. Identifying these clinical covariates will give an insight on how to streamline the
management of the HIV disease using a tailor-made patient care for influencing the CD4" cell

count.

Given this task, the regular regressions are not suitable for they treat the within-subject
regression as one data dataset for independent subjects leading to Type | error due to sample
size dependence when testing the statistical significance of the results (Huta 2014). Methods
that account for the longitudinal studies produce more efficient estimators than cross-sectional
designs and also provide information about individual change (Hedeker 2004, Hedeker and
Gibbons 2006). In our data, we intend to capture the different sources of variation at individual
level and then assess how these vary between the individuals. Analysis of variance has been
the conventional analysis method for repeated measurements but suffers from sphericity
assumption, design effect or sampling hierarchy and the requirement for complete designs and
datasets (Quene and van den Bergh 2004). The other approaches to longitudinal analysis
include covariance pattern models, generalised estimation equations models and transition
models, but lack the ability to capture individual change over time (Hedeker 2004, Hedeker
and Gibbons 2006). Another less well known method for longitudinal data analysis is called
functional data analysis which models fluctuation patterns undergone by a variable over time
(Ramsay and Silverman 2002, Ramsay and Silverman 2005). The repeated measurements from
the same individual are more likely to be correlated to some degree and that change across time
is also not likely to be the same. This is usually ignored by linear models in their application

to the longitudinal data. Growth mixture modelling also models longitudinal data but it is
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person-centered and aims to classify subjects into groups based on their responses across a

given set of variables (Wang and Bodner 2007, Jung and Wickrama 2008).

Multilevel regression models were developed to deal with this problem (Goldstein 1995) as
they consider individual-specific effects into the model in order to account for data dependency
including the capturing of change or variation between the subjects (Hedeker 2004). They have
been known as either mixed models (Longford 1987, Wolfinger 1993, Pinheiro and Bates 2000,
Bates 2010), random coefficient models (De Leeuw and Kreft 1986), random regression
models (Gibbons et al. 1988, Bock 1989), variance component models (Dempster et al. 1981,
Longforg 1993), hierarchical models (Raudenbush and Bryk 1986, Bryk and Raudenbush
1992), random-effects models (Laird and Ware 1982), two-stage models (Bock 1989),
empirical Bayes models (Hui and Berger 1983, Strenio et al. 1983), nested models or growth
models (Hedeker 2004). Multilevel models are an extension of the standard linear models
(Paterson and Goldstein 1991, Huta 2014) and basically a special case of the general linear
models (McCullagh and Nelder 1989). The advantages of the multilevel models over the
general linear models is that they: allow proper specification and computation of random
effects which are specific individual effects; allow correlation of errors giving more flexibility
in modelling the error covariance structure; and non-constant variability in the error terms is
allowed to provide more flexibility in modelling the dependent variable. Multilevel models
also allow study effects to vary by groups which are usually ignored by regular regression. The
data for multilevel models require measurements on at least two levels of a system
(Raudenbush and Bryk 2002, Shieh and Fouladi 2003) and the procedure estimates group level
averages. Several ways are used to express the multilevel models where separate equations can
be written at multiple levels (Singer 1998). These can further be substituted in to arrive at a
single equation which specifies multiple sources of variation. In multilevel models, model
selection is more complicated than the usual regression models due to the fixed and random
effects (Snijders 1996). That is, multilevel modelling is the only technique that provides
different coefficients across groups with separate regression equations for each higher level
group, reports variance of each coefficient across groups and also correlations between lower
level coefficients across groups (Huta 2014). Basically, given a very large number of subjects,
the longitudinal multilevel model is able to consolidate all the variations in the individual linear
projections into a variance-covariance structure. The individual trajectory parameters, that is
the actual intercepts and slopes are not of interest but rather their variations from one subject

to the next is important in the longitudinal multilevel modelling. The aim of this chapter is to
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investigate the variation in CD4" count averages (intercepts) and trend directions (slopes)
between HIV patients in response to the strongest clinical covariates at each phase of the HIV

disease progression.

4.1 The formulation of the longitudinal multilevel model

The N; repeated measurements of the i™ individual are referred to as level 1 source of variation

(within-variation) and the N individuals representing level 2 source of variation (between
subject variation). Hence, the multilevel models require the formulation of equations at each
level. To clearly demonstrate the concept of multilevel modelling, first, a model with a single
covariate and continuous response is presented showing the level 1 and level 2 equations.
Second, a categorical (grouping) variable is introduced. The groups do not necessarily need to
have the same number of members or measurements in the case of longitudinal data. Also,

independence across groups is allowed but not within each group or subject. Our data is a
balanced design with each of the n=237 individuals having n, :16(: m) repeated

measurements. Third and lastly, the number of covariates is increased to more than one.

4.1.1 Single covariate

Given a covariate X and CD4" count Y for the i individual, the measured values X;; and Y;;
at follow up time |, are related as Y; = By + By Xy +&; where Sy = fy+Uy, By =B +Uy,

i=1..,n and j=1 ..,m. The parameters f}, and ﬂl are the population intercept and slope

respectively. The error term & is assumed to be normally distributed with mean 0 and variance

o?. Furthermore, the Uy and Uy; are assumed to be bivariate normal and they are independent

of the error term. This can be concisely presented as level 1 and level 2 equations, where
Level 1: Yy =By + ByX; +&;:1=1...,n; j=1...,m

Boi = By + Uy

B =B +Uy

Level 2 :
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4.1.2 Single covariate and single categorical covariate with G levels

Since our interest is to examine the relationship between the covariate X and the CD4" count,

Y, across the four phases after seroconversion, and if g=1..,G are the levels of the

categorical covariate where G is the reference (ref) group, for the level 1 and level 2 equations,
we model

G
Level 12y, =3 (Bog + BugXes) + 2,
g=1

Bogi = Bog +Upg  Where By, = S, +by,

Level 2
By =By +Uy;  where B =B +b
Where
B, = the population intercept of the reference group G
,31 = the population slope of the covariate X within the reference group G

ﬁog = the population intercept of the g”‘ group

ﬁlg = the population slope of the covariate X within the g o group

bOg = difference between the population intercept of the reference group G and the

population intercept of the g‘“ group

blg = difference between the X population slope of the reference group G and the X

population slope of the g”‘ group

Uy = the i"individual’s intercept deviation from the population’s intercept within the

reference group G

U;; =the i™individual’s covariate X slope deviation from the population’s covariate X

slope within the reference group G
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Upgi  =the i™individual’s intercept deviation from the population’s intercept within the g‘
group
U = the i™individual’s covariate X slope deviation from the population’s covariate X

slope within the g‘“ group
4.1.3 General p covariates and single categorical covariate with G levels

In this study, 18 covariates were selected for investigation into their influence in the CD4" cell
count including the time as another covariate. Hence p =19 covariates are to be modelled,

where

G P
Level 1t y, =37 (Bog + Sy X)) +2;

g=1 k=1

IBOQi = ﬂOg +Upgi where ﬂOg = ﬁo + bOg

Level 2:
o = Pig Uy g Where g, =f, +Db,
Where
B, = the population intercept within the reference group G
ﬂlk = the population slope of the k' covariate X, within the reference group G

B = the population intercept of the " group
0g

,Blkg = the population slope of the k'™ covariate X, within the g‘“ group

Uy; = the i™individual’s intercept deviation from the population’s intercept within the

reference group G

U,; = the i"individual’s k™ covariate X, slope deviation from the population’s k™

covariate X, slope within the reference group G
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Up ¢ =the i™individual’s intercept deviation from the population’s intercept due to the k™

covariate X, within the g”‘ group

U, 4 =the i™individual’s k" covariate Xy slope deviation from the population’s covariate

X slope in the g‘“ group

4.1.4 Variance-covariance structures

The random effects can assume different covariance structures. Table 4.1 gives a summary of

the covariance structures common in SAS software.

Table 4.1: Covariance structures common in SAS software

Structure

Description

Variance components

Autoregressive AR(1)

Compound symmetry

Toeplitz

Heterogeneous

Unstructured

Which are standard variance components without covariances

These are homogenous variances that decline exponentially with
distance.

Variances are also homogenous but the correlation between two
separate measurements is assumed to be constant regardless of how
far the measurements are.

Similar to AR(1) but the correlations do not necessarily have the
pattern

Diagonal elements of the variances do not have to be the same.

This is the most liberal structure and requires fitting the most
parameters (p(p +1)/2)of any structure for p covariates

In this study we adopted the autoregressive structure for the repeated measurements and an

unstructured covariance structure for the random effects because all the correlations were

assumed to be different. The autoregressive (AR) process of order a denoted by AR(Q) is

usually combined with moving average (MA) process of order  to form an autoregressive

moving average (ARMA(a, q)). The values of a and ( are chosen with the aid of Akaike

Information Criterion (AIC) that assesses the model fit for the different value combinations.
The smallest AIC provides the best fit.
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The p’s are parameters that are the same (fixed) for all the subjects. The ,.’s parameters are
the individual’s deviation from the population that are allowed to vary (random) over subjects
and are normally distributed with mean zero and having a variance-covariance T of which is
assumed to be unstructured in this study. In the case of a single covariate X with no grouping

factor, the distribution of the individual intercept and slope deviations is given by

L)) ()

where
r§0 = variability in the individual intercepts of the N individuals
To1 = covariance between the individual intercepts and slopes of the N individuals

2'121 = variability in the individual slopes of the of the N individuals

If rgo and 1'121 are close to zero, it indicates that the averages and slopes of the individual
repeated measurements did not deviate much from the population average and slope
respectively. In other words, as Tgo and 2'121 increases, the individuals exhibit much
heterogeneity and vice versa (Hedeker 2004). The interpretation of the intercept-slope
covariance ( 7o7 ) has been elaborated by (Pillinger 2018) where the covariance can possibly

take the following values:

>0
RERY
<0

For 7o, > 0 implies that subjects with larger intercepts also have larger slopes whereas 7o; <0

is an indication that subjects with larger intercepts have smaller slopes or smaller intercepts

corresponding to larger slopes. In the case of no relationship between the intercepts and slopes,

T ~0,
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Allowing such a covariate X to take different distributions within each of the four infection

phases, a typical distribution of the ,’s parameters in the g““ group is given by:

[ﬂOQij Y (OJ z'509 Toig
Hagi 0 To1g lelg
Consequently, in the case of several covariates X;,..., X, and a grouping effect with G levels

to be considered, the covariances can be allowed to change from one group to the other. Such

a typical distribution of the s parameters in the g“‘ group for the k™ covariate is given by
2
(/’lokgij~ N (Oj Too,g  Toyg
Hy, i 0 Toy g lelkg
Where

r(fokg = variability in the individual intercepts due to the k'™ covariate within the g‘ group

Toi g = COvariance between the individual intercepts and slopes due to the k™ covariate in

the g”‘ group
rflkg = variability in the individual slopes due to the k™ covariate in the g‘“ group

. - . 2 2 -
A comparison of the variations in the 7o o, 7gy 4 and 7;; , due to the k™ covariate across the

G groups can be achieved by expressing them as percentages of the total variation including

that of ARMA and common variance. For example, the proportion of the intercept variation

due to the k™ covariate in the g‘“ group is given by

2
Too
e "i ~x100%
Zg:l(z-ookg * Toy g +711kg)+:0k T 7 T Ok

where P, is the variation captured by the AR, 7, the variation captured by the MA and 0'k2 be

the residual or common variance for all the individuals.
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4.2 Data analysis and software

The statistical analysis for the multilevel model was done using PROC MIXED in System

Analysis Software (SAS) 9.4 where g =1 was considered as Phase 2-Acute, g = 2 (Phase 3-
Early), g = 3(Phase 4-Est) and the reference group g =G =4 was the Phase 5-ART. The time
within each phase was also considered as a variable and the total covariates were p =19. The

restricted maximum likelihood (REML) was used for providing efficient estimates and correct
standard errors (Laird 1988). PROC HPMIXED was used to provide the overall contribution
of the covariates in the fixed effects. The SAS memory capacity was very low and this was
solved by upgrading the memory limit in the sasv9.cfg file. The model with an
unstructured variance was appropriate to estimate the intercept-slope covariance and the
repeated measurements took an autoregressive moving average correlation structure of

[ARMA (a=1,q=1)]. Each covariate was mean centered to obtain the intercepts as the

average for each patient and scaled for estimates comparison. The variance-covariance
estimates were expressed as proportions of the total variation in order to compare variations
across the G groups (4 infection phases). The SAS results were visualised with the aid of the
library ggplot2 in the open source R software version 3.5.3, by the R Core Team. SAS was
powerful in modelling the relationships but presenting the voluminous results was a challenge.
All the results were saved as csv files and exported to R. A high degree of data manipulation
was required to merge and reshape the results data. The formal way of presenting the results in
tables was not feasible owing to the extremely long tables. The R software comes handy in all
these tasks and in some cases sample results were tabulated only and the rest graphically

displayed. All the SAS and R codes are presented in Appendix C4.

4.3 The results of fitting the longitudinal multilevel models

Figure 4.1 shows the diagnostic plots for the variable time. The residuals were randomly
distributed around zero suggesting that their mean was approximately zero. The histogram was
following an approximate normal distribution indicating a constant variance which was also

confirmed by the Q-Q plot that did not show heavy tails. Hence the fulfilment of the assumption
that the error term &; was normally distributed with mean 0 and variance o*. A similar pattern

of diagnostic plots was observed in the other covariates and the fit statistics are summarised in
Table 4.2.
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Figure 4.1: Diagnostic plots to test for the normality assumption

Table 4.2: The fit statistics for the covariate effect models

3365
-3.061
-0.005
4.2827
0.9935

45495
48319
48319
48561

Covariate -2 Res Log Likelihood AIC AICC BIC

Lymphocytes 48330.7 48360.7 48360.8 48412.7
Platelet 48458.4 48486.4 48486.5 48534.9
Haematocrit 48483.7 48511.7 48511.8 48560.2
LDH 48483.8 48513.8 48514.0 48565.8
MCHC 48485.8 48513.8 48513.9 48562.4
Red blood cells 48489.7 48517.7 48517.8 48566.3
Time 48494.9 48518.9 48519.0 48560.5
ALP 48495.8 48521.8 48521.9 48566.8
Albumin 48502.3 48530.3 48530.4 48578.8
Magnesium 48503.7 48531.7 48531.8 48580.2
MCV 48506.1 48532.1 48532.2 48577.2
Sodium 48509.8 48537.8 48537.9 48586.4
Calcium 48511.3 48539.3 48539.4 48587.8
Basophils 48515.4 48543.4 485435 48591.9
Folate 48516.5 485445 48544.6 48593.0
Potassium 48528.5 485545 48554.6 48599.6
Monocytes 48527.7 48555.7 48555.8 48604.2
Total protein 48528.9 48556.9 48557.0 48605.4
Glucose 48545.6 48569.6 48569.7 48611.3
Fixed 48585.1 48591.1 48591.1 48601.5
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The results of the fit statistics are arranged in ascending order of the AIC. They also revealed
that the lymphocytes had the best model fit with the least AIC = 48 360.7 in confirmation to
the variable selection procedures. This was followed by the platelet count with AIC =48 486.4.
The rest of the covariates were having AIC = 48 500 indicating similar levels of goodness of
fit.

4.3.1 The results of the general trends within phase

CD4* count general trends against each covariate within phase: Table 4.3 shows the results
of the mixed model in which the marginal (fixed) effects indicate the cohort’s general CD4*
count linear trajectories in response to the covariates within each phase.

Table 4.3: Fixed effects — The cohort’s general CD4" count trajectories within each phase

2-Acute 3-Early 4-Est 5-ART
(9=1) (9=2) (9=3) (9=4)
Estimate(Pr > |t|)  Estimate(Pr>|t|)  Estimate(Pr > |t|) Estimate(Pr > [t])
by, by, bys Po = Bos

-52.6627(0.0053)  -53.3344(0.0013)  -34.3791(0.0339)  (ref)616.0300(<.0001)
Effect k ﬂlkl ﬁlkz ﬂ1k3 ﬁ1k4
Time 1 8.9971(0.0376)  0.6577(0.8770)  -12.1440(0.0008) 5.1856(0.1572)
Red blood cells 2 38.2319(0.3902)  18.2958(0.6231)  14.2265(0.6069) -1.9031(0.9609)
Alkaline phosphatase 3 -2.9375(0.7416)  10.6827(0.1402)  25.1476(0.0002) 14.3366(0.0044)
Basophils 4 -0.4112(0.9439)  0.0747(0.9905)  7.2633(0.3959) 16.8130(0.0454)
Calcium 5 8.1087(0.4206)  -6.3913(0.3409)  -9.4794(0.1370) -5.9208(0.3670)
Folate 6  -43.7866(<.0001) -20.1953(0.0075) -16.2681(0.0214) -46.6532(<.0001)
Glucose 7 2.7933(0.7398) 3.4673(0.5911) -1.0686(0.8407) 4.8128(0.4096)
Haematocrit 8  -20.6596(0.6311) -12.1918(0.7407)  -2.3535(0.9300) 3.1107(0.9308)
LDH 9 -9.6857(0.3913)  10.6586(0.1616)  -0.2509(0.9706) -1.7578(0.8041)
Lymphocytes 10  102.5100(<.0001) 127.1300(<.0001) 128.1800(<.0001) 165.7000(<.0001)
Magnesium 11 4.0267(0.6886) 3.5717(0.6022) -9.2187(0.1098) 13.8217(0.0507)
MCHC 12 -135170(0.0728)  12.5703(0.0409)  -5.2952(0.3453) 16.1918(0.0095)
MCV 13 52.9572(0.1077) 56.5794(0.0388) 30.7462(0.1373) 11.3666(0.6600)
Monocytes 14 -3.2578(0.6058)  -10.1268(0.1212)  -18.5394(0.0018) -18.7442(0.0016)
Platelet 15 28.4224(0.0002)  12.7530(0.0773)  36.6385(<.0001) 16.1257(0.0291)
Potassium 16 -1.8457(0.8039)  -3.2011(0.4461)  7.0560(0.3034) 1.6780(0.6404)
Protein 17 -30.8203(0.0015) -39.5359(<.0001) -29.0654(<.0001) -13.3719(0.0394)
Albumin 18 25.9973(0.0044)  29.4461(<.0001)  29.6052(<.0001) 11.7354(0.0725)
Sodium 19 -19.2748(0.0148)  -14.6409(0.0177)  -7.2344(0.1810) 6.0560(0.2789)

All the significant trends are in bold. Lymphocyte increase was associated with an improved
CD4" count throughout the phases of the HIV disease progression whereas folate and protein
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increase resulted in a decline of the CD4" count at each phase. Before treatment, an increase in
albumin improved the CD4* count by almost the same magnitude, whereas basophils increase
could only have a significant positive effect on the CD4" count during therapy. The CD4" count
improved with increase in alkaline phosphatase (ALP) during the established and ART phases
with more improvement at the established phase. Contrary to ALP behaviour, it was during the
established and ART phases where the monocytes indicated a negative impact on the CD4*
count. The platelet count showed positive effects on the CD4" count in all the stages except the
early phase. Our results also showed that it was in this early phase only where the mean
corpuscular volume (MCV) increase significantly improved the CD4" count. The mean
corpuscular haemoglobin concentration (MCHC) also indicated a positive association with the
CD4" count in the early phase and then during the ART as well. The results revealed that an
increase in sodium content soon after HIV infection (acute and early phases) was associated
with a CD4" decline. Our data shows that over time within the acute phase, the CD4" count
increased by 8.9971 cells/fmm?® (p-value = 0.0376) at each visit and dropped by 12.1440
cells/mm? (p-value = 0.0008) at each visit during the established phase. Our mixed model
estimated that the ART phase records were on average of 616.03 cells/mm? of CD4* count and
those from the acute phase being 52.6627 cellss/mm? below that of the ART average. Table 4.4
is a multiple comparison of all the infection phases. It shows that the ART phase was at least
45 cells/mm?® of CD4* count above that of any other investigated phase. All the average CD4*
counts from the other phases before therapy (acute to established) were found not to be

significantly different from each other.

Table 4.4: Least squares means and differences
Least squares means

Effect Phase Estimate Standard Error DF tValue Pr>|t
phase 5-ART 623,81 11,5931 3712 53,81 <.0001
phase  4-Est 563,43 9,1055 3712 61,88 <.0001
phase  3-Early 563,68 8,3091 3712 67,84 <.0001
phase  2-Acute 576,86 12,9588 3712 4452 <.0001
Least squares means differences
Effect phase _phase  Estimate Standard Error DF tValue Pr> [
phase 5-ART  4-Est 60,3735 14,7414 3712 4,1 <.0001
phase 5-ART  3-Early 60,1262 14,2633 3712 4,22 <.0001
phase 5-ART  2-Acute 46,9455 17,3876 3712 2,7 0.0070
phase  4-Est 3-Early  -0,2473 12,3269 3712 -0,02  0.9840
phase  4-Est 2-Acute  -13,428 15,8379 3712 -0,85 0.3966
phase 3-Early 2-Acute -13,1807 15,3939 3712 -0,86 0.3919
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4.3.2 The results of the random effects due to each covariate

We further investigated the random effects due to each covariate by allowing each patient to
have own CD4* count trajectory with intercept and slope. This improved the Akaike
Information Criterion (AIC) in the modelling of the CD4" count (Table 4.2).

Time within each phase was also considered as a covariate. The variations in the intercepts
(intr) and slopes of individual patient’s CD4" counts against time are presented in Table 4.5.

Table 4.5: Sample covariance parameter tests of time (K = 1) effect and the proportions

Covariate Phase = Covariance parameter

k=1 g T :*kg Name Estimate  Estimate(%) Stér:rd;rd Z Value p-value
Time 2-Acute Tgoll Intr 8 011.37 17.9147  2637.70 3.04 0.0012
Time 2-Acute TOlll Intr-Slope -2 565.41 -5.7367 991.25 -2.59  0.0097
Time 2-Acute 2'12111 Slope 1864.63 4.1696 518.92 3.59 0.0002
Time 3Ealy  Tge, Int 0.00 00000 - . .
Time 3-Early 70112 Intr-Slope -1384.33 -3.0956 451.95 -3.06  0.0022
Time 3-Early 712112 Slope 1925.76 4.3063 441.40 436 0.0001
Time LES Thyg It 0.00 00000 - : .
Time 4-Est 1'0113 Intr-Slope 78.61 0.1758 443.99 0.18 0.8595
Time 4-Es 112113 Slope 682.38 15259  38L74 179  0.0369
Time 5-ART Z'02014 Intr 7107.74 15.8941  2244.07 3.17  0.0008
Time 5-ART T0114 Intr-Slope 40.32 0.0902 555.11 0.07 0.9421
Time 5ART 7, Slope 0.00 00000 - . .
Time AR Yo Rho 0.94 0.0021  0.01113 84.79  0.0001
Time MA 7/1 Gamma 0.44 0.0010  0.02703 16.20 0.0001
Time - (712 Residual 28 957.00 64.7526  1340.19 21.61 0.0001

100.0000

NOTE: This table is an extract of 285 rows for the results of 19 covariates
AR =Autoregressive, MA = Moving average

Also shown are the relationships between the patients’ intercepts and slopes within each phase.
The variations were then expressed as percentages of the total variation captured by the model.
The average CD4" counts varied widely upon entering the acute and ART phases with
proportions 17.9147% (p = 0.0012) and 15.8941% (p = 0.0008) respectively. The intercepts
and the slopes were negatively related at the acute and early phases in which the CD4" counts
had upward trends of 11.6459 and 3.3582 respectively. This suggests that over time all the

patients’ CD4" count trajectories during the acute and early phases approached a higher focal
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level. This phenomenon indicates that the patients who entered the acute and early phases at
lower CD4* count had their counts increasing at a faster rate than those who entered with a
higher CD4" count already. Eventually all the patients’ CD4" counts approached the same
higher CD4" count level. Similar estimate proportions of the intercepts and slope relationships
for the other covariates are presented in Figure 4.2 where the intercepts represent the average
CD4" counts at the mean covariate value (mean centred). The trajectory slopes are the rates of
CDA4" count change as the values of the covariates measurements increase.

Red blood cells changes within each phase showed that the average CD4" counts also varied
widely during medication at 15.5160% (p = 0.0001) in response to an average red blood cell
count (Table 4.6).

Table 4.6: Sample covariance parameter tests of red blood cells (K =2) effect and the proportions
Covariate Phase  Covariance parameter

k=2 g T :*kg Name Estimate  Estimate(%) Sté?rdoarrd Z Value p-value
Red blood cells  2-Acute 2'5021 Intr 3029.97 6.0309  1442.50 210 0.0178
Red blood cells  2-Acute 70121 Intr-Slope 657.46 1.3086 915.94 0.72 0.4729
Red blood cells  2-Acute 2'12121 Slope 3490.44 6.9475 1065.33 3.28 0.0005
Redblood cells  3-Early oo,  Intr 0.00 0.0000 - - -
Red blood cells  3-Early 10122 Intr-Slope -1169.27 -2.3273 537.66 -2.17  0.0297
Red blood cells  3-Early 712122 Slope 2024.44 4.0295 629.50 3.22  0.0007
Red blood cells  4-Est 1'5023 Intr 1191.09 2.3708  1007.84 1.18 0.1186
Red blood cells  4-Est 2'0123 Intr-Slope -527.81 -1.0506 548.18 -0.96 0.3356
Red blood cells  4-Est T12123 Slope 1676.12 3.3362 615.98 2.72  0.0033
Red blood cells ~ 5-ART r(foz 4 Intr 784555 156160  1817.21 432 0.0001
Red blood cells  5-ART 2'0124 Intr-Slope 2 483.56 4.9433 902.10 2.75  0.0059
Red blood cells  5-ART T12124 Slope 720.56 1.4342 632.97 1.14 0.1275
Red blood cells AR pz Rho 0.93 0.0018 0.01 71.14 0.0001
Red blood cells  MA 7> Gamma 0.43 0.0009 0.03 16.02  0.0001
Red blood cells - 022 Residual 28 817.00 57.3581  1333.77 21.61 0.0001

100.0000

NOTE: This table is an extract from 285 rows for the results of 19 covariates
AR =Autoregressive, MA = Moving average

The second highest source of variation was observed in the rates of change of the CD4" count

in response to increase in the red blood cells during the acute phase. This had the proportion of
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6.9475% (p = 0.0005). During the ART phase, there was also a considerable variation in the
rates of change of the CD4" count (4.9433, p = 0.0059) as the red blood cells increase from the
average. In all the covariates, the greatest proportion of variation was observed in the residuals
but this was not of interest in this study.
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Covariate with random effect
Figure 4.2: Proportion of variation in intercepts and slopes.

The fixed effects parameters were identical and each covariate at a time was allowed to have a random effect.
Different variance parameter estimates were obtained for each phase (group) and these were expressed as a
percentage of the total variation including the ARMA (1,1) and residuals.

Variations in the average CD4* counts as induced by each covariate: Figure 4.2 (intercept

variation) shows that given the average values of folate, LDH, lymphocytes and magnesium at
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the acute phase, there was no significant difference in the CD4" counts for all the 237 patients
under study. The same phenomenon was also observed during the early phase where there was
no significant difference in the average CD4" counts for all the patients in response to each of
studied covariates. This was almost the same situation at the established phase except for the
significant differences in the patients’ average CD4" counts at the mean values of alkaline
phosphatase, basophils and lymphocytes. The results also show that upon taking medication,
all the patients’ average CD4" counts were significantly different from each other. Generally,
the patients” average CD4" counts did not vary too much in response to the covariates during
the early and established phases. Wide variations in the average CD4" counts were observed

during the acute and ART phases.

Variations in the rate of CD4* count change as induced by each covariate: We further
explored the variations in the rates of the CD4" count change in response to the increase in the
values of each covariate. Figure 4.2 (slope variation) shows that the rate of CD4" count change
in response to each of the covariates varied among the patients mostly from the acute to the
established phase. The acute phase was characterised by no significant difference in the CD4"
count rate of change in response to the increase in glucose and protein. Similarly, in the early
phase, folate, glucose and potassium did not induce any differences in the rate of change of
CD4" count among the patients. During the established phase, an increase in the folate, glucose,
magnesium and monocytes resulted in no significant difference in the CD4" count rate of
change among all the patients. However, upon taking medication, more than half of the
covariates were associated with similar rates of CD4* count change among the patients. The
greatest variation in the rate of CD4" count change was observed soon after infection (acute
phase) in which an increase in the LDH induced the widest variations in the CD4" count rate

of change between the patients. This was followed by folate during the ART phase.

Correlation between random intercepts and slopes of CD4* count trajectories:
Throughout the post HIV infection follow up period, there was a positive relationship (r >0.80)
between the intercepts and slopes of the CD4" count trajectories against lymphocytes (Table
4.7). In Figure 4.2 the fixed effects parameters were identical and each covariate at a time was
allowed to have a random effect. Different covariance parameter estimates were obtained for
each phase (group) and their covariance tests were used to assess the significance of correlation

between the random intercepts and slopes.
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Table 4.7: Correlation between intercept and slope

2-Acute 3-Early 4-Est 5-ART
(9=1) (9=2) (9=3) (9=4)
k'™ Covariate Corr(covtest) Corr(covtest) Corr(covtest) Corr(covtest)
Time -0.6638(0.0097)  0.0000(0.0022)F  0.0000(0.8595)  0.0000(0.9421)
Red blood cells 0.2022(0.4729) - -0.3736(0.3356)  1.0000(0.0059)
Alkaline phosphatase  0.4280(0.0930)  0.0000(0.4897)  0.5497(0.2165)  0.0000(0.8407)
Basophils 0.3238(0.3120)  0.0000(0.5522)  0.8030(0.0422)  0.8775(0.0104)
Calcium -0.1085(0.7203)  0.0000(0.2056)  -0.8544(0.0905) 0.4093(0.3003)
Folate 0.8445(0.0840)  0.0000(0.1124)  -0.1260(0.8364) 0.2060(0.4763)
Glucose 0.0000(0.6623)  0.0000(0.3932)  0.5831(0.4188)  0.0000(0.2206)
Haematocrit 0.0846(0.7095)  0.0000(0.2133)  0.0680(0.8709)  0.5053(0.0776)
LDH 0.5580(0.1187)  1.0000(0.0050)  -0.5951(0.2352) -0.0552(0.8932)
Lymphocytes 0.8498(0.0060)  1.0000(0.0033)  0.9767(0.0005)  0.9803(0.0001)
Magnesium 0.1499(0.6507)  0.0000(0.9944)  -1.0000(0.1406) -0.1519(0.5945)
MCHC 0.0528(0.8257)  0.0000(0.3265)  -0.0588(0.8901) 0.1009(0.7069)
MCV 0.0189(0.9448)  0.0000(0.6571)  0.0730(0.8570)  0.0000(0.4749)
Monocytes 0.2954(0.3582)  0.0000(0.6132)  0.3425(0.5015)  1.0000(0.0247)
Platelet -0.0176(0.9416)  1.0000(0.2117)  0.9625(0.0097)  0.1234(0.5933)
Potassium 0.1456(0.7031)  0.0000(0.6158)  0.1396(0.8302)  0.0000(0.9515)
Protein 0.1995(0.6021)  0.0000(0.5694)  -0.1578(0.7586) -0.3955(0.1034)
Albumin 0.0222(0.9354)  0.0000(0.0589)  -0.9695(0.1951) 0.2702(0.2788)
Sodium -0.2855(0.3131)  0.0000(0.0879)  -0.7696(0.2077)  0.8205(0.0203)

Notes: {The intercept variation in Table 4 was zero but covariance significant, hence the intercept and slope
correlation zero. Bold p-value indicates the significant correlation between the intercept and slope.

The results indicate that at each phase of the HIV disease progression, an increase in
lymphocytes resulted in the patients whose average CD4* counts that were already high to
increase at a faster rate than those whose average CD4" counts were lower. The CD4* count
trajectories against red blood cells (ART phase), LDH (early phase), basophils (established and
ART phases), platelets (established phase) and sodium (ART phase) showed an upward trend
with positive intercept-slope correlations. This means that, as these covariates increase within
the indicated phases, the patients with higher average CD4* counts had their CD4* counts
increasing at a faster rate than those who had lower CD4" counts. The cohort’s CD4" count
trajectory against monocytes was heading downwards during the ART phase with positive
intercept-slope relationships. This indicated that as the monocytes increased, patients with
lower average CD4" counts became worse than those with higher average CD4" counts. On the
other hand, there was a negative relationship (covtest, p = 0.0297, Figure 4.3) between the
average CD4" counts and their rate of change with red blood cells during the early phase. This
early phase’s CD4" count and red blood cells trajectories followed a general upward trend

suggesting that as the red blood cells increase, all the patients’ CD4" counts approached a
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common higher CD4" count level than the cohort’s average. That is, red blood cell increase
during the uptake of medication, resulted in the patients whose CD4" count that was higher to

increase even faster than those whose count was lower.
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Figure 4.3: Proportion of variation in intercept and slope covariations.

4.4 Clinical interpretation of the results

The investigated data from the CAPRISA studies showed complex relationships and variations
in the CD4" count and its covariates during the different phases of the HIV disease progression.
The cohort’s repeated measurements for the CD4" count varied widely around their mean
within the established phase and narrowly during the ART phase. All the red blood cell count
components were also found to narrowly vary during the ART phase as compared to the other

phases.

There was great variation in the patients’ average CD4" counts upon entering the acute and
ART phases explaining the patients’ immune responses to viral invasion and treatment
respectively. This is likely to be attributed to the high level of inter-individual diversity of the
human system which is also affected by different factors.(Adrian et al. 2016). During the acute
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phase, the mean values of folate, lactate LDH, lymphocytes and magnesium corresponded to
similar CD4" count levels for all the patients. These results revealed that on average the
patients’ CD4" counts were not affected by the demand for cell growth and metabolism (folate
(Arya and Kumar 2012, Dieticians of Canada 2014)), glucose conversion (LDH (Valvona et
al. 2016)) and muscle contractions and protein processing (magnesium (Project Inform 2007)).
The CD4" cells are T cells (Papagno et al. 2004) which are also part of the lymphocytes and
the results showed that on average the CD4" count did not significantly differ between patients
during the acute and the early phases, given the average lymphocytes count. However, during
the established and ART phases, our data showed that the average lymphocytes count (total B
and T cells (Shapiro et al. 1998, Project Inform 2007, Obirikorang et al. 2012)), were associated
with significantly different average CD4" levels among the patients. With the exception of the
early phase, the indicators of damage to body tissues and inflammation (basophil (Project
Inform 2007)) and liver health (ALP (Whitfield 2001, Beare et al. 2008, Patil et al. 2013))
were on average significantly inducing CD4" count variations among the patients. Our data
shows that it is not only during therapy where treatment interferes with the biochemical
properties among HIV patients as found by (Mgogwe et al. 2012) during a six-month treatment
period study. We observed that liver damage was one of the most common biochemical
associated with significant CD4" count variation throughout the HIV disease progression
except during the early phase. Hence, it then turns out that on average, tissue damage indicators
were associated with the CD4" count variation in most of the phases. However, our data further
revealed that upon taking medication which significantly improved the CD4" count than any
other phase, all the 18 covariates induced wide variations in the patients’ average CD4" counts.
HIV treatment is known to affect the clinical attributes (Ibeh et al. 2013) which could
consequently be the attributing factor to the CD4" count variations in response to all the 18
covariates in our data during the ART phase. This is because treatment has proved to be
effective but also increasingly complex due to new developing syndromes (Montessori et al.
2004).

Our results showed that all the patients” CD4" counts changed at different rates in response to
each of the covariates upon taking medication. An increase in glucose and protein did not bring
about variation in the rate of change of the CD4" counts between patients during the acute
phase. Early phase CD4" counts also changed at the same rate when either of folate, glucose or
potassium increase. Similarly, folate, glucose, magnesium and monocytes increase at the

established phase gave rise to the same rate of the CD4"* count change. Most of the covariates
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induced wide variations in the rate of the CD4" count change during the acute phase. Our data
showed that lymphocytes increase in every phase resulted in patients whose CD4" count was
already higher increasing even faster than those patients with lower average CD4" counts.
Similarly, patients with higher CD4" counts were found to have their count increasing at a
much faster rate as the following covariates increase in certain phases: LDH (early phase),
basophils (established and ART phases), platelets (established phase) and sodium (ART
phase). During the early phase of the disease progression, the patients whose average CD4*
count that was lower, increased at a faster rate in response to the red blood cells increase such
that all the patients’ CD4" counts eventually approached a common higher CD4" count.
However, upon taking medication, an increase in the red blood cell count resulted in those
individuals whose CD4" count which was already higher to become even much better as
compared to the ones that were lower. Our data shows that red blood cells that are packed with
haemoglobin (Junqueira et al. 2006) and plays a role in the respiratory process (Jensen et al.
1998, Wintrobe and Greer 2009) were associated with CD4* count improvement. Monocytes
increase during medication (ART phase) resulted in CD4" counts that were lower to become
much worse than for those patients whose average CD4" counts that were higher. Although
monocytes are infected together with the CD4* T cells (Pasupathi et al. 2008), our data show

that during therapy, monocytes were spared more than the CD4* T cells.

4.5 Summary

The few strongest CD4" count clinical covariates were found to induce either wide variations
in the patients’ average CD4" counts in some infection phases and show no effect in the others.
An increase in the measurements or quantities of the covariates was found to either improve
the CD4" count at a faster rate for those patients whose average CD4" was already high or
worsen the CD4" level which was already lower than that of the other patients. In some cases,
the increase in the covariates values caused the patients’ CD4" counts to approach a common
level which was lower or higher than that of the general cohort. Tissue damage indicators were
the most common covariates associated with CD4* count variation between patients. Patients
who entered either the acute or early phases with lower average CD4* counts had their count
increasing at a faster rate than those who entered with a higher CD4" count already resulting
in the cohort approaching a common higher CD4* count. In addition to other treatment
measures, the manipulation of selected CD4" count covariates for patients within a specific

phase can usefully augment tailored methods for monitoring HIV patients using the CD4"
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count. Generally, the studied covariates induced wide variations in the CD4* count between
HIV positive patients during the ART phase. The multilevel model indicated that given a large
number of subjects, it is possible to assess the variations between the individual linear
trajectories. However, a visual display of all the subjects becomes difficult. More so, the linear
relationships have the tendency of masking some sources of discovery due to the model-driven
trajectories. To allow data-driven response trajectories, the next chapter discusses the additive
models with the same concept of the mixed models but smoothing the trends for each phase
with respect to the covariates.
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CHAPTER S5 GENERALISED ADDITIVE MIXED MODELS

In Chapter 4 we have examined the parametric individual linear trajectories of each covariate
on the CD4" count within each infection phase. We also pooled all the repeated measurements
from every individual to look at the overall linear fixed effects of the covariates on the CD4*
count. Given a large number of individual linear profiles to be assessed, the longitudinal
multilevel model comes to hand with its variance-covariance structure that consolidates the
relationships of all the individual trajectories. However, the failure to visualise the behavioural
patterns of the CD4" count trends results in some of the covariates’ dubious linearity being
silently unaccounted for. On the other hand, polynomials of any order could have been easily
incorporated in order to account for the non-linearity but their interpretation is often a
challenge. Accordingly, we adopted the generalized additive model (GAM) that are more
flexible than the linear models. They also come with the best transformations that are
determined simultaneously without parametric assumptions associated with their form
(Faraway 2006). They impose some penalties to the wiggliness that makes the polynomial
interpretation difficult. Additive models derive their strengths from the ability to deal with
highly non-linear and monotonic relationships between the response and the explanatory
variables (Yee and Mitchell 1991). This is achieved by automatically determining the
smoothness that prevents overfitting and treating random effects as smooths trends too. The
additive models are not affected by a high dimensional curse because the smooths are applied
as univariates (Fan et al. 2013). Both the parametric and non-parametric components can be
incorporated in which case they are referred to as semi-parametric models (Zuur et al. 2007).
The semi-parametric models are useful in the sense that they compromise the restrictive nature
of parametric models and too much flexibility that comes with non-parametric models (Fan
and Li 2004). Although it is difficult to interpret the non-parametric terms of the additive
models (Hastie and Tibshirani 1990), they provide a very suitable platform for data set
exploration and visualisation of the relationship between the response and covariates. This
enables them to uncover the structure in the relationship that might otherwise be missed (Xiang
2001). Their data-driven approach allows the data to determine the shape of the response with
a wider range of response curves (Yee and Mitchell 1991) as compared to the limited shapes

in the parametric class that assume pre-determined model shapes.

In the additive models, linear predictors in the linear models are basically replaced by smooth

functions of the covariates which are related to the response variable (Wood 2016). In this case,
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the possibly transformed response variable is related to non-linear smooth functions of the
covariates. That is, to establish a relationship between the mean of the response variable and
the smooth function of the explanatory variables, the additive models use a link function
(Guisan et al. 2002). The link function transforms (link) the response mean to lie on the plane
of the covariate space (Yee and Mitchell 1991). Gaussian and non-Gaussian distributions can
easily be modelled (Xiang 2001) allowing the additive models to be extended to a wide range
of distribution families (Hastie and Tibshirani 1990). As such, they are also estimated in the
same way as the general linear models (Wood 2017).

5.1 Model specification

5.1.1 GAM specification

Given a response variable CD4" count, y;; and covariates X, for k =1,...,p, a standard linear

regression model has the parametric form
p
Yi = Bo +Zﬁkxk +& . (5.1)
k=1

where the random errors &; are independent and identically distributed with a mean of zero
and a constant variance, o*, &; ~ N(O,oz). The regression parameters 3, ’s are obtained by
the least squares approach. On the other hand, the GAM relaxes the linearity in X, to capture

the response curves using the non-parametric smooth function S (Xk ) for k =1,...,p such that

(5.1) takes the form
p
Vi =So + 2.5 (% )+, (5.2)
k=1
where S, is the parametric intercept, Sk(Xk) replacing the B, X, and &y ~ N(O,az).

According to (Hastie and Tibshirani 1986) we can combine (5.1) and (5.2) to model a semi-

parametric of the form

p p
Yij :SO+Zﬁka +Zsk(xk)+gij' (5.3)
k=1 k=1
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As in the general linear models, the GAM is also made up of random and additive components
that are related by a link function where the random component is assumed to have an

exponential family density given by

f, (y;0,0)= exp{%g;m + C(y,qp)}, (5.4)

where @ and @ are natural and scale parameters respectively (Chen 2000). Commonly used
statistical distributions in this exponential family are the Binomial, Poisson and Normal

distributions (Guisan et al. 2002). If the Y; mean response is denoted by g which is related

to the covariates X, ’s through a link function L then

p p
L(u) = n, Where 7=5,+Y_ B X, +25k(xk). (5.5)
k=1

k=1

The 77 models the overall response curves against the covariates. If a smoothed trajectory is

required for every level of a factor say, the separate trends are referred to as random smooths.

Generalised additive mixed models (GAMM) are used for fitting such relationships.
5.1.2 GAMM specification

GAMM are applicable to clustered, spatial and hierarchical data as well as capable of modelling
correlation between observations (Lin and Zhang 1999). Given smooth factor interactions Z,

for ' =1...,0 the GAM in (5.5) can be extended to GAMM by adding the term Sk(Xk : Zr) to

model

”=30+Zﬂkxk+Zsk(xk)+2isk(xkizr)' (5.6)

Two issues will arise from our data for the application of the GAMM. First, smoothing
individual profiles within infection phase would be limited due to the fewer data points (4
visits). Second, if we are to ignore the infection phase and smooth the 16 data points for each
subject, the larger number of individuals (n = 237) would produce twisted trends that could not
easily be visualised for interpretation. Instead the interest should be in the phase trends of the

CD4" count in response to the covariates and our problem will then involve one random factor
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of Z, where r =1 in (5.6). Hence, we intend to model the semi-parametric with random

smooths given by

nzso+zp:ﬂkxk+isk(xk)+isk(xk,z). (5.7)
k=1 k=1 k=1
In the case of parametric fit, either linear or polynomial smoothing is used whereas the non-
parametric can take either the locally weighted scatterplot smoother or splines. Different scatter
plot smoothers with also different amount of smoothing can be used on different covariates
(Faraway 2006).

5.1.3 Scatter plot smoothers

The scatter plot smoother S, (Xk) can either be a running mean, running median, running least

squares line, kernel estimate or spline (Yee and Mitchell 1991). However, the running mean is
not considered a satisfactory smoother due to the creation of large biases at the end points
(Hastie and Tibshirani 1986). It also has the problem of not generally reproducing straight lines
in the case of the data that lie exactly along a straight line. The running lines also pose some
weakness in the GAM as the choice of the span may either result in high variance which is not
smooth or may be too smooth as in the least squares regression line such that the underlying

function does not pick up the curvature. Nevertheless, choosing a span size between 1 and2

n
has been recommended to trade-off the bias and variability of the estimate, making the GAM
a much stronger technique in the modelling arena (Hastie and Tibshirani 1986). Cubic splines
have been considered special among the other possible scatter plot smoothers (Wood 2000,

Wood 2017). These splines are real piecewise-defined polynomial functions that are generally

estimable under identifiability constraints. They are confounded via the intercept S, such that

p
Zsk(xk)z 0 with the S (Xk) and Sk(Xk , Z) creating centred smooths (Wood 2010). Hence,
k=1

the dependent axis of the smoothed curves are mean centred values that are around zero in
graphical displays (Fan et al. 2013, Clark 2014). They are difficult to interpret using the original
response scale but provide good prediction or interpolation in exploring the functional nature
of aresponse. Negative smooth values will then indicate a drop below the average and similarly

positive showing that the original response was above the intercept.
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The number of knots (points) M -1, say at which the piecewise-defined polynomial functions
(basis functions) connect is usually pre-set and an extra basis dimension is required for the
intercept to meet the identifiability constraint on the smooths (Wood 2017). Hence, for a given
smooth function, the basis dimension is given as M and the adequacy can be determined by

an M index. This is the ratio of differenced near neighbours residual variance and residual
variance (Wood 2016). The smooth function Sk(Xk) for the k™ covariate is composed of a sum

of M -1 basis functions with the m™ basis function denoted by bm(Xk). The relationship

between the smooth function and the basis functions for the k" covariate is represented as
Sk (Xk): bm (Xk )ﬂm ) (58)

where [, ’s are the corresponding unknown regression coefficients. In other words, the

response Y; linearly depends on the unknown S, s in the smooth functions S, (Xk) (Wood

2017). In the presence of a smooth factor interaction Z with levels g =1,...,G, equation (5.8)

MG
becomes Sk(xk , Z): me (xk )ﬁmz. The M -1 and MG are the maximum complexities of the

m=1
smooths Sk(Xk) and Sy (Xk, Z) respectively. M is usually pre-set for the model and is subject

to tuning (Wood 2016).

5.1.4 Model estimation

GAM estimation

In the case of GAM, the mean response estimated by (5.5) can be represented as
p p
”:SO+Zﬁka +zsk(xk)zxﬂ (5.9)
k=1 k=1

where X is the covariate matrix and g the unknown linear parameters to be estimated. The

residual autocorrelation can then be incorporated to modify (5.9) and model

Y =XB+e (5.10)
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where € is the autoregressive correlation matrix usually of order 1 in the R package mgcv for
estimating GAMM (Wood 2016). To express (5.10) in the form of (5.9), the correlation matrix,
€ is banded with a Choleski factor C such that the random error &£ =Ce (Wood 2017). We

then model the response accounting for the autocorrelation by Y = Xg + ¢ which is solved by

minimising
¥ - X" (511

In practice, the longitudinal data are presented in chronological order and the degree of

correlation p between the repeated measurements is manually estimated as an average. The

roughness or “wiggliness” in (5.11) is controlled by adding a penalty to the least squares which
restricts the freedom of coefficients to vary (Wood 2016). The regularization of the smoothness
requires the use of a penalised likelihood maximisation technique with a penalty function of

the form
P
D AB'SB, (5.12)
k=1

where the K™ covariate smoothing parameter A, controls the trade-off for Sk(Xk) and S, isa

suitable matrix of known coefficients depending on the chosen basis (Faraway 2006). The least

squares parameter estimation will then attempt to minimise

p
¥ - g +;ikﬂT3kﬁ. (5.13)

The penalised least square estimator of g for a specific value of optimal A is given by

A T 1 T . . .. T .

B, =(XTX+28)" XY . The idea is to maximise log()— > fi S, 8, where the L(g) is
k

the likelihood with respect to g and the As. When 4, %0 the regression spline estimate is not

penalised and is wiggly. Whereas A = the curve gets closer to a linear fit, which is a

characteristic of over smoothing. The optimal amount of smoothing for each covariate 4, is

selected by generalised cross-validation, “g



Generalised additive mixed models

p
where F, =(XTX+S,)'X"X, S, => 48, and tr(F,) is the effective degrees of

k=1

freedom (edf). The effective degrees of freedom are the actual degrees of freedom used by a

smooth for the pre-set basis dimension and selected smoothing parameter 4, . They measure

the complexities of the penalised smooth terms and if they are well below the basis dimension,
suggests that increasing the basis dimension will have no effect on smoothing the response
curvature (Pedersen et al. 2019). On the other hand, larger effective degrees of freedom indicate

the potential to increase the wiggliness of the smooth term.
GAMM estimation

The GAMM is estimated just as a general linear mixed model where (5.7) becomes a linear

model whose mean response is given by

S0+ 2 BX+ 2 8 (4 )+ 2 8 (6 2) = X+ 2 s (% )+ Zy- (5.14)

= XB + Zy

where Z are the random effects with the coefficients of the random effects y ~ N(0,€2). Each

smooth in (5.14) is regarded as the unpenalized fixed effects component that is absorbed in
the Xp and the random effects being the penalized that are absorbed in the zy (Wood 2017).

The zyp can be treated like a smooth with a penalty }’TQ'l;f such that writing € in the form

M
szsm will have the GAMM being exactly like a GAM (Wood 2010).
=1

Algorithms

The parameters of the linear function of the GAM that are estimated by maximum likelihood
have models that assume a linear or some form of parametric for the covariates. These include
the normal linear regression model, logistic regression model for binary data and the Cox’s
proportional hazards for survival data (Hastie and Tibshirani 1986). Although Cox’s
proportional hazards method is also used among these, it is not in the exponential family as
required for the link function for GAM (Hastie and Tibshirani 1986). The mathematical
calculations require the aid of the application of numerical optimisation in the presence of
Gaussian general linear models. The Gaussian models are used in many statistical applications

including the modelling of discrete responses (Abe 1999) where the normal distribution may
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not be adequate (Xiang 2001). In the case of known scale parameter, Mallow’s Cp or Unbiased
Risk Estimator (UBRE) can be used.

An iteration is required to estimate the Sk(Xk) for the additive model (Hastie and Tibshirani

1986). The additive models with any regression-type fitting mechanisms can be fitted by a
backfitting algorithm which is a general algorithm (Zeger and Diggle 1994). Alternatively, the
smoothing technique can use an iterative procedure called a local scoring algorithm (Xiang
2001) which is applicable to any likelihood-based regression model (Hastie and Tibshirani
1986). The local scoring method is faster and gives the GAM approach an added advantage.
The fitting procedure can also be described as comprised of two parts that entail the estimation

of the additive predictor first by solving a system of normal equations and then secondly,

linking the predictor to a function Sk(Xk).

The additive part can be fitted in at least three ways in R software packages (of interest in this
study) namely: Mixed GAM Computation Vehicle (mgcv); Generalised Additive Model
(gam) and General Smoothing Splines (gss). The mgcv has the ability to automatically choose
the smoothing amount and also has the advantage of a wider functionality (Wood 2016). In
GAMM, any of the penalised regression smoothers can be written as components of the mixed
model by treating the smoothing parameters as variance component parameters that are
estimated by likelihood, restricted maximum likelihood or penalised quasi-likelihood (Wood

2017). The bam function in mgcv uses the fast restricted maximum likelihood.
Model diagnostics

The model with the least generalised cross-validation is the best fit and in some cases where
there are challenges of over dispersion, selection of the best model can be achieved by
comparing deviances. Deviance is one of the measures of goodness of fit and is a generalisation
of the residual sum of squares in ordinary regression (Yee and Mitchell 1991). The application
of the Akaike Information Criterion (AIC) is another measure of best fit and is structured as
follows: AIC = 2[— Max{log(likelihood)} + p], where p is the number of parameters.
The model with the smallest AIC is chosen (Guisan et al. 2002). The F-test is used for
comparing over dispersion, whilst the Chi-square suitable if over dispersion does not exist. The
GAM model also provides confidence intervals for any predicted amount from the fitted model.
These appear to be reliable whereas component-wise intervals only give an idea of the

uncertainty of the components (Wood 2016). Visual model diagnostics include histogram of
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residuals that are supposed to be approximately normally distributed. A Q-Q plot with heavy
tails indicates the presence of outliers and as such the scatter plot of sample quantiles versus
theoretical quantiles should form approximately a straight line at 45° angle. Non-constant error
variance is checked by residuals against the linear predictor that are supposed to be randomly
distributed around zero. The observed response against the fitted values are to be highly
correlated with the scatterplots very close to the line at 45° angle. If the effective degrees of
freedom (edf) of a given covariate are so small, suggest that the smooth of that particular
covariate is insignificant (Wood 2017). For M indices close to 1 will be an indication that it
is less likely that there are missing patterns in the residuals (Wood 2016). If the GAMM
hypothesis is to be tested at o level of significance, a p—value< a suggests that there is
significant difference in the trends of the random smooths. The nature of the differences in the

random smooths requires graphical displays which is the main aim of this chapter.
5.2 Data analysis and software

The analysis was performed in the open source R software, version 3.5.3 of the R Core Team.
Since Figure 2.3 boxplot of the CD4* count did not show departure from normality, we
assumed that L takes a Gaussian identity link function. A GAMM was fitted using a function
called bam (for large datasets) that can also be used to fit the GAMM with factor smooth
interactions basis fs in the library mgcv (Wood 2019). Random smooths produced by fs
already include random intercepts and random slope effects. This allowed random smooths for
each phase of the HIV disease progression where the smooth factor Z levels were g =1 (phase
2-Acute), g =2(Phase 3-Early), g =3(Phase 4-Est) and g = 4 (Phase 5-ART). Hence
G =4. The basis dimension was set to M =5 assuming that the curvatures were slightly
complex than cubic splines. Note that the bam syntax in R uses k=M in this case). The
penalty argument was set to 1 to give a heavier penalty for the smooth moving away from zero,
causing shrinkage to the mean. The random smooths were explored using the function
inspect random which was embedded in macros that significantly reduced the lengthy
codes required to obtain the outputs. The testing of model terms was conducted at 5% level of
significance with a single exception of a term at 10%. An autoregressive of order 1 (AR(1))
structure using the library Interpreting Time Series and Auto-correlated Data Using GAMMs
(itsadug), was incorporated to reduce the effects of autocorrelation in the individual repeated
observations (van Rij 2016). All the R codes are presented in Appendix C5.
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5.3 Results of the generalised additive mixed model

5.3.1 The results of model selection and fit diagnostics

Our intention was to model a semi-parametric model for efficiency and focus on the factor
smooth interactions to visualize the random smooths. Instead several factor smooth interaction

models were fitted to assess if other terms were indeed necessary (Table 5.1).

Table 5.1: Model selection

Model Response curve, 77 DF AIC R? Dev.Expl Rho
1 Sy + S(X, Z) 153.5817 4994530 0.4818  0.5013
2 SO + S(X, Z)+ AR 141.0442 49513.71 0.4707 0.4889 0.2861

3 S+ S(X)+ S(X, Z)+ AR 104.4118 4949492 04704 04826  0.2861
4 Sy+X+ S(X)+ S(X, Z)+ AR 1116214 4951634 04697 04816  0.2861

5 S+ S(X)+ S(X, Z)+ AR 1230018 4951314 04710 04855  0.2861
AR-residual autocorrelation corrected

Initially a strictly non-parametric factor smooth interaction model of interest was modelled
(Model 1). Upon inspection, if this model was suffering from any residual autocorrelation, a
decaying autocorrelation pattern was observed. The strongest average correlation was at lag 1

and estimated to be o = 0.2861 (Figure 5.1 top row). Incorporating the average correlation

into Model 2 showed no residual patterns in the corrected ACF plot (Figure 5.1 bottom left).
The Model 2 results showed that the correction of the autocorrelation improved the model fit
as characterised by a drop in both the degrees of freedom (141.0042) and the AIC (49 513.71).
We added the effect of overall covariate smooth (Model 3) and this further improved the model
parsimony too with reduced degrees of freedom (104.4118) as well as a lower AIC (49 494.92)
than Model 2. However, an attempt to consider parametric terms (Model 4), the model fit was
poor than Model 3, where both the degrees of freedom (111.6214) and AIC (49 516.34)

increased. Table 5.2 presents a summary of Model 3 terms.
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Figure 5.1: Inspection and correction of residual autocorrelation

The effective degrees of freedom for all the random smooth terms were far below the set
MG =20 suggesting that the fitted random smooth curves for each infection phase were
adequately explaining the CD4" count trends. Nevertheless, s(LDH,phase) with edf = 10.1688
showed the greatest complexity in the penalised random smooth terms. To some extent, this
was followed by s(haematocrit,phase) with edf = 6.8664, s(lymphocytes,phase) with edf =
6.4017, s(red blood cells,phase) with edf = 5.7216 and s(ALP,phase) with edf = 5.1570. For
the set basis dimensions M =5 for the overall smooth terms in Model 3, some of the effective
degrees of freedom were close to M —1=4 showing that the penalty complexities could
possibly be increased. In Model 5, the basis dimensions were doubled (M =10) for
s(lymphocytes) whose edf was 3.9278, s(total protein) with edf = 3.6558, s(MCV) with edf =
3.4599, s(folate) with edf = 3.4566, s(albumin) with edf = 3.3584, s(basophils) with edf =
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3.2409 and s(platelet) with edf = 3.1121. Both the degrees of freedom (123.0018) and AIC
(49 513.14) increased indicating that Model 5 had a poor fit than Model 3.

Table 5.2: A summary of Model 3

So Estimate Std.Error  t-value  Pr(>Jt|)
Intercept 574.3461 23.6848 24.2496 <0.001
k Overall, S, (Xk) M-1 M Index edf F p.value
1 s(Red blood cells) 4 0.97 0.0005 0.0001 0.2407
2 s(Haematocrit) 4 0.88 2.3867 1.4682 0.0002
3 s(MCV) 4 0.98 3.4599 10.9677 0.0000
4 s(MCHC) 4 0.96 0.0005 0.0001 0.3866
5 s(Platelet) 4 0.99 3.1121  7.0860 0.0000
6 s(Lymphocytes) 4 0.98 3.9278 89.0726 0.0000
7 s(Monocytes) 4 0.98 2.8098 6.8695 0.0000
8 s(Basophils) 4 0.80 3.2409 5.1025 0.0001
9 s(ALP) 4 0.95 1.8215 1.2221 0.0010
10  s(Calcium) 4 0.83 0.0002 0.0000 0.7152
11 s(Magnesium) 4 0.80 0.0001  0.0000 0.7418
12 s(Potassium) 4 0.94 0.0014  0.0003 0.3348
13 s(Sodium) 4 0.89 1.8233  1.4124 0.0022
14 s(Total protein) 4 0.89 3.6558 16.7466 0.0000
15  s(Albumin) 4 0.86 3.3584 85429 0.0000
16  s(LDH) 4 0.91 0.0056  0.0014 0.0167
17 s(Folate) 4 0.79 3.4563 18.2167 0.0000
k  Phase specific, Sk(Xk,Z) MG
1 s(Red blood cells,phase) 20 0.97 5.7216  0.5062 0.0232
2 s(Haematocrit,phase) 20 0.88 6.8664  0.8138 0.0008
3 s(MCV,phase) 20 0.98 0.0006  0.0000 0.3808
4 S(MCHC,phase) 20 0.96 2.7234  0.1963 0.1484
5 s(Platelet,phase) 20 0.99 4.0657 0.4305 0.0205
6 s(Lymphocytes,phase) 20 0.98 6.4017  1.1305 0.0001
7 s(Monocytes,phase) 20 0.98 1.2916 0.0823 0.2127
8 s(Basophils,phase) 20 0.80 0.0011  0.0000 0.4206
9 S(ALP,phase) 20 0.95 5.1570  0.6649 0.0022
10  s(Calcium,phase) 20 0.83 0.9796  0.0587 0.2741
11 s(Magnesium,phase) 20 0.80 0.0011 0.0001 0.4274
12 s(Potassium,phase) 20 0.94 0.0003  0.0000 0.6605
13 s(Sodium,phase) 20 0.89 3.0043  0.2508 0.0652
14 s(Total protein,phase) 20 0.89 3.9438 0.4838 0.0099
15  s(Albumin,phase) 20 0.86 4.0936  0.3857 0.0381
16  s(LDH,phase) 20 0.91 10.1688 1.6168 0.0001
17  s(Folate,phase) 20 0.79 0.0003  0.0000 0.7075
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Model 3 was chosen as the best fit and the diagnostic plots are shown in Figure 5.2.
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Figure 5.2: The diagnostic plots of the best fit GAMM
The red curve represents the residual distribution of the selected Model 3
All the patterns were acceptable with the Q-Q plot approximately at 45° to the horizontal with
less indication of heavy tails for outliers. The residuals were approximately randomly
distributed around zero with no clearly defined shape for suspecting non-constant error
variance. This was confirmed by all the M-indices (Table 5.2) that were close to 1 indicating
that it is less likely that there were missing patterns in the residuals. The residual behaviour in
the density plot showed an approximate normal distribution as expected. Although slightly

wide, the actual response versus the fitted was on the diagonal line as expected too.
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The Table 5.2 summary of the selected Model 3 also shows the significance of the model terms

where the intercept was estimated to be S, = 574.3461 cells/fmm?, p < 0.001, a value very close

to the observed overall cohort average of 570 cells/mm3 (Table 2.3). The overall covariate
smooths terms for s(MCHC) with p = 0.3866, s(calcium) with p = 0.7152, s(magnesium) with
p = 0.7418 and s(potassium) with p = 0.3348 were insignificant contributors to the CD4" count
changes. Consequently, all the CD4" count trends within the separate HIV infection phases
were also not significantly different from each other in response to these covariates. This was
also confirmed by their smooth terms showing very small effective degrees of freedom. There
was no sufficient evidence to suggest that the random smooth terms s(MCV, phase) with p =
0.3808, s(monocytes, phase) with p =0.2127, s(basophils, phase) with p = 0.4206 and s(folate,
phase) with p = 0.7075 were significantly different from each other. However, their overall

smooth terms contributed to the CD4* count changes during the follow up period.

The following section provides detailed graphical displays of the response trends showing
some possible optimal set points for influencing the CD4* cell count within the infection

phases.

5.3.2 The results of visualising the trends and optimal set-points
Significant difference between the random smooths

General upward trends: Figure 5.3 shows the covariates that positively influenced the CD4*
cell count overall and having different trends within the HIV infection phases. Generally, an
increase in lymphocytes, haematocrit, platelets, albumin and ALP was associated with an
improved CD4" cell count. With the exception of ALP, they showed an almost overall direct
relationship with the CD4" count although the rates of change were fairly low. An increase in
ALP approx. between 60 — 100 IU/L, resulted in a sharp increase in the overall CD4" count
and then levelled off thereafter. The upward CD4" count trends exceeded the cohort’s average
at approx. lymphocytes count > 2x10%L, haematocrit > 35%, platelet count > 350x10%/L,
albumin > 42 g/L and ALP > 70 IU/L.

The behavioural patterns of the random smooths were quite complex. Recalling that the
average observed CD4" counts for the early and established phases were below the cohort’s
average (Figure 2.9), the GAMM plot showed that during the early phase, the CD4" count
remained below the cohort average despite the increase in the lymphocytes. During the acute
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and established phases, the CD4* count declined in response to the lymphocytes increase when
approx. < 2x10%L. At lymphocytes count approx. < 2.5x10%L, ART supported a direct
influence on the CD4" count and this relationship diminished as lymphocytes increased beyond
the 2.5x10%L but the CD4" cell counts remained well above average. Above this point, the
CD4" cell counts in the pre-treatment phases were below the average. In response to
haematocrit, the CD4" cell count was staggering below the average during the established
phase, the period during which the lowest CD4" counts were recorded. The CD4" counts
increased with an increase in the haematocrit during the acute and early phases whilst declining
during medication (ART). The interaction with medication showed that the CD4" count
dropped to below average at haematocrit approx. > 40%. Since the CD4" count was negatively
related to the haematocrit during the ART phase whilst positive in both the acute and early
phases, the plot indicated that maintaining the haematocrit within the neighbourhood of approx.

40% improved the CD4* count to above average in all the three phases (acute, early and ART).
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Figure 5.3: Significant difference between random smooths and overall upward trend

According to our data recorded at the lowest levels of CD4* counts (established phase) and

during high viral load (acute phase), an increase in the platelet count positively influenced the
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CD4" counts. Desirable linear effects were at platelet count approx. > 275x10%L and levelled
off at approx. > 450x10%L. The trends showed that the rate of such platelet influence was
higher during the established phase than the acute phase. These trends were opposite to those
observed in the early and ART phases where the influence on the CD4" cell count to above
average was only at lower platelet count approx. < 200 x10%L. During the acute phase,
desirable CD4" counts were observed at almost the entire range of the recorded albumin
measurements (20 — 50 g/L) with the most desirable effects in the neighbourhood of approx.
40g/L. The ART trend behaved oppositely to those of both the early and established phases in
response to the albumin. During the ART, the albumin desirably influenced the CD4" cell count
at lower levels of approx. < 37¢/L yet the early and the established phases required that the
albumin be approx. > 45g/L. The random smooths shapes of ALP effect on the CD4" count
were almost the same during the established and ART phases with the ART showing a slightly
better influence on the CD4" cell count. With the exception of the acute phase, all the other
infection phases showed that at ALP approx. > 80IU/L the CD4* count cell count was above
average with the early phase having desirable effects during the entire range of the recorded
measurements (40 — 1601U/L). The ALP and CD4" count cell count were inversely related

during the acute phase with the desirable effects of ALP at approx. < 60I1U/L.

General downward trends: Generally, the cohorts’ total protein and sodium were negatively
related to the CD4" cell count (Figure 5.4).
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Figure 5.4: Significant difference between random smooths and overall downward trend
The interaction between HIV treatment and these covariates showed a positive influence on the
CDA4" count and the most desirable effects were observed at total protein approx. > 85g/L and

sodium approx. > 134mEg/L. Although elevated sodium levels influenced CD4" count to above
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average, the trend nosed down at approx. > 140mEg/L during this period of medication uptake.
However, the CD4* counts remained high above average at the sodium levels approx. >
140mEg/L. During the acute phase, the CD4" count remained above average in response to all
the recorded total protein levels (60 — 100g/L). However, at lower CD4" counts (early and
established phases), an increase in the protein levels negatively impacted on the CD4* count
with the lowest CD4" counts (established phase) being the hardest hit. Desirable effects of the
total protein on the CD4" count were observed at approx. < 75¢/L during the established phase
whereas at approx. < 85g/L in the early phase. The sodium had negative effects on the CD4"
count during all the pre-treatment phases with the established phase being the most affected
again. The plot indicated that all the pre-treatment phases would generally influence the CD4*
cell count to above average at optimally lower sodium levels of approx. < 135mEg/L with the
established phase desirable effects restricted to approx. < 132mEq/L.

Irregular trends (more complex): An increase in the LDH and red blood cells produced

complex trends in both the overall and the within phase CD4* count trends (Figure 5.5).

INFECTION PHASE
Overall [s(x)]

20

— Z-Acute [z:g=1] = = =
-=- 3-Early [z:g=2] o o
4-Fst [z:g=3] =] W o -
-—- BART [z:g=4] = =
B B o
E S 7 E
3 o
g 8-
= o =T
] - ]
o ¥ o 2
o o
T - i :
[ I I I I ] [ I I I I ]
0 200 600 1000 3.0 4.0 5.0

LOH{USLY Red blood cells(x1 I]“u:nallls..n'mm3
Figure 5.5: Significant difference between random smooths and overall irregular trends

Although fluctuations existed in the overall CD4" count trend in response to LDH, the CD4*
count remained fairly constant and above average at approx. > 500U/L of LDH. On the other
hand, the overall CD4" count trend in response to the red blood cells fluctuated around the
mean. The effects of medication caused the CD4" count trends in the ART phase to also
fluctuate in response to both the LDH and red blood cells. Both covariates were hardly
associated with CD4" counts above average during the acute phase. At lower records of the

CDA4" counts (early and established phases), the LDH of approx. > 300U/L showed desirable
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effects on the CD4" count. In response to the red blood cells during these early and established
phases, only the lowest records of the CD4* counts (established phase) positively responded to
the red blood cell increase. The plot revealed that the optimal red blood cell count for both the
early and established phases could be set in the neighbourhood of approx. 4.2x10° cells/mm?,

Insignificant differences between the random smooths

General upward trends: Although the random smooths for MCV and basophils show different
shapes (Figure 5.6), these trends were found to be statistically insignificantly different.
However, the overall CD4" count trends showed a statistically significant increase in response
to a unit increase in these covariates. The plot showed that the cohort’s overall MCV supported
the CD4" count to be above average at approx. > 90fL. Generally, the increase in the basophils
corresponded to an increase in the CD4" count but fluctuating very closely to the cohort’s

average.
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Figure 5.6: Insignificant difference between random smooths and overall upward trend

General downward trends: Similarly, there was no significant difference in the effect of
monocytes and folate on the CD4" count across the HIV infection phases (Figure 5.7).
However, the general increase in these covariates was associated with a significant decline in
the CD4" cell count. The overall trends indicated that the monocytes count and folate showed
desirable effects on the CD4* cell count at measurements of approx. < 0.5x10%L and <

15nmol/L respectively.
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Figure 5.7: Insignificant difference between random smooths and overall downward trend

Insignificant general trends: Despite the different shapes of the CD4" count trends either
overall or within the infection phases, potassium, magnesium, calcium and MCHC had no

significant effect on the CD4" count behavioural changes (Figure 5.8).
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Figure 5.8: Insignificant terms
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5.4 Clinical interpretation of the results

This chapter visually examined the CD4" count trends in response to the strongest clinical
covariates in an attempt to discover possible covariate adaptive optimal set-points for positively
influencing the CD4" cell count in HIV infected patients. Among the selected as the strongest
CD4" count covariates are the lymphocytes that are B or T cells (Shapiro et al. 1998, Project
Inform 2007, Obirikorang et al. 2012) which also consists of the CD4" cells, a T cell type
(Papagno et al. 2004). Hence we found the overall linear relationship between the lymphocytes
and CD4" count. Since HIV is known to mainly attack the CD4" cells (Weston and Marett
2009), this suggests the decline in the CD4" count during the pre-treatment phases of our data
despite the lymphocytes increase. The suppression of HIV during the ART (Hunt et al. 2003)
had consequently seen the high number of CD4" cells being spared during this treatment phase.
These findings on the CD4" count behaviour in response to lymphocytes were a confirmation
of the expected results giving confidence to the accuracy of the fitted model. Monocytes for
fighting against pathogens (Project Inform 2007) have been reported to be infected by HIV
(Pasupathi et al. 2008) such that their count was supposed to be similarly affected as the CD4*
count. However, we observed a paradox in our data where there was a general inverse
relationship between the monocytes and the CD4" cell count. The damage to body tissues and
inflammation as indicated by basophils (Project Inform 2007) was only observed from an
overall point and likely due to the basophils being the least abundant leucocytes (Min et al.
2011). A study by (Sloand et al. 1992) found that a low blood clotting condition (platelet count
(Project Inform 2007, NAM 2012, National Institutes of Health Clinical Center 2015, James
2017)) was associated with a low CD4* count. Our data confirmed the same relationship but
only holding during the period of high viral load, the acute phase (Bellan et al. 2015, Manoto
et al. 2018) and established phases where the lowest CD4* counts were recorded. During these
two phases, the optimal set-point for the platelet count was observed to be approx. > 450x10%/L
which was higher than the normal reference range of 178 — 454 x10°%/L (Lawrie et al. 2009,
Omuse et al. 2018).

The general increase in the CD4" cells in response to the tissue oxygenation based on
haematocrit and MCV was also observed in a study by (Vanisri and Vadiraja 2016b). This is
likely because these two clinical covariates are both red blood cell indices for determining the
level of tissue oxygenation (Jensen et al. 1998, Wintrobe and Greer 2009, Arika et al. 2016).
The indices’ contribution to the CD4" count was greatly affected during high viral load, the
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acute phase. The red blood cells are responsible for oxygen transportation (Jensen et al. 1998,
Wintrobe and Greer 2009) and LDH catalyses the compensation of energy levels during
insufficient oxygen (Valvona et al. 2016). Both were associated with lower than average CD4"
counts during the acute phase. This high viral replication phase (Weston and Marett 2009) has
been reported to have complex relationships with oxygen effects (Morinet et al. 2015) which
may also suggest the twisted CD4" count trends in response to the LDH and red blood cell in
our data. Aerobic endurance is referred to as the functional state of the oxygen transport system
(Baquet et al. 2003) and has been reported to be reduced in HIV positive patients than negative
ones (Cade et al. 2003, Qursler et al. 2006, Chisati and Vasseljen 2015). Our results based on
the LDH suggested that aerobic endurance was associated with a negative impact on the CD4*

count mostly during the acute phase.

The acid-base and normal water balance (total protein (Spectrum 2007)) supported CD4" cell
counts above average at high viral loads for almost all the recorded measurements of the total
protein between 60-100g/L. The normal total protein range is known to be between 60-80g/L
(Busher 1990) and correspond to the range in which our results indicated CD4" count above
average for the early and established phases. Also revealed is that the longer the patient has
been leaving with the virus without medication, the less responsive was the CD4" cell count to
protein levels. However, our data showed that during treatment, the normal protein range had
negative effects on the CD4" cell count. At total protein levels approx. > 75¢/L during ART, a
positive linear relationship with CD4* count was observed and the CD4* counts exceeded the
average at approx. > 90g/L of total protein. This confirmed the report by (Ugwuja and Eze
2007) that the serum protein increases with highly active antiretroviral therapy which also
enhances the CD4" cell count (Hunt et al. 2003). Albumin which is also a type of protein
(Buzanovskii 2017) helps with tissue nourishment (James 2017). Both total protein and
albumin results were consistent in positively influencing the CD4" count to above average at
almost all their measurements during the acute phase. The albumin normal reference range is
considered to be between 35 - 50g/L (Vincent et al. 2003) and was associated with desirable
CD4" counts at elevated viral load in our data. However, this range corresponded to a sharp
decline in the CD4" count during medication. It has been reported that serum albumin
concentrations increase significantly on ART initiation (Chong et al. 2015). To positively
influence the CD4" cell count in response to albumin during ART, the data suggested that
albumin levels be lower than normal (approx. < 35g/L) whilst higher albumin levels (approx.

> 45¢/L) being favourable for the early and established phases. The general direct positive
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relationship between albumin and the CD4" count concurred with the studies by (dos Santos
and Almeida 2013, Pralhadrao et al. 2016).

The normal ALP is known to be in the range 30-120 1U/L (Kratz et al. 2004, Park et al. 2013),
the range in which our data showed an inverse relationship with the CD4" count in the presence
of a high viral load (acute phase). During the acute phase, CD4" cell count improved to above
average at lower ALP (approx. < 701U/L). After the acute phase, the immune system is known
to fight back to restore the CD4" count (Manoto et al. 2018). Within 3-12 months of infection
(early phase), the CD4" cell count responded well to normal ALP and remained above average.
The results further showed that as the immune system continued to fight back with (ART phase)
or without treatment (established phase), the ALP showed a strong positive linear relationship
with the CD4" cell count. From at least 3 months of infection, the ALP’s positive linear
association with the CD4" count diminishes beyond the normal ALP upper limit of 120 1U/L
but still supporting the CD4* count to above average. However, at such elevated ALP levels, it
is known to be an indication of liver damage (Pasupathi et al. 2008). Sodium also like calcium
plays a crucial role in the regulation of water balance, blood pressure, blood volume, heart
rhythm and the brain and nerve function (Project Inform 2007, James 2017, The Johns Hopkins
Lupus Center 2017). Under normal circumstances, it operates between 135-145mEq/L (NIOS
2012, Strazzullo 2014). The results also indicated that there was a shift in the sodium optimal
range where measurements below the normal range during the pre-treatment phases were
associated with an improved CD4* count above average. This may suggest the changes in the
osmotic gradient between the extracellular and intracellular fluid in cells due to sodium (Shu
et al. 2018) in the presence of viral infection before treatment. Upon viral suppression during
ART, there was a direct relationship between the sodium and CD4" count. A similar positive
correlation was observed by (Braconnier et al. 2017) among HIV positive patients but without
considering infection phase. Our data further revealed that the positive correlation during ART
tails off at approx. > 140mEq/L of sodium but still influencing the CD4" count to reach levels
above average. Many foods naturally contain folate, a B-vitamin which is needed for cell
growth and metabolism (Arya and Kumar 2012, Dieticians of Canada 2014). Contrary to
(Adhikari et al. 2016) that it improves the CD4" count, our data showed that generally a unit
increase in the folate was associated with a drop in the CD4" cell count.

120



Generalised additive mixed models

5.5 Summary

The general CD4" count trends in response to the covariates were either upwards, downwards
or irregular. The phase specific trends were mostly taking various shapes indicating different
CD4" count trends in response to the covariates with the infection phases. Their optimal set
points tended to drift and adapt to either new ranges or overlapped with the known reference
ranges to positively influence the CD4" cell counts. Recommendation for phase specific CD4*
cell count influence in adaptation to HIV invasion includes the monitoring of the strongest
covariates related to dietary conditions (sodium, albumin and total protein), tissue oxygenation
(red blood cells and its haematocrit) and hormonal control (LDH and ALP). The GAMM has
shown to be effective in modelling highly non-linear relationships that can only be interpreted
by visualisation of the trends. The trends clearly bring into perspective the nature of the
response curves that cannot be imagined. Although we are not able to extract all the information
such as the actual response values due to the transformation of the dependent variable, the most
likely nature of the behavioural patterns of interest is well understood. In biological terms, the
turning points in the non-linear trends often have a meaning and if their close estimates are
known, facilitates the monitoring process in patient care. The GAMM showed such turning
points in the trends of the CD4" count changes where the visual inspection was not easy in
approximating the values. More so, the GAMM approach is not equipped to provide the rate
of change between the change-points. The understanding of such break-points calls for

segmented regression which is the central focus of the following chapter.
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CHAPTER 6 SEGMENTED REGRESSION MODELS

In the previous chapter, we observed the non-linear trajectories of the CD4" count in response
to the covariates. In confirmation to (Yee and Mitchell 1991), the non-linear models captured
a wide range of shapes in the response curves. These came with number of or fewer turning
points, an indication that we succeeded in smoothing the curves as recommended by (Hastie
and Tibshirani 1990, Muggeo 2003). This is because too many turning points are questionable
for interpretation purposes (Seber and Wild 1989). Further, as reiterated by (Xiang 2001), some
patterns that could not easily be imagined were discovered. Also, in line with (Hastie and
Tibshirani 1990), the turning points were not easy to interpret such that approximate values
were considered based on visual inspection. However, in biological applications, the turning
points are usually either cut-off points for classification purposes (Muggeo 2003) or locations
where the effect on the response changes abruptly and associated with a biological meaning
(Robbins et al. 2006). Medical practitioners rely on laboratory reference ranges of clinical
covariates as a decision making tool when monitoring the health status of patients (Horn and
Pesce 2003, Segolodi et al. 2014). For example sodium concentration < 35mmol/L is a common
electrolyte abnormality in clinical practice that is referred to as hyponatremia (Braconnier et
al. 2017). To some extent the additive model can attempt to provide information on the turning
points but the drawback of this procedure is that they require bootstrapping techniques
(Molinari et al. 2001). Further, the basis splines induce pseudo-variables that are related to the
beta parameters and not necessarily measuring the response effect (Hastie and Tibshirani
1990). Other classical methods such as polynomial regression can be used but are also limited
to accounting for the non-linear effects only. As such, to augment the powerful data
visualisation and pattern discovery from additive models (Yee and Mitchell 1991, Wood 2000,
Xiang 2001, Wood 2017), we adopt the segmented regression models that are useful in
extracting the turning point information of the non-linear trajectories (Feder 1975, Kuchenhoff
1997). These locations or cut-off points have also been called with other different names such
as threshold-points (Molinari et al. 2001), switch-points, change-points, break-points,
transition-points (Seber and Wild 1989, Stasinopoulos and Rigby 1992). We will simply use
the term “break-point” throughout this chapter as it seems more appealing in this context. The
segmented regression models that are applied to detect the break-points are also either called
broken-lines (Robbins et al. 2006), piecewise (Ertel and Fowlkes 1976, Tishler and Zang 1981)
or multi-phase (Beckman and Cook 1979). Also preferred in this context is the term

“segmented” regression model. Our interest is in the break-points and the slopes of the
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segments. As observed in the previous chapter, the transformed response in the graphical
displays of the additive models could not easily be projected to the original response scale for

the slope interpretation. The segmented models are able to preserve the original response scale.

The segmented regression models are non-linear models that consist of hybrid functions
defined by multiple sub-functions in the form of straight lines, curves or both having different
parameters and the lines or curves connected by the break-points. The exploratory loess trends
in Figures 2.13 and 2.14, as well as the findings from Chapter 5, suggest that straight line
multiple sub-functions are most appropriate. Standard maximisation procedures cannot be
applied to the non-linear break-point parameters (Seber and Wild 1989). Further, log-likelihood
is piecewise differentiable complicating standard likelihood-based inference such that the
classical regularity conditions are not met in the estimation of the break-point parameters
(Feder 1975, Seber and Wild 1989, Kuchenhoff and UIm 1997). A number of methods have
been proposed to handle the estimation of the break-point parameters. For example, if the
break-points are fixed, they can be separately estimated by linear models or calculated from
scatter smooth plot (Vermont et al. 1991, Kunst et al. 1993). In a similar case, specific
algorithms or grid-search can also be used (Hawkins 1976, Ulm 1991, Rigby and Stasinopoulos
1992). However, the resultant beta parameters of such break-points are considered not
completely true parameters. In the case where the break-point is interpreted as no effect in a
biological application and the present distribution not accommodating such no-effect break-
point, the response probability distribution can be modified to include that no-effect break-
point parameter. This approach is known to be poor and difficult to generalize (Cox 1987). The
segmented relationship can also be estimated by a continuous differentiable function on the
neighbourhood of the unknown break-point (Tishler and Zang 1981) or the entire range of the
covariate (Bacon and Watts 1971, Griffiths and Miller 1973, Tishler and Zang 1981). This way,
extra parameters are estimated in the modelling process (Bacon and Watts 1971) which tends
to investigate only the Gaussian model such that the break-point of interest is no longer the
parameter to be estimated (Tishler and Zang 1981). It can be assumed that there exists a linear
effect before a given break-point and a quadratic effect after that point again. This allows the
regression model to have continuous first derivatives (Pastor and Guallar 1998). However, the
estimation of the linear-quadratic segmented model requires a non-standard maximisation
algorithm, induce high correlation among the parameter estimates which are also not well

approximated by the Gaussian model (Muggeo 2003).

123



Segmented regression models Is

Bayesian Markov chain Monte Carlo (MCMC) segmented regression methods do not require
the assumption of differentiability but demand heavy computational effort with even simple

models due to a large number of iterations (Gossl and Kuchenhoff 2001).

The common limitations of the above-mentioned segmented regression models include the
detection of single break-points only and in few cases of multiple parameters, the break-points
are not treated as true parameters. There is a tendency of constraining the model to the response
variable probability distribution and associated with a high demand on the computational effort
that is likely to increase the model complexity (Muggeo 2003). To counter for the
computational effort and to bypass the non-linear and non-differentiable problems, (Muggeo
2003) proposed a much simpler iterative method that requires starting values only for fitting
the segmented linear models. The break-points and slopes of the segments are estimated
together with standard errors and also providing the plot of the results. This procedure is
currently implemented in R software, the segmented library (Muggeo 2017) and has the
capability to deal with an unknown number of break-points although smoothed scatter plots
are recommended at the initial stage of the data exploration for they give a good sense of the
existence of a certain number of break-points (Muggeo 2003). They provide reasonable starting
points. It is known that given such initial values, algorithms always reach exact solutions and
minimises the problem of local maxima (Julious 2001). The algorithm in the segmented
package is less sensitive to the starting values because it implements the bootstrap starting
(Wood 2001). At convergence, the algorithm indicates the existence of significant break-points
together with difference-in-slope parameters that are tested and confidence intervals also
shown. This method can be applied virtually to any regression model having one or more
segmented relationships including the handling of several covariates. Basically the unknown
multiple break-points in many covariates are automatically detected and simultaneously
providing inferences of all the segmented model parameters (Muggeo 2017). Although the
method might have its own difficulties, say if either there exist high correlations among the
break-points or having break-points near the edge of the covariate leading to wider confidence
intervals, it outweighs all the previously discussed methods for modelling segmented

relationships (Muggeo 2003).

6.1 The segmented model specification

In our data, both the response, CD4" count denoted by Yi for i =1,..,n individuals each with
j =1,..., T repeated measurements and the clinical covariates X, ’s for k =1,..., p are numeric
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variables. Since the segmented regression model relies on updating a general linear model

(Muggeo 2017) and in line with the previous chapter, we will also ignore the measurement

p
dependence by fitting phase specific models of the form y; = 4, +Zﬂkxijk +¢&; , where the
k=1

random error &; ~ N(O,az). The parameterisation to the segmented regression model for the

relationship between the response and covariates will then follow using an iterative approach
(Muggeo 2003). The updated segmented model is expected to show a better model fit than the
general linear model. The deviance of the segmented regression model should be smaller than
that of the general linear model (Coelho et al. 2013) and the complexities of the models also
compared using the AIC. For easy understanding, the sections below will first illustrate the
model formulation of a single break-point and then followed by multiple break-points. The
model parameterisation focuses on the relationship between the break-points and the slopes of

the associated segments.

6.1.1 A singe break-point and a single covariate

A single break-point simply produces two line segments and two slopes. Given a response

variable Yy that non-linearly depends on the covariate X, the break-point for the two line

segments can be denoted by ¥ € X, say. If the slope of the left line segment is S, for x < v,
and (B, +b,) for X>y ,isthe slope of the right line segment, the segmented regression model

is given by
Byx+by(x=v),, (6.1)

where (X—V/)+ =(X—W)>< |(X>l//) such that 1(x >y)=1 if X>W is true and bl is the
difference between the right and left slopes, usually referred to as the difference-in-slopes. If

|b1| >0, it implies that a break-point exists. The segmented regression model (6.1) is non-linear

and non-differentiable with the log-likelihood also not differentiable at X =y . If !//(0) eXis

the estimated starting value of the break-point, the segmented regression model can be fitted

by means of linearization with a relevant first-order Taylor’s expansion around the ¥/ ) and

the (X L )+ in (6.1) can be represented as
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(=), = b=y @), +ly=p® D bx> ), (6.2)

where (—l)l(X >y (O)) is the first derivative of (X—), that is assessed in ¥, The equation

(6.2) can be reduced to
(x=y), =U@+,vO, (6.3)

where U@ =(x=p@), " =y -y®) and VO = (-DI{x>»®). substituting (6.3) into

(6.1) gives an iterative model

By x+b U@+ V@)= B x+bU@ +by VO

. 6.4
=B, x+bU@ +yV @ wherey=hy (6.4)

Consequently the s™ iteration step requires that the break-point l//(s) be fixed and the model to

be fitted becomes

By x+bU® 49V, (6.5)

If follows that the model fitted at the next (S +1)th iteration step with the break-point l//(s+1) is

given by

By x+0U D 4y D (6.6)

The improvement of the break-point l//(s) to l//(s+1) is measured by 7 and is calculated as

&Y _y® =2 When 7 ~ o0, it is an indication that there is no improvement in the

p o —y

Ho-)|¥>

iteration, the algorithm stops and LQEV/(S). The 95% Wald-based confidence interval
(McCullagh and Nelder 1989) for the > is given by > +1.96 < SE(y>) Where the standard

error of > is given by

SE(y)= ek Hbl Lg]COV(% )
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6.1.2 Multiple break-points and a single covariate

The exploratory plots in Figure 2.13 and findings from Chapter 5 have indicated the existence
of at least one break-point in the covariates. In the case of multiple break-points, if there exist

M break-points in the range of a given covariate X, they produce M +1 sub-intervals of X,

M +1 line segments and M +1 slopes. If the M break-points are y = (l//l,l,!/z,---,l//m )T and
(V/l’V/Z""’WM )T € X, it also implies that there exist a categorical indicator variable W with

M levels such that ¥ =w,W, + W, +...+w\W,, where

_ 1, for observatimsin m™ group/ sub—interval
0, otherwise '

m

It is important to note that the m™ sub-interval W, is actually referring to the sub-interval to

the right of ¥/, which is denoted by ¥, <X<W¥,.;. Hence, the segmented regression model

for the multiple break-points is given by

M

Ao, 1+ 30, (4 =), = B, + 320 (4 - ). ©7)

m=1

where B,X models the first slope in the sub-interval X <1/, before the first break-point {/;.
The relationship (6.7) can be reduced to (6.8)

M M
B, x+meUm +Zymvm, (6.8)
m=1 m=1

where for the s iteration step U® Z({XWm}—l//éf)) and V® :(_1)|({me}>l)yr(r15)) for

+

m=1,2,...,M . Successive iterations in the m" sub-interval to improve the break-point l//,sf) to

Wr(nsm is given by & = 71—"‘+1//[$f). Since f, is the first slope of the segmented lines in the
b

m

first subinterval X <, before the first break-point ¥/, , the m" slope of the sub-interval W =1

within ¥, < X<y ., is given by

/Bm :ﬂ0+z_bm' (69)
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where b, is the m*™ difference-in-slope of X .

6.1.3 Multiple break-points and multiple covariates

Our data consists of p=18 covariates such that a segmented regression model with several
covariates X, ’s for k =1,...,p and multiple break-points for each covariate can be fitted by

generalising (6.8) for each of the X, ’s to

p M _p M p
ZﬂOk Xy +zzbmkumk +Zz7mkvmk ) (6.10)
k=1 m=1 k=1 m=1 k=1

where

W« =the m" break-point of the k™ covariate X, for k =1,...,p.
W_ =the m" sub-interval ¥, <X, <y, of the k™ covariate X, for k=1,....p.
mk mk k (m+D)k
Y mk = the coefficient measuring the difference between two fitted lines connected by ¥/,

It follows from (6.10) that if By is the first slope of segmented line in the first subinterval

X, <y, before the first break-point ¥y, , the m" slope of the sub-interval W,, =1 within
Wik <X¢ SV (ma is given by

p

Bk = ZﬂOk +zzbmk : (6.11)

k=1 m=1 k=1

where bmk is the m™ difference-in-slope of the k" covariate, X, .
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6.2 Data analysis and software

The data analysis was conducted in R software, version 3.5.3. With the aid of the loess
breakpoints, the breakpoints and slope parameters of the segmented linear relationships
(Muggeo 2003) were estimated using the segmented function in segmented R library. We
adopted the subset of data for each level of the grouping variable (infection phase) as
implemented by the piecewise procedure in SAS. The results were further visualised using the
function plot.segmented and the plots panelled with the aid of par function. With the
increased number of programming codes, it was necessary again to write macros for
simplifying the tasks. Although the loess would guide on the most probable number and
position of the breakpoints, at times the algorithm tended to be caught up in a localised turning
point giving the results not as expected. It was important to try several initial points with small
increments keeping a close eye on the exploratory loess in order to obtain a meaningful and the
most accurate results. Voluminous results were also a challenge and the functionmultiplot
in R was used to panel the plots in a concise way. All the R codes are presented in Appendix
Cé.

6.3 Results of fitting the segmented model

6.3.1 The results of model diagnostics

Table 6.1 is a summary of the fitted models. The null represents the model with the intercept

Table 6.1: The results of model diagnostics

Phase Model Null Deviance AIC
2-Acute  GLM 54 486 557.99 36 558 533.63 12741.25
Segmented 54 486 557.99 31 266 439.87 12 713.02
3-Early GLM 55944 592.70 27 734 647.71 12 479.39
Segmented 55944 592.70 25085 078.98 12 500.20
4-Est GLM 49 013 192.22 26 075 699.56 12 420.92
Segmented 49 013 192.22 23 432 088.96 12 423.58
5-ART GLM 50 792 042.48 26 982 511.12 12 453.32
Segmented 50792 042.48 23169 290.10 12 420.88

only whereas the deviance shows how well the model improved by the addition of the
covariates. All the updated models (segmented) explained the CD4" count better than the
classical general linear models. For example, in the acute phase, the general linear model had
a deviance of 36 558 533.63 which dropped to 31 266 439.87 upon modelling the CD4" count
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per segment. However, our results showed that the segmentation may too simplify the model

complexity as observed in the acute and ART phases.

The random errors &;; in the underlying general linear models were assumed to follow a normal

distribution with a mean of zero and variance &°. The Q-Q plots in Figure 6.1 indicate the
fulfilment of the assumption where all the quantile plots were approximately straight along the
diagonal line. That is, the standardised residuals which are a measure of the distance between

the observed points and the predicted points, were very close to the theoretical quantiles.

Acute phase Early phase
MNormal Q-Q Normal Q-Q
s 7 =
W w L]
- @
[aF] ™ [1F]
o o —
[l =
m im
2 5 2
[:k] [ k]
= = -
= o =
& ' I
T
32 10 1 2 3 32 1 0 1 2 3
Theoretical Quantiles Theoretical Quantiles
Est phase ART phase
MNormal Q-Q Normal Q-Q
T - I
b @
bt o bt o
|y |
m im
= [ = o
[1k] (k]
= =
= o = o -
in in
32 10 1 2 3
Theoretical Quantiles Theoretical Quantiles

Figure 6.1: Q-Q plots: The test for the normality assumption

6.3.2 The results of the detected break-points

Mostly two breakpoints were detected to signify commonly three possible subintervals of each
covariate within which the covariates had possibly different effects on the CD4" count. These

breakpoints (see Table 6.2) echoed the loess trends (Figures 2.12 and 2.13).
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Table 6.2: The detected breakpoints of the covariates and their confidence intervals

Covariate Point 2-Acute 3-Early 4-Est 5-ART

k m YW i (95%C1) Wik (95%C) Wk (95%C) YWink (95%C)
Albumin 1 36.50(22.17 ; 50.83) 36.58(32.33; 40.82) 40.90(38.10; 43.70) 28.13(24.63 ; 31.63)
Albumin 2 - 39.49(36.70 ; 42.29) - -

ALP 1 97.25(76.97 ; 117.53) 80.00(43.28 ; 116.72) 116.39(74.46 ; 158.32) 75.58(70.09 ; 81.06)
ALP 2 110.98(92.42 ; 129.54) - - 77.00(67.58 ; 86.41)
Basophils 1 0.04(0.01 ; 0.06) 0.04(-0.01 ; 0.09)+ 0.04(-0.01 ; 0.09)* 0.04(0.03 ; 0.04)
Basophils 2 0.08(0.07 ; 0.09) - - 0.05(0.04 ; 0.06)
Calcium 1 2.52(2.44 ; 2.60) 2.10(1.97;2.23) 2.23(2.02 ; 2.44) 2.10(1.97; 2.23)
Calcium 2 - 2.50(1.83;3.17) 2.31(1.97 ; 2.65) 2.45(2.35; 2.55)
Folate 1 17.50(13.63 ; 21.37) 20.00(10.50 ; 29.50) 10.30(7.44 ; 13.16) 6.00(0.93; 11.07)
Folate 2 25.00(16.97 ; 33.03) 30.00(15.24 ; 44.76) - -
Haematocrit 1 0.33(0.25 ; 0.40) 0.45(-3.45; 4.35)t 0.36(0.33;0.38) 0.34(0.32;0.36)
Haematocrit 2 0.42(0.30; 0.54) - 0.41(0.39 ; 0.44) 0.36(0.33;0.39)
LDH 1 327.81(289.75 ; 365.87) 365.61(119.02 ; 612.20) 446.00(372.13 ; 519.87) 333.75(60.71 ; 606.79)
LDH 2 607.04(494.76 ; 719.33) 510.26(332.32 ; 688.20) - 751.50(645.87 ; 857.13)
Lymphocytes 1 0.72(0.48 ; 0.97) 1.11(0.05 ; 2.17) 0.90(0.64 ; 1.16) 2.59(2.36 ; 2.82)
Lymphocytes 2 3.46(3.11;3.81) - 1.58(1.27;1.89) -
Magnesium 1 0.75(0.70 ; 0.80) 0.72(0.63 ; 0.82) 0.73(0.50; 0.96) 0.70(0.59; 0.81)
Magnesium 2 0.88(0.84 ; 0.91) 1.04(0.93; 1.15) 0.91(0.40; 1.42) -
Magnesium 3 0.94(0.89; 1.00) - - -

MCHC 1 32.53(31.72; 33.34) 35.25(34.73 ; 35.76) 31.00(23.54 ; 38.46) 31.48(30.04 ; 32.93)
MCHC 2 32.71(32.27 ; 33.15) - 35.00(31.01 ; 38.99) -

MCV 1 90.35(82.73; 97.97) 69.97(65.42 ; 74.52) 77.50(67.49 ; 87.51) 86.90(68.40 ; 105.40)
McV 2 - 91.84(79.14 ; 104.54) 104.73(98.75 ; 110.71) 92.60(84.89 ; 100.31)
Monocytes 1 0.44(-1.27 ; 2.15)t 0.16(0.09 ; 0.23) 0.34(0.27 ;0.41) 0.47(-2.85;3.79)t
Monocytes 2 - 0.53(0.40; 0.66) 0.46(0.36 ; 0.56) -

Platelet 1 287.42(150.06 ; 424.79) 181.59(160.09 ; 203.10)  457.47(379.27 ;535.67)  331.00(161.51 ; 500.49)
Platelet 2 487.10(389.74 ; 584.46) 217.88(199.03 ; 236.74) -

Platelet 3 - 455.93(368.54 ; 543.32) - -

Potassium 1 3.08(1.95; 4.21) 0.89(0.69 ; 1.09) 4.00(1.06 ; 6.94) 2.00(-5.71;9.71)%
Potassium 2 3.59(2.89; 4.28) 3.00(2.29;3.71) 5.20(-14.33; 24.72)%
Potassium 3 - 3.50(2.71; 4.29) - -

Total protein 1 70.00(59.27 ; 80.73) 74.73(56.72 ; 92.75) 89.60(83.16 ; 96.04) 70.00(56.76 ; 83.24)
Total protein 2 - - - 80.00(65.19 ; 94.81)
Total protein 3 - - - 90.00(83.64 ; 96.36)
Red blood cells 1 4.55(4.39;4.71) 5.15(4.66 ; 5.64) 3.18(3.01; 3.35) 4.15(4.00 ; 4.31)
Red blood cells 2 4.77(4.63 ;4.92) - 5.49(5.00 ; 5.98) 4.37(4.18 ; 4.55)
Sodium 1 133.00(123.88 ; 142.12) 133.51(129.51; 137.50) 132.80(128.29 ; 137.31) 134.93(130.32 ; 139.54)
Sodium 2 140.00(137.62 ; 142.38) 140.65(133.48 ; 147.81) 140.70(134.91 ; 146.49) 140.72(138.68 ; 142.77)

T Insignificant at 5% level

A few of the detected breakpoints were statistically proven to be insignificant and herein

marked (1) for convenience. The statistically insignificant breakpoints suggested that the rate

of CD4" count change in response to that particular covariate remained the same over the entire

range of the repeated measurements. This was observed in basophils (early and established

phases), haematocrit (early phase), monocytes (acute and ART phases) and potassium (ART

phase). Where at least two breakpoints were detected, there were either too close or far apart

indicating sudden or gradual changes in the rate of the CD4" count respectively. For example,
during the acute phase, the two breakpoints of the MCHC were 32.529 (31.722; 33.336) g/dL
and 32.714 (32.274; 33.154) g/dL with a difference of barely 0.185g/dL whereas the two

131



Segmented regression models Is

breakpoints for the LDH were 327.809 (289.752; 365.866) U/L and 607.043 (494.757,;
719.329) U/L being 279.237U/L apart. Our data showed that the maximum of three breakpoints
and consequently the existence of four segmented linear relationships between the CD4" count
and clinical covariates were detected in magnesium, platelet count, potassium and total protein.
Although two breakpoints were common, they were not detected in every infection phase for
almost all the studied covariates. Whether a single or at least two breakpoints were detected,
almost all were also not consistently the same values from one infection phase to the next. The
results revealed that only sodium consistently showed the same two breakpoints in all the

infection phases at approximately 132mEg/L and 140mEq/L.

6.3.3 The results of the desirable and undesirable covariate subintervals

Table 6.3 shows the influential covariates in our data and their subintervals within which they

showed either desirable or undesirable effects on the CD4* count outcome.

Table 6.3: The desirable and undesirable covariate subintervals

The approximate rates of the CD4" change within the desirable segments is shown in Table

6.4.

Covariate Unit 2-Acute 3-Early 4-Est 5-ART
Lymphocytes x109/L 0.725 - 3.459 >1.112 0.900 - 1.578 <2.591
Lymphocytes x10°%/L >1.578%

Albumin g/L >36.500 <36.576 <40.900 >28.130
Albumin g/L >39.4912 >40.9002

Platelet x10%/L 287.424 - 487.099 <181.5952 <457.471

Platelet x10%/L >217.884

Basophils x10%/L 0.000 - 0.090° <0.035
Basophils x10%/L >0.050?
Calcium mmol/L <2.518

Red blood cells  x108 cells/mm? <3.180

ALP 1U/L <116.393

LDH u/L <327.809* <446.000

LDH uU/L 327.809 - 607.043 >446.000*

MCHC g/dL <32.529* >35.246

Folate nmol/L <17.500*  <20.000* <10.300* >6.000*
Total protein g/L >70.000* >74.731* <89.600*

Sodium mEg/L  133.000 - 140.000* 132.800 - 140.700*

Monocytes x10%/L >0.532* 0.070 - 1.010*

a
b

* Subinterval with undesirable effects on the CD4* count

132

Subinterval with higher rate of CD4* count increase due to the covariate within the given phase
No breakpoint. The entire range (min - max) of the observed values showed desirable effects
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Table 6.4: The segmented slopes and their confidence intervals

Covariate Slope -Acute 3-Early 4-Est 5-ART

k m B,95%C) A.05%C)) A,05%C1) A,95%C1)
Albumin 9.57(-1.93;21.08) 8.39(1.08 ; 15.69)* 5.49(1.54 ;9.43)* -37.80(-124.30 ; 48.69)
Albumin 6.27(0.60;11.93)* -4.07(-30.98;22.84) 21.52(7.99;35.05)* 3.14(0.12;6.16)*
Albumin - 14.86(6.69;23.03)* - -
ALP 0.47(-1.46 ;0.52) 1.16(-0.06;2.37) 1.19(0.53 ; 1.84)* 0.66(-1.06;2.38)
ALP 5.74(-11.64;23.13) -0.06(-1.63;1.52) -2.27(-8.56;4.02) 27.50(-237.51;292.51)
ALP 3.17(-8.68 ; 2.34) - - 0.14(-0.66;0.95)
Basophils -849.27(-2862.60; 1164.10) -296.59(-1538.50; 945.38) 1338.50(80.34 ;2596.70)* 2117.10(557.80;3676.50)*
Basophils 1209.80(-992.67 ; 3412.20) 935.47(-1548.60;3419.60) -1020.20(-6876.20 ; 4835.80) -8476.70(-17139.00; 185.67)
Basophils -14736.00(-35348.00 ; 5875.20) - - 8416.50(222.64;16610.00)*
Calcium 157.80(2.32;313.28)* 655.48(-494.95 ; 1805.90) -18.12(-349.52;313.28) -670.48(-2401.70 ; 1060.70)
Calcium -976.21(-2212.90; 260.48) -58.71(-217.55;100.12) -254.48(-1145.90; 636.90) -57.53(-213.72;98.67)
Calcium - 97.00(-1176.70; 1370.70) -112.97(-431.18;205.24) 1094.60(-885.10; 3074.40)
Folate 9.52(-15.11; -3.92)* 5.08(-8.63 ;-1.54)* -15.06(-24.44 ; -5.69)* 5.97(-21.97;33.92)
Folate 4.69(-5.98 ; 15.36) 0.13(-7.73;7.99) -1.98(-4.47 ;0.51) -4.98(-7.10; -2.86)*
Folate -3.63(-8.78;1.51) -4.72(-12.51;3.07) - -

Haematocrit
Haematocrit
Haematocrit
LDH

LDH

LDH
Lymphocytes
Lymphocytes
Lymphocytes
Magnesium
Magnesium
Magnesium
Magnesium
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MCHC

MCHC

MCV

MCV

MCV
Monocytes
Monocytes
Monocytes
Platelet
Platelet
Platelet
Platelet
Potassium
Potassium
Potassium
Potassium
Total protein
Total protein
Total protein
Total protein
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Red blood cells
Red blood cells
Sodium
Sodium
Sodium
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1368.40(-1567.00 ; 4303.70)
456.49(-1857.70 ; 2770.70)
1244.20(-2974.50 ; 5463.00)
-0.98(-1.39;-0.57)*
0.42(0.11;0.73)*
-0.34(-0.96 ; 0.28)
-771.17(-2165.00 ; 622.62)
172.77(147.86 ; 197.68)*
-43.59(-190.29; 103.12)
-1022.60(-2681.90 ; 636.69)
449.49(-131.36 ; 1030.30)
-1056.90(-2382.20 ; 268.27)
370.32(-613.51; 1354.10)
-38.55(-70.10; -7.01)*
171.06(-967.92 ; 1310.00)
-14.37(-35.12 ;6.38)
3.01(-7.61;13.62)
9.03(:3.26;21.31)
-101.02(-349.04 ; 147.00)
-125.96(-280.12 ; 28.21)
0.31(-0.18 ;0.80)
0.63(0.25;1.01)*
-1.20(-4.31;1.92)

33.63(-38.55;105.81)
68.67(-366.84 ; 229.49)
30.64(-16.70; 77.99)

3.37(-25.03;31.76)
5.13(-7.50;-2.76)*

37.68(-166.41;241.78)
-424.26(-1011.30 ; 162.80)
186.07(-64.73 ; 436.86)
-2.09(-107.01; 102.83)
-11.97(-20.98 ;-2.97)*
23.96(-15.69 ; 63.61)

106.16(-1842.60 ; 2054.90)
145.25(-9745.90 ; 10036.00)
0.02(-0.32;0.36)
0.30(-0.36;0.95)
-0.06(-0.34;0.22)
129.61(-51.34;310.55)
183.99(163.26 ; 204.73)*
-591.57(-2206.60 ; 1023.50)
77.08(-117.85;272.01)
2904.70(-5742.50 ; 11552.00)
5.65(-15.96 ; 4.67)
169.34(41.19;297.48)*

38.56(-10.19;87.31)
3.49(-5.44;12.42)
7.74(-2.85;18.34)

-4321.90(-17123.00 ; 8479.10)

21.21(-123.99; 166.42)
-332.17(-587.47 ; -76.87)*
2.01(0.31;3.71)*
-3.20(-7.06 ; 0.65)
0.55(0.32;0.77)*
0.65(-2.31;1.01)
-1576.50(-3707.80 ; 554.82)
47.13(-13.89;108.16)
-70.86(-278.97 ; 137.24)
3.84(-39.09;46.77)
-10.11(-23.56 ; 3.35)
-7.03(-9.03 ; -5.04)*

-6.20(-173.55;161.14)
159.57(-237.81 ; 556.95)
-26.36(-74.78 ;22.07)
7.20(-15.07 ;0.68)
2.25(-46.74 ;51.25)

323.97(-1629.70 ; 2277.70)

-1577.70(-3533.10; 377.67)

1259.60(-1223.80 ; 3742.90)
0.36(0.11;0.62)*
-0.16(-0.30;-0.02)*

-10.24(-284.30; 263.81)
275.74(167.02 ; 384.45)*
140.43(113.65;167.22)*
97.33(-708.40 ; 903.06)
-98.37(-368.61; 171.86)
41.77(-999.34 ; 1082.90)
-16.55(-93.90 ; 60.80)
-7.06(-21.18; 7.06)
-24.67(-102.20 ; 52.87)
-0.10(-14.15;13.95)
7.04(-0.53 ;14.60)
73.11(-228.04 ; 374.25)
147.92(-191.47 ; 487.32)
-541.12(-1095.50; 13.24)
-77.40(-235.60 ; 80.80)
0.44(0.28 ; 0.60)*
-0.93(-2.96 ;1.10)

6.87(-16.59 ;30.34)
31.14(-80.74;143.03)

-7.58(-10.10; -5.06)*
-1.06(-6.66 ; 4.55)

873.48(58.47 ; 1688.50)*
52.25(-92.68;197.19)
478.48(-4584.90 ; 5541.90)
10.77(-31.12;52.66)
7.11(-13.82;-0.39)*
8.42(-73.54 ;90.38)

-1378.90(-4218.00 ; 1460.10)
2094.60(-4190.60 ; 8379.80)
-657.46(-2753.40 ; 1438.50)
0.22(-0.57 ;1.02)
-0.08(-0.20;0.04)
0.66(-0.11; 1.43)
276.76(250.55 ; 302.97)*
18.16(-59.14 ; 95.46)
613.27(-733.06 ; 1959.60)
66.44(-128.04 ; 260.91)

32.48(-27.91;92.87)
-9.01(-21.02;3.01)

5.71(-4.77 ;16.20)
8.20(-6.04 ;22.44)
2.07(-8.35;12.49)
-187.93(-340.65 ; -35.22)*
-175.51(-372.43;21.41)
0.07(-0.21;0.36)
0.30(-0.09; 0.68)

-21.91(-213.13; 169.30)
0.16(-13.85;14.17)
9.74(-438.42 ; 418.94)

-13.44(-48.08 ; 21.20)
-1.93(-9.25;5.39)
5.44(-11.61;0.72)
2.67(-4.01;9.35)
-45.56(-259.15 ; 168.03)
309.59(-140.39 ; 759.56)
-13.44(-202.64 ; 175.76)
8.97(-9.62;27.56)
-0.78(-9.63 ; 8.08)
-50.08(-113.48;13.31)

*Significantat 5% level

The behavioural patterns of each covariate’s segmented linear effect on the CD4" count at each

phase are shown in Figures 6.2 — 6.6.

Desirable effects (in at least two phases)

Lymphocytes and albumin had at least one significant segment or subinterval (see Table 6.3
and Figure 6.2).
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Figure 6.2: Desirable effects (in at least two phases).
The density plots of the observed records are shown on the horizontal scale.
The significant segments show a positive linear relationship with the CD4" count at each and
every phase of the HIV disease progression. These segments corresponded to the densely
populated region of the observed values The highest rate of the CD4" count increase of
275cells/mm? in response to 1x10%L increase in the total lymphocytes was observed during
the established and ART phases for the total lymphocyte ranges of 0.900 - 1.578x10°%L and
<2.591x10%L respectively. The acute and early phases had similar rates of the CD4* count
change of around 175cells/mm? per 1x10%L increase in the total lymphocytes in the ranges
0.725 - 3.459x10%L and >1.112x10%L respectively. Albumin: CD4* count increase per unit
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change in albumin was higher during the established phase where it was 21.520(7.992;35.048)
cells/mm? for albumin >40.9g/L followed by the acute phase where 14.859(6.686;23.031)
cells/mm? of CD4* count change was observed between 36.576 - 39.491g/L of albumin.
Platelet count: our model showed that the CD4" count did not significantly increase in response
to platelet count during therapy. The highest rate of CD4" count change, 2.013(0.312;3.714)
cells/mm? in response to 1x10°%L change in platelet count was observed during the early phase
for the platelet count <181.595x10%L. An increase in 1x10%L of basophil during the entire
established phase corresponded to the same rate of the CD4" count change. The significant
increase in the CD4" count during ART phase was observed at basophil count below 0.035
x10%L and at basophil count above 0.05x10%L but the basophils scale was too sensitive to

show realistic rate of change.

Desirable effects (in one phase only)
Figure 6.3 shows covariates with desirable effects in a single phase.
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Figure 6.3: Desirable effects (in one phase only).
The density plots of the observed records are shown on the horizontal scale.
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Table 6.3 shows that a unit increase in calcium <2.518mmol/L during the acute phase improved
CD4* cell response by 157.800(2.318;313.280) cellssmm?. This calcium range corresponded
to the majority of the observed calcium measurements during this acute phase (see density plot
in Figure 6.3). Also the positive CD4" cells response was observed during the established phase
only for red blood cells <3.18x108cells/mm3. ALP <116.3931U/L also showed a corresponding
increase in the CD4* count by 1.187(0.531;1.843)cells/mm? during the established phase only.

Alternating desirable and undesirable effects

During the acute phase, for LDH <327.809U/L, the CD4" count was declining and then
increasing for LDH between 327.809 - 607.043U/L. This shows that during the acute phase,
higher LDH had desirable outcomes on the CD4" count (see Figure 6.4). The established phase
revealed that the CD4" count increased for the LDH <446U/L and began to decline after this
point. It was also notable that the 446U/L was the cut-off point for approximately the bottom
25% of the measurements recorded during the established phase. Hence, an indication that the
CD4" count improved at lower LDH levels during the established phase. Although the CD4*
count was generally declining as the MCHC was increasing during the acute phase, our results
showed that the CD4" count significantly declined at lower MCHC (<32.529¢/dL). Contrary
to the acute phase, the CD4" count increased at much higher MCHC levels (>35.246g/dL)
during the early phase only.
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Figure 6.4: Alternating desirable and undesirable effects.
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The results show two consecutive segments with either positive and then negative slope or vice versa. This also
includes different slope directions from one phase to the other. The density plots of the observed records are
shown on the horizontal scale.

Undesirable effects

At folate <10.30nmol/L which is about the bottom 50% of the observed values during the
established phase (see Figure 6.5), the CD4* count dropped by 15.063 cells/mm? for a unit

increase in the folate level. It has been shown to have the most detrimental effect on the CD4*
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Figure 6.5: Undesirable effects.
The density plots of the observed records are shown on the horizontal scale.
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count at each phase of the HIV disease progression. This was the highest rate of CD4" count
decline with respect to the folate increase followed by the acute phase -9.515(-15.114; -
3.917)cells/mm?3 at folate <17.50nmol/L, early phase -5.083(-8.630;-1.537)cells/mm? at folate
<20.00nmol/L and lastly ART phase -4.982(-7.099 ; -2.864)cells/mm?3at folate >6.00nmol/L.

The results also revealed that the CD4" count significantly dropped at higher folate levels
during ART only as compared to the other infection phases. Total protein did not show effect
on the CD4* count change during therapy only whereas the acute and early phases had the
CD4* count dropping by around 6cells/mm?2 for total protein >70g/L and <89.6g/L during the
established phase. Sodium had consistently shown two breakpoints (132mEg/L and 140
mEg/L) in the linear relationships with the CD4* count at all the infection phases but
undesirable effects between these two points were found during the acute and established
phases only. For a unit increase in the sodium levels, the CD4" count significantly dropped by
11.972cells/mm?® and 7.106c¢ells/mm? during the acute and established phases respectively.
The CD4* count declined in response to monocytes during the early phase for the monocyte

count >0.532x10°%L and also during the entire therapy period.
No effect

Our model suggested that all the segmented linear relationships of the following covariates
were not statistically significant despite some noticeable trends: haematocrit, MCV,
magnesium and potassium (see Figure 6.6). All the the linear segments show no significant
relationships between the CD4" count and the clinical covariates.
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Figure 6.6: The segmented regression lines with all insignificant relationships

6.4 Clinical interpretation of the results

The desirable intervals for the total lymphocytes, aloumin, platelet count, basophils, calcium,
red blood cells and ALP varied depending on the infection phase. The total lymphocytes were

found to have a desirable subinterval in every HIV infection phase showing that they were
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closely related to the CD4" count. The total lymphocytes are referred to as B or T cells (Shapiro
et al. 1998, Project Inform 2007, Obirikorang et al. 2012) whereas the CD4" cells are T cell
type (Papagno et al. 2004), hence the positive relationship was as expected. Although the
lymphocytes desirable ranges varied by phase, they were mostly within the normal references
as other health females in Kenya, 1.22 - 3.24 x10%L (Omuse et al. 2018) and South Africa
0.840 - 3.256 x10%L (Lawrie et al. 2009). There were some instances where the lymphocytes
desirable ranges encroached outside, below or above these normal references, for example
<2.591 x10%L during the ART phase where much lower lymphocytes than usual where also

considered desirable.

Albumin was found to be one of the covariates with the highest contribution to the CD4" count
variation in our study following the lymphocytes and having a desirable subinterval at each
infection phase too. Albumin helps with tissue nourishment (James 2017) which our results
indicated to be important in enhancing the CD4* count throughout the HIV disease progression.
Such positive relationship was also confirmed by (Pralhadrao et al. 2016) although this was
limited to a cross sectional study and with no indication of specific desirable ranges. The
suggestion to use serum albumin in pre-treatment assessment (Olawumi and Olatunji 2006,
Sharma et al. 2016) also sounded to be feasible according to our results but more precisely
throughout the entire established phase. However, care should be taken to consider that the rate
of CD4" count change per unit increase in the albumin <40.9g/L was lower as compared to
albumin >40.9¢g/L. The normal reference range for albumin is usually 35 - 55¢/L but our results
showed that lower levels of albumin were capable of influencing the CD4" cell response during
the early (<36.576g/L) and established (40.900g/L) phases. Although the lower levels of
albumin influenced the CD4" cell response during ART too, we found out that such albumin
effect could only start from as low as 28.130g/L and then upwards. It has been reported that
serum albumin concentrations increased significantly after this ART initiation (Chong et al.
2015).

The blood clotting condition is measured by platelet count (Project Inform 2007, NAM 2012,
National Institutes of Health Clinical Center 2015, James 2017) and some normal female
reference ranges were found to be 178 - 454x10°%L in South Africa (Lawrie et al. 2009) and
152 - 443 x10%L in Kenya (Omuse et al. 2018). There was a notable increased rate of CD4"
count change at lower platelet count (<181.595x10%L) and in the early phase. Such low platelet

count was also found to be associated with low CD4" count (Sloand et al. 1992). It was also
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during this early phase where the CD4" count increased at elevated platelet count >217.884
x10%L, an indication that the desirable platelet counts during the early phase tended to be
outside of the usual reference range. The breakpoints of the desirable range in the acute phase
resembled an upward shift of the normal reference range. It is known that the acute phase is
the period during which the viral load is at its peak (Bellan et al. 2015, Manoto et al. 2018).
According to our study design, the established phase is when the patient has been living with
the HIV for at least a year and could be as long as many years before ART initiation. Our
results revealed that during this phase, the desirable range for platelet count was similar to the
normal reference ranges except that it could extend to even lower platelet count levels. ART is
known to boost the CD4* count (Meintjes et al. 2017) and control the problem of low platelet
count (Brook et al. 1997). Our segmented model showed that it was only during the ART phase
where the platelet count did not have an effect on the CD4" count. Basophils are the indicators
of the body tissue inflammation (Project Inform 2007) and our results revealed that this
condition was positively related to the CD4" count at the later stages of the disease progression
(established and ART phases). Although there was a slight change in the rate of CD4" count
change during the ART, our results showed that the basophils influenced the CD4" cell
response in the same known (Lawrie et al. 2009) reference range of 0 - 0.1 x10%L. However,
the basophils scale was too sensitivity for the rate of CD4" count change in our model. Our
results for the basophils were in contrast to (Jiang et al. 2015) whose findings indicated that
regardless of CD4" depletion, the basophils’ frequency remained fairly the same over the

course of the disease progression.

The brain and nerve function, heart rhythm, water and blood characteristics are regulated by
calcium (Project Inform 2007, James 2017, The Johns Hopkins Lupus Center 2017), which we
found to increase together with the CD4" count. That relationship was observed during the
acute phase only at calcium levels <2.518mmol/L. This overlapped with the normal (Kratz et
al. 2004) reference range of 2.2 - 2.6mmol/L and encroached into the lower levels. This could
have been attributed to the increased intracellular calcium concentration during the acute phase
(Cloyd and Lynn 1991) in conjunction with the negative effects of HIV infection on the
permeability of plasma membrane to calcium (Choi et al. 1998). This also shows that if phase
specific behavioural patterns of the calcium and CD4" count relationships are not taken into
consideration, one might conclude that serum calcium is not affected by HIV/AIDS as reported
in Nigeria (Ugwuja and Eze 2007). Recalling that in our study, the established phase referred

to the period during which the patient has been living with the HIV for at least a year without
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medical intervention to suppress the HIV. This established phase was the only period during
which the red blood cells influenced CD4" cell response at low red blood cell count (<3.18
x10° cellssmm?). Usually the red blood cell count is referenced at 3.93 - 5.40cells/mm? or 4.13
—5.67 cellsyfmm? in the local South African context (Lawrie et al. 2009). Such low count in the
red blood cells is known to be associated with low CD4* count (Vanisri and Vadiraja 2016a,
Lumbanraja and Siregar 2018) in HIV positive patients. Hence, our desirable results at low red
blood cells count suggested that mechanisms to prevent anaemia (lower red blood cell count)
during the established phase provide desirable outcomes on the CD4" count. ALP helps in
detecting liver health (Patil et al. 2013) with the normal range being 30 - 1201U/L (Kratz et al.
2004) or 30 - 115IU/L (Park et al. 2013). In our study, the majority of the observed ALP values
were under 116.393IU/L suggesting that our cohort seems to have no abnormal liver
conditions. However, this indicates that efforts to improve the CD4" count by manipulating
ALP can be directed towards the established phase because it was the only phase indicating a

strong linear relationship between the ALP and the CD4" count.

Folate, total protein, sodium and monocytes had phase specific ranges showing undesirable
effects to the CD4" count and prevention of such subintervals has been found to be important
too. Although folate is needed for cell growth and metabolism (Arya and Kumar 2012,
Dieticians of Canada 2014), our data showed that it had detrimental effects on our cohort’s
CD4" count which is contrary to (Adhikari et al. 2016) findings where it was reported that
folate improves the CD4" count. Our results showed that the CD4" count decline in response
to total protein in HIV positive patients was predictable before treatment and that relationship
vanished with ART. It has been reported that the serum protein increases with highly active
antiretroviral therapy (Ugwuja and Eze 2007). Because sodium helps in the functioning of vital
organs such brain (Project Inform 2007), the negative effects on the CD4* count might have
been attributed to the osmotic gradient between extracellular and intracellular fluid in cells
created by sodium changes (Shu et al. 2018). Our data has shown that such balance was crucial
since the breakpoints were consistent (132mEg/L and 140 mEq/L) across all the HIV positive
phases. Monocytes, together with the CD4" cells are known to be infected by HIV (Pasupathi
et al. 2008) such that both are expected to have similar changes. However, during the early and
ART phases, our data showed an inverse relationship between the monocytes and the CD4*
count. Subintervals of LDH and MCHC showed both desirable and undesirable effects on the

CDA4" count in some of the post-HIV infection phases.
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6.5 Summary

This chapter aimed to identify the subintervals of the clinical covariates that had desirable
influence on the CD4" cell response in the face of the HIV disease complexities. The objective
was to detect the breakpoints of the subintervals of each covariate based on the CD4" count
change in the linear relations. We also determined the nature of the linear relationship within
the subintervals of the clinical covariates. As a point of reference for assessing the adaptive
behaviour of the desirable ranges, we compared our results with some known laboratory
reference ranges. We conclude that the CD4" count has segmented linear relationships with the
covariates. Some segmented relationships were significant whilst others were not. Generally,
the phase specific desirable ranges overlapped with the normal clinical reference ranges but
some tended to encroach more outside, either below or above the normal reference ranges. The
detected breakpoints may also give an insight into the feasibility of universal and biologically
meaningful cut-off points in categorising the continuous CD4" count clinical covariates when
categorical data is really called for in meta-analysis, say. It is important to avoid the undesirable

subintervals of some of the clinical covariates in the management of the HIV disease.

The segmented regression model was effective in the breakpoint detection as well as providing
the slopes, a limitation of the GAMM procedure. Ideally, the intention of the segmented model
was to detect the break-points of the turning points that were discovered in smooth curves but
this was a challenge. Currently there is no way to inform the segmented model in the R software
to adapt to the same GAMM smooths turning points and then detect the break-points for
consistence. The detected break-points are rather the locally weighted scatterplot smoothers
which are not necessarily penalized as in GAMM. Hence, instead of the general linear models
used, future studies are recommended to develop a segmented model with a built-in GAMM
technique or some form of penalisation to allow for consistence in extracting a close set of the

same information.

Together with the previous chapters, the segmented regression model has not incorporated a
realistic approach of considering the relationship between the covariates themselves and the
influential effects of time lag on the CD4" count during the HIV disease progression. The
following chapter discusses the suitability of the structural equation models in shedding more

light on the nature of the complexity in the relationships in our data.
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CHAPTER 7 STRUCTURAL EQUATION MODELS (SEM)

A human body is a complex machine that usually responds to the changing internal and external
environments. It is capable of automatically self-regulating its harmonious functional systems
to support life with many variables at play (Kelly 2006). Hence, every piece of the captured
information during the HIV patient follow up care should ideally contribute to the overall
health status of an individual. In the previous chapters, the observed changes in the CD4" count
in response to each covariate assumed that the other covariates were held constant, which may
not necessarily be the ideal case in real life. Taking, for example, the multilevel model in
Chapter 4, the standard linear models were obtained for each covariate in relation to the CD4*
count. We then later compared the variations in these linear models. Similarly, with the
GAMM, the technique itself is specifically developed for univariate analysis where the smooths
are for each covariate at a time. The general linear model underlying the segmented regression
model is also not equipped to have a covariate that simultaneously explains the response as
well as any other influential effects on the other covariates. In real biological terms, at any
given time, every covariate has a role to play. Accordingly, health practitioners rely on the
CD4" count and the covariates to determine the course of the HIV disease progression. In
essence, the CD4" count responds to the covariates whilst some covariates being responsive to
the other covariates. More so, because the patients are followed up over time, the effect of the
current measurements on the next ones is likely to exist, a major drawback of the previous
chapters. Structural equation models (SEM) are capable of simultaneously modelling the
interconnection between the covariates, the response and the time lag to resemble a more

realistic system in the body.

Like any other statistical procedures where observed variables in a given data set are used for
modelling, SEM have the same capability but in addition, they model unobserved variables
too. It is a technique that allows specification, estimation and evaluation of models of linear
relationships in a given set of observed variables but in a reduced set of unobserved variables
(Shah and Goldstein 2006). A hypothesized model is set up at the beginning of the analysis
and then tested as to whether it is supported by the data. The data consists mainly of the
observed variables that can be measured but there is also a belief (Norm and Larry 2013) that
there is a phenomenon of theoretical interest conceptually termed a construct (Edwards and
Bagozzi 2000) which is related to the measured variables. The data may or may not fit well the

hypothesized model in which case some modifications to the model can be applied until a
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reasonably acceptable and parsimonious model that closely correspond to the data is obtained.
The selection of alternative models is useful when model generation is the main objective as
this allows the arrival at the best fit model to the data (Kline 2011). However, in a strictly
confirmatory application, a single model is either accepted or rejected without considering
alternatives (Joreskog 1993). In this chapter, we intend to try and modify the hypothesized
model until we obtain the best fit for our data. The integration of different discipline-specific
advances over a long period of time created the multi-disciplinary method called SEM. Many
well-known conventional statistical techniques such as regression analysis and correlation
analysis can be considered as special cases of SEM. It is a combination (Newsom 2015) of
two main techniques: path analysis (Hauser and Goldberger 1971) and factor analysis

(Joreskog 1969). It utilises the application of generalised least squares (Zellner 1970).

Path analysis found its roots in genetics dating back to the early 20" century (Wright 1918,
1920, 1921, 1923). The approach estimated causal relations among variables based on the
correlation matrix of observed variables only with the aid of path diagrams depicting regression
coefficients (Wright 1934). Basically, a path analysis model focuses on the relationships of
multiple observed variables only using several regression equations simultaneously (Bian
2011). The path diagrams consist of variable labels that are connected by lines that either end
with a single head or double headed arrows. The direct effects are represented by single straight
line headed arrows and the correlations shown by curved line double headed arrows. The

regression path coefficients are then indicated along the straight or curved lines.

Factor analysis has been introduced as a variable reduction technique that uses a correlation
matrix of observed variables to obtain fewer underlying latent variables that capture much of
the variation in the original variables. The development of this technique has been mostly in
line with the psychology discipline (Coffman and MacCallum 2005). There are two types of
factor analysis namely exploratory factor analysis and confirmatory factor analysis (CFA).
Exploratory factor analysis has been in existence for more than a century and originally
developed by Spearman in 1904 (Kline 2011). Its goal is to group together correlated variables
and is useful in the early stage of research. On the other hand, CFA has been around since the
mid-1960s (Brown 2006) and is a hypothesis-driven approach in which alternative models are
tested empirically (Newsom 2015). The hypothesis testing about a factor structure involves
coming up with a theory first, deriving a model and then followed by testing of the model
consistency with the observed data (Bian 2011). Grouping of the variables that form a construct
is the work of exploratory factor analysis (Jollife 1986, Kline 1994, Everitt 2001) and this
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chapter dealt with variables that are known to already belong to certain groups of clinical
platforms. Hence, the emphasis is on CFA which can assume different types of the SEM

components.
7.1 Components of the general Structural Equation Model

In general, a SEM model is a network of two main forms of relationships: (i) measurement
model that connects the observed and latent and (ii) structural model that shows the
relationships between latent variables only. The latent variables are free from the random error
that would have been estimated and removed leaving the common variance (Byrne 2001).

Figure 7.1 illustrates the main components of the SEM.

AP

a) Reflective measurement model

e

AS

A8

b) Formative measurement model

c) Structural model

Figure 7.1: Components of the SEM and types of constructs
Source: Author
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First order constructs (FOC) are directly related to the indicator variables and the next level,
second order constructs (SOC) related to the FOC (Marsh and Hocevar 1985) and so on. For
example, the latent constructs FOC1 and FOC?2 are directly related to the indicator variables

X; — X3 and X, — Xgrespectively. The SOCL is in turn a resultant from FOC1 and FOC2. The
causal relationships are indicated by the arrows and can be in any direction depending on the

theory behind the variables and researcher’s hypothesis (Roy et al. 2012). The variable from
which the arrow is coming from is called an exogenous variable (analogous to the independent

variable). In the SEM terminology it can either be an observed exogenous (e.g. X, —Xg) or

unobserved exogenous (e.g. FOC1) variable (Schreiber et al. 2006). Similarly, the variable in

which the arrow is going into is analogous to the dependent variable and is called an observed
endogenous (e.g. X; —X3) or unobserved endogenous variable (FOC2). In hypothesizing a
model, the exogenous variable is assumed to cause the changes in the endogenous variable

which in turn is believed to be associated with a measurement error (e.g. €, —€s) that cannot

be explained by the exogenous variable. To some extent these disturbances (errors) can be
considered as latent variables in their own right (Kline 2011). Any covariation or correlation

between two variables is depicted by double headed arrows (c,). The pictorial representation

of the network of arrows (as in Figure 7.1) that show the causal relationships is what is basically
called a path analysis diagram where the regression weights e.g. 4, — 4 are the strengths of

the relationships often found along the single headed arrows in the path diagrams. The A’s

represent the influence of at least one variable on another variable (Byrne 2006).

7.1.1 The types of measurement models

The specification of the measurement model is the basis of the SEM and has two main types:
the formative or reflective measurement models (Bollen and Lennox 1991). Indicator variables
are either influenced by an underlying reflective construct (Figure 7.1a) or the aggregation of
these indicators resulting in a formative construct (Figure 7.1b). The choice of the appropriate
measurement model is crucial as this affects the model fit parameters, path coefficients and
consequently the interpretation of the interrelationships among the variables in the model
(Jarvis et al. 2003, MacKenzie et al. 2005). The application of the incorrect measurement model
is called misspecification; hence the need for justification of the choice of a measurement
model becomes a necessity. Most researchers have been found to assume reflective models, yet

prior to such decisions emphasis should have been placed on considering the nature of the
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construct. That is, the causality direction between the indicator and construct including

indicator characteristics (Coltman et al. 2008).
Reflective indicators (effect model)

The choice of a reflective measurement model requires that the latent construct be independent
of the measures (Rossiter 2002, Borsboom et al. 2004). The indicators should have a positive
and high intercorrelations to enable the assessment of composite and individual reliabilities of
the indicators (Trochim 2006). Causality flows from the construct to the indicators where
change in the construct effects change in the indicators (Figure 7.1a). The reflective model is a
series of equations that share a common factor and the mathematical representation for Figure
7.1ais given by

X, = ,FOCl+e,
X, = A,FOCl+e,
X, = A,FOC1+e,.

The sharing of a common theme and interchangeability of the reflective indicators allows for
the construct to be measured by a sample of few relevant indicators that are underlying the
domain of the construct (Gilbert and Churchil 1979, Nunnally and Bernstein 1994) and this
becomes useful in practical situations where the number of observed variables can be
unprecedentedly huge. Also, sharing of the common theme using the factor analysis procedure

helps to identify and eliminate measurement error for each indicator (Spearman 1904).
Formative indicators (causal model)

In the case of the formative measurement model, the latent construct is dependent on the
indicators (Borsboom et al. 2003), for example, human development exists as an index
comprising of health, education and income (UNDP 2006). Indicators do not necessarily share
a common theme and have weak intercorrelation patterns. The formative model does not
require highly correlated indicators as they pose a challenge in the estimation of their weights
resulting in imprecise values (Coltman et al. 2008). In setting up the hypothesis, causality flows
from indicators to the construct where the change in the indicators affects the construct as
shown in Figure 7.1b. The formative measurement model is closely associated with the PLS
where the principal components are an aggregation of the multi-dimensional scale. This
achieves model parsimony but the rich, diverse and unique information within individual

indicators is lost. Nevertheless, (Blunch 2008) argued that the fewer underlying factors in the
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CFA explain the correlations in the data with minimum loss of information. The formative

first order construct in Figure 7.1b can be formulated as FOC2 =4, X, + A, X, + A4, X +€;.

Dropping an indicator affects the conceptual domain of the construct but on the other hand this
can be necessary as long as the conceptual domain of interest is represented by the indicators
based on the empirical prediction (Coltman et al. 2008). Hence, there is no need to call for a
census of indicators (Rossiter 2002) which may prove difficult although some authors belief

that a complete enumeration of the indicators is important (Bollen and Lennox 1991).
Considerations for minimising the study misspecification

Most importantly, both formative and reflective techniques have the same goal and share some
common characteristics in their applications although they differ in some way in the
methodologies. Both are dimension reduction techniques and represent some aspect of the
covariance or correlation matrices. However, the reflective model is based on an underlying
hypothetical model whereas the formative being inclined towards PLS which is based on PCA
that is more of unsupervised dimension reduction technique (Maitra and Yan 2008). This
makes the reflective constructs unattractive for the already grouped CD4* count clinical
covariates for the problem at hand. The data exist as clinical platforms that have gone through
variable reduction in which multicollinearity has been minimised. More so, the adopted
variable selection, SPLS utilises the concept of formative constructs. Hence, our data can better

be modelled by formative constructs in the CFA.

However, the current study is focused on the CD4* count changes over time in response to the
clinical covariates such that the CFA has to be assessed in waves where at least two occasions
are required to understand the shifts in the causal effects in the HIV disease progression. This

calls for Cross-lagged panel models (CLPM).

7.1.2 Cross-lagged path models (CLPM)

Data that are collected at one moment in time is usually referred to as a cross-sectional data
and there is no way to determine if the inferences are correct (Kearney 2017). The CD4" count
and the covariates have been repeatedly measured over time such that the CFA model requires
assessment at more than one cross-section calling for the incorporation of longitudinal data
analysis techniques in the SEM framework. When the variables have directional influences on
each other over time, the CFA is then referred to as a cross-lagged path or panel model (CLPM)

which is a powerful tool for examining lagged relationships between two or more variables
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(Kearney 2017). The interactions and reciprocal influences between the variables over time are
longitudinally assessed including the between-person variations in the SEM perspective (Mund
et al. 2018). In CLPM, it is assumed that individuals fluctuate around a common group mean
whereby there is no stable between-person differences for each variable over time. Growth
curve models have been designed to capture such between-variations (De Leeuw and Kreft
1986, Hedeker 2004) but they suffer from the limitation in the flexibility to answer a number
of research questions (Mund et al. 2018). It is argued that if stable between-person variations
exist, the CLPM will include them in the estimation of the autoregressive and cross-lagged
paths (Hamaker et al. 2015, Berry and Willoughby 2017).

There are two main components of the CLPM: the “cross” and the “lagged” paths. Both show

lagged effects in the sense that they examine the effect of a variable at time j =1 on the other
variable at time j = 2. However, the “lagged” strictly refers to the effect of the same variable

on its next measurements and usually called the autoregressive path as shown in Figure 7.2
(blue arrows). On the other hand, when one variable at j =1 influences a different variable at
j = 2, this is referred to as a “cross” lagged path as depicted by a red arrow in Figure 7.2.
Furthermore, Figure 7.2 shows that the CLPM can also involve latent variables. The estimation
of CLPM effects also control for correlations within time-points as well as the autoregressive
effects or stability across time. Stability refers to the influence of the previous time point. Less
stability is shown by smaller autoregressive coefficients that are closer to zero indicating more
variance in the construct. Similarly, larger autoregressive coefficients are an indication that
there is more influence from the previous time point and are associated with little variance over

time.
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Time 1 Time 2

x]  [xa1] k2] [x22] [x3_2]

Figure 7.2: Schematic representation of a cross lagged path model
The blue arrows represent the autoregressive paths whereas the red arrow represents the cross-lagged paths and
curved lines are the covariances usually standardised to correlations. The Xi_j represents the i variable with
records obtained at the j time point whereas the FOCi_ j represents the it first order construct formed at the j™
time point. The ei_ j represents the it" random error at the j time point.
Source: Author

7.2 Model specification

7.2.1 The CLPM
We hypothesized that at time j < (1,...,T), a set of covariates X;’s form a first order construct
FOCJ- which in turn explain the endogenous CD4" count Yj;, for the i™ individual. The

unobserved values FOCij and observed Y; at follow up time j, are first modelled as

FOC = foc ), +FOC
Vi = Hy + Yy

where f4rocy; and 4,; are temporal group means at time point j e (1,..., T) whilst FOC ”
and yIJ are temporal deviations from the temporal group means for individual i (Watkins and

Styck 2017, Mund et al. 2018). For j>2, FOC ; and Y; are initially modelled as
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FOC :j: Biroc 1;FOC T(j—1)+ Y (Foc )jyi*(j—l) * E€roc ij (7.1)
Vi = ByYiiy +74FOC {iyt ey

where at time point j e (4...,T), ﬂ(FOC j and ,Byj are the autoregressive parameters. The cross-

lagged regression parameters are given by 7goc ); and 7,;, whereas &gqc yj and &;; are the

residuals that are assumed to be normally distributed and correlated. For j=1, the FOC ,, and

Yiiare modelled as exogenous variables. The individual differences have been studied in

Chapter 4 and of interest are the lagged effects of both the CD4" count latent variables on their
next measurements. Hence, the simultaneous equations in the SEM framework ignored the I

and 7 in (7.1) for the FOC to solve a system of equations with
FOC ?: Bieoc y;FOC :j—l)-l_g(FOC)j' (7.2)

Also in this study, at follow up time j, the CD4" count Y; is explained by both the Foc; and

the previously measured CD4" count Y;_; such that the system of equations includes

Yii = By Yo + 74 FOC ey (7.3)
Since the CD4" count at time j is explained by more than one latent variable that can either be

FOC or SOC, (7.3) is extended to model
* * q_a * q *
Vi = ByYig +Z7kyj FOC +ZykijOC ki T €yij (7.4)
k=1 k=a

where ( is the total number of latent exogenous variables consisting of FOC and SOC. Our
hypothesized CLPM is underpinned by a system of equations in the form of (7.2) and (7.3).
When the CLPM is hypothesised, testing of the model is the same as the general CFA where
the parameter estimation is based on fitting a model that can closely reproduce the covariance
structure of the given data (He et al. 2017, Watkins and Styck 2017, Mund et al. 2018).
Discussed below is the general covariance structure of a CFA model and the associated

hypothesis testing.

7.2.2 The CFA model

In population terms, the CFA model predicts the observed covariance matrix. Hence the CFA
models are also referred to as the covariance structure models. Recalling that the general SEM
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consists of the measurement model and the latent variable model, the system of mathematical

equations is represented as follows (Bollen 1989):

(@) The latent model is given by n = By +I'g + & Where

N = vector of latent endogenous random variables

&.'q x1

vector of latent exogenous random variables

3

X

3
1

coefficient matrix showing the influence of latent endogenous variables on

each other

r, xq = coefficient matrix for the effects of latent exogenous on latent endogenous

variables

& = disturbance vector

(b) The measurement model is given by Y = A n+&, and X = A, & + &, where
Y.iand X o x1 are vectors of the observed variables

Ay(rxm) = coefficient matrices showing the relation of observed variables to

latent endogenous

A, (pxq) = coefficient matrices showing the relation of observed variables to

latent exogenous
g,(rx1) = measurement errors for Y, ,
g, (px1) = measurement errors for X,

The Cov(X) as a function of @ is given by ZXX(O): A DA+ ‘I’gy where @ is the covariance

of the factors M, the variance of the unique factors represented by ¥ and the vector containing

unknown and unconstrained parameters of the model given by ©. The
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Cov(XY)=X,(0)=A,(L-B)'T®A! is such that E(O):{EW(G; iwgg)} which contains

z,( )

the implied covariances (Bollen 1989). If the covariance matrix of the population data is

Xy

denoted as X, the hypothesis testing in CFA model tests the departure of (@) from X .
However, in practice the observed covariance is usually represented by S and the
corresponding model implied covariance is then denoted by Z(ﬁ) or simply = . Hence in CFA
hypothesis testing, the desired outcome is failure to reject H, : = Z(ﬂ) or practicallyH, : S= &

. Several goodness of fit measures are considered to assess the equivalence of these two

matrices (S and = ).

7.2.3 Model estimation

The estimation procedure requires the satisfaction of several characteristics such as the data

requirements, model identification, parameter estimation rules and evaluation criteria.
Data requirements in the estimation of the CFA model

There are some minimum requirements desired for the estimation of the CFA model including
the sample size. A ratio of at least four subjects per free parameter has been recommended for
sample size determination (Tanaka 1987) but this is multifaceted with statistical power where
the CFA’s desired outcome is failure to reject Ho (MacCallum et al. 1996). Insufficient
statistical power leads to a failure to detect nontrivial departures of = from S. Also taking
indices of fit into account, their asymptotic properties begin to show for a sample size of least
400 (Hu et al. 1992) and to protect against chance features of the data in re-specifying a poor
model, a sample size of least 800 is needed (MacCallum et al. 1992). Hence users are
encouraged to aim for sample sizes of at least 200 and preferably 400 then 800 if necessary
(Hoyle 2000). Since CFA is a multivariate statistical model, the estimation procedures such as
maximum likelihood and generalised least squares assume multi-normally distributed data
(Bollen 1989) although the actual data in many instances are usually non-normal (Micceri
1989). For a reasonably large sample, the CFA is usually estimated by maximum likelihood
under most violations of multivariate normality (Chou and Bentler 1995, West et al. 1995) and

assumes that the indicators are on a continuous scale (Joreskog 1994).
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Model identification

After the CFA model has been hypothesized, its parameters are specified in a path diagram as
a set of measurement equations or represented as a set of matrices (MacCallum 1995). Solving
the set of equations requires the identification of the model, a procedure for determining if the
available equations and the number of unknown parameters can be solved satisfactorily. There
are three possible situations: (a) the number of unknown parameters in the equations being
equal to the number of equations, usually referred to as just identified CFA model but this
cannot be tested; (b) an under-identified model where there are more unknown parameters than
the number of available equations and this cannot be solved; (c) if the number of unknown
parameters is less than the number of equations, the CFA model is over-identified and this can
be tested. There are set rules for model identification in standard CFA applications (Bollen
1989) but not sufficient for complex models, in which case there is need to rely on the computer
software or algebraic expressions (Hoyle 2000). The goal of the factor model identification is
to reproduce the observed covariance matrix with as few estimated parameters as possible. The
parameter estimates from the measurement model include the factor loadings, item intercepts
and error variances whereas the structural model estimates are factor variances, covariances

and means.
Rules for parameter estimation

The model identification depends on the number of items P and is given as degrees of freedom

(df) that are mathematically represented as df :%r(r +1)—t where %r(r +1) is the number of

possible (non-redundant) parameters, the known values (covariances) and t the number of free

parameters in the model. This rule is sometimes called the t-rule where it is necessary that

t<i f(l’ +1) for parameter estimation although not sufficient for model identification. Taking
note that Y,,; and prl are vectors of observed variables and as a continuation from CFA, it

suffices to reason that the t-rule for the general SEM becomes 1< %(r + p)(r + p+1). The

Two-step rule is also applied where the first step involves identification of a reformulated
original model as a measurement model and then followed by establishing identification of

latent variable model as if latent variables were observed with no measurement error.
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Parameter estimation

The most widely used fitting function (Bollen 1989, Chou and Bentler 1995) for parameter

estimation is the maximum likelihood fitting function which is given by
F. = logZ(0) + trlsz*(0)]- loglS|—(r + p).

It is iterative in nature where there are incremental attempts to optimize parameter estimates
that recover the observed data by minimizing the value of the fitting function. Convergence
problems with the iteration process indicate issues with either the starting values, data, the
model or a combination of these. Once the parameters have been estimated and substituted into
the equations, the observed variances and covariances are most precisely recovered. The CFA
produces two types of solutions: (a) un-standardised — useful for comparing solutions across
groups or time (b) standardised — which are useful when comparing items within a solution on
the same scale and the slopes are in a correlation metric. The variances of the implied model
and those of the observed data are always equal but the covariances do not match and the
difference reflects the degree of discrepancy in recovering the data. Interpretation of residuals
in this case is difficult due to the metric of the indicators reflected in the covariances. There are
further techniques for model diagnostics that are used to assess the adequacy of the implied

model in recovering the covariance in the observed data.
CFA Model evaluation

Ideally the value of the fitting function should be zero for a set of parameter estimates that
perfectly recover the observed variances and covariances where in such a case s= . This is
not practically easy since = can only be as close as possible to S. Instead, goodness of fit is
applied where several measures are actually used to assess the degree of discrepancy because
there is no single number for a definitive inference (Bollen and Long 1993, Tanaka 1993) since
the SEM evaluation is connected with difficult issues (Mulaik et al. 1989, Bollen and Long

1993, Steiger 2013). The fit indices can be absolute or comparative. The absolute fit indexes

measures the degree to which = is matched to S and the most prominent one is the

77 =(n-1F,, . In a perfect model fit this value becomes zero regardless of the sample size.

However, the ¥ ? value increases with sample size as the value of the fitting function departs

from zero (Hoyle 2000). The CMIN /DF = y?/df is another measure called the minimum
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discrepancy where the ratio is obtained by dividing the ¥ ? value with the degrees of freedom.

A ratio of approximately <5 is considered as being reasonable (Wheaton et al. 1977) although
not clear how far it should be from 1 (Arbuckle 2012) but other researchers have recommended
a ratio between 2 and 5 (Marsh and Hocevar 1985) whilst others being more restrictive to
accept ratios < 3.only. Other absolute fit indexes include the goodness of fit index > 0.9,

standardised root mean square residual (SRMR) < 0.08 and the root mean square error of

F
approximation(RMSEA: 1/%] <0.05 according to (Arbuckle 2012). However, (Browne

and Cudeck 1993) indicated that for a reasonable good fit model, the RMSEA should not
exceed 1. The CMIN/DF and RMSEA are among the most popular measures of model fit
(Holmes-Smith 2000). In the case of competing models that seem to capture the same
theoretical framework, the model with the smallest Akaike Information Criterion (AIC) is

selected.

Although these model fit measures are commonly directed on the implied model, additional
models are also reported for comparison purposes. For example, a model with observed
variables assumed to be uncorrelated (independence model) is severely constrained and
expected to provide a poor fit to any data. Whereas a saturated model will be having no
constraints and is considered the most general model possible. The comparative fit indexes
compare the fit of a proposed model to a baseline model (Bentler and Bonett 1980) which is
also referred to as the null or independence model. A commendable measure in this category
is the comparative fit index (CFI) > 0.9 (Bentler 1990). Instead of comparing fit indexes, the
models themselves can be compared in terms of parsimony using the fit indices. CFA models
can be miss-specified as a result of either wrong number of factors, un-modelled sub-factors or
wrong loading patterns (indicators assigned to wrong factors or loading on multiple factors).
The R?, a proportion of variance attributable to the factor(s) on which each item loads can be
used to implicate the un-modelled factors that contributed to the variability in the responses.
To improve the performance of the indices, re-specification can be considered where some
parameters can be freed or fixed (Bollen and Long 1993) although care should be taken to

avoid Type | error (MacCallum et al. 1992).
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7.3 Data analysis and software

The analysis of a moment structures (AMOS) software, version 25 was used for path modelling
and the parameter results graphically displayed in R software, version 3.5.3 of the R Core
Team. The study pertains to medical variables that exist in standard known groups with at least
two indicators per construct as required (Bollen 1989). However, the indicators have weak
correlations and the objective was to obtain the causal relationships between the formative
latent constructs of the independent variables (the CD4* count clinical covariates) and
dependent variable (CD4" count). In such causal relationships, the SEM is considered as the
most appropriate application (Schumacker and Lomax 2010, Hair et al. 2014). The task was
not strictly confirmatory and as such several models were tested to obtain the one that closely
fits the data. The standardised direct effects as well as the correlations among the variables
were estimated. The estimates in AMOS are computed by the maximum likelihood which is
known to produce estimates with very desirable properties (Arbuckle 2012). The causal effect
diagrams were identical across all the phases but the correlation patterns were not restricted
and allowed to vary as suggested by the modification indices. The standardised regression
weights and correlation results were of interest as they are independent of the units in which
all the variables are measured (Arbuckle 2012). Furthermore, results interpretation was not
feasible from the meshed regressions paths and the correlations across the four phases. Again
exporting the results to R as csv files was the best option. The library ggplot2 and parallel
coordinate plots proved once more again to be very helpful in the visual displays. The main
challenge faced with the CLPM was that the raw data for analysis was presented in the long
format. Prior to data analysis in AMOS 25, the longitudinal data were reshaped into wide
format using the function dcast in R. Reshaping the data to wide format with many variables
required high versatility in a software such as R due the variable naming that tend to increase

dramatically. All the R codes are presented in Appendix C7.

7.4 The results of fitting the CLPM

7.4.1 The results of the model diagnostics

The model fit diagnostics are given in Table 7.1 and the results showed that the implied models
had smaller discrepancies as compared to the constrained (independence) models. All the
CMIN/DF ratios were below 5 and mostly between 2 and 3. Only the phase 2 ratio was slightly
above 3 with its AIC also slightly higher than the other models showing that it was slightly
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harder to fit the phase 2 data than the other phases. The RMSEAs were all below 1 indicating
that the models were acceptable. An attempt to fit the reflective measurement models produced
higher AIC values and CMIN/DF ratios although the RMSEAs were relatively the same.
Hence, the hypothesised formative measurement models were the best model fit and selected.

Table 7.1: Results of model fit diagnostics

Independence Implied model
Phase CMIN DF CMIN DF CMIN/DF RMSEA AIC
2-Acute 10381.457 2278 2232 2278 3.182 .096 7331.152
3-Early 7958.422 2278 2224 2278 2.636 .083 6106.523
4-Established  7604.282 2278 2222 2278 2.675 .084 6191.427
5-ART 9259.683 2278 2225 2278 2.925 .090 6750.485

7.4.2 The resultant layout of the CLPM path diagrams

In order to accommodate the variable names in the path diagrams, only the first three characters
were considered. In our case, there was no similar names upon truncation but this requires
careful attention. Even though the variable names were shortened, it was necessary to reduce
the font size to create enough space for the path diagrams. Further, the readability of the

congested path coefficients required some colour codes.

The path diagrams of the fitted (implied) models were set up as shown in Figures 7.3 and 7.4.
The single headed red arrows represent causal effects and the associated red values show the
regression weights. The rectangles are the observed variables whose names have been trimmed
to leave the first three characters only for convenience. The trimmed variable names are
suffixed with a number representing the time point at which the observation was recorded. As
such, all the observations recorded at Time 1 say, appear in a block headed “Time 1”. The
double headed aqua (light blue) coloured curved lines represent the correlations between some
of the observed variables (also see Appendix B for enhanced correlation view). It was
hypothesized that the white blood cells (WBC) were an aggregation (oval shaped) of the
lymphocytes, basophils and monocytes. Similarly, the red blood cell group (RBC) being a
composite variable formed by MCV, MCHC and the red blood cells. Total protein, ALP,
calcium, magnesium, potassium, sodium, albumin, LDH and folate were meant to form the
biochemistry (BIOCHEM) construct.
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Flgure 7.3: Results of path analysis diagrams of HIV infection phases 2 and 3
Abbreviations: mon-monocytes; bas-basophils; lym-lymphocytes; mch-MCHC (mean corpuscular haemoglobin
concentration); mcv-MCV (mean corpuscular volume); hae-haemoglobin; red-red blood cells; glu-glucose; pla-
platelets; alk-alkaline phosphatase(ALP); cal-calcium; mag-magnesium; pot-potassium; sod-sodium; alb-
albumin; lac-lactate dehydrogenase(LDH); fol-folate; BIOCHEM-biochemistry; RBC-red blood cell group and
WBC-white blood cell group. The number suffix represents the time point of observation.
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Figure 7.4: Results of path analysis diagrams of HIV infection phases 4 and 5
Abbreviations: mon-monocytes; bas-basophils; lym-lymphocytes; mch-MCHC (mean corpuscular haemoglobin
concentration); mcv-MCV (mean corpuscular volume); hae-haemoglobin; red-red blood cells; glu-glucose; pla-
platelets; alk-alkaline phosphatase(ALP); cal-calcium; mag-magnesium; pot-potassium; sod-sodium; alb-
albumin; lac-lactate dehydrogenase(LDH); fol-folate; BIOCHEM-biochemistry; RBC-red blood cell group and
WBC-white blood cell group. The number suffix represents the time point of observation.
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The RBC and WBC were considered as the FOC that formed a SOC called the full blood count
(FBC). In addition to the RBC and WBC, the platelet count was also considered to contribute
to the formation of the FBC formative construct. The CD4" count of the previous time point
was allowed to have an effect on the CD4" count of the next time point. In addition to this, it
was also believed that the CD4" count at any given time point was as a result of the influence
of the FBC and the BIOCHEM. An attempt to include the direct effect of glucose to the CD4*
count showed a very insignificant effect and the glucose variable was dropped from the model
together with haematocrit which was found to cause estimation challenges due to a high
correlation with the red blood cells. The small circles represent the random error terms and the
green values indicate the variation explained by the exogenous variables with 1 showing a
better explanation of the endogenous variables bordered in green colour. The BIOCHEM, RBC
and WBC of the previous time points were also allowed to have an effect on their respective
values of the next time points. The lagged effects of the FBC were not supported by the
covariance structure resulting in a poor model fit and this was not modelled. The path diagrams
provided a system of relationships among the variables showing waves in the disease
progression. However, the assessment of the effect strength of the large number of regression
coefficients was difficult considering that we had four CFA models each with four time waves.
To alleviate this challenge and that the regression weights were standardised, parallel
coordinate plots were employed and augmented by multiple bar charts throughout the rest of
this chapter.

7.4.3 The results of the regression weights and correlations across the phases

A detailed pattern of the comparison of the regression weights across all the infection phases
is shown in parallel coordinate plots of Figures 7.5 and 7.6. However, it is important to note
that the parallel coordinate plots are too sensitive to the differences in the regression weights
as compared to the figures shown in the path diagrams which are shown just to 2 decimal
places. The effect of the previous CD4" count on the CD4" count of next time point increased
continuously during the ART whilst it was observed to be continuously dropping during the
early phase. Although the FBC dominantly influenced the CD4" count, its effect on the CD4"*
count was also continuously declining at each time point during the ART. Contrary to this, the
FBC effect on the CD4* count was increasing at each visit time during the early infection phase.
Despite being overshadowed by the greater contribution of the previous BIOCHEM
measurements, the LDH influence on the current BIOCHEM increased at each visit time during
the ART. The other noticeable patterns were the decline in the MCV effect on the RBC over
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time during the ART phase and an increasing effect at each visit time during the early phase.
Despite the low regression weights in the paths shown in Figure 7.6, there was a noticeable
mirror image in the pattern of weights between the established and ART phases. When the
established regression weights were low, there tended to be a corresponding higher regression

weights during the ART phase.
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Figure 7.5: Results of the path regression weights across all the phases (a)
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The overall strengths of the interrelationships between the variables is shown in Figure 7.7. We
selected only those with regression weights > 0.4, although the main interest was in the weights
A >0.7. The results showed that the first order constructs (RBC, WBC and BIOCHEM) in all
the infection phases had influential effects (A > 0.75) on their next time measurements from
Time 2 > Time 3 > Time 4. The second order construct (FBC) also showed strong causal

effects on the CD4" count at all next time points and within each infection phase were high,

FBC _ All time points
Al phases >0.75.
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Figure 7.7: Standardised regression weights > 0.40

It is important to note that at Time 1 measurements, the effects of the previous measurements
are not taken into consideration. Hence, this provided a cross sectional understanding of the
weights of the observed variables on the latent variables (clinical categories) in the absence of
the effects due to the previous time measurements. Accordingly, and with the aid of Figures
7.5 and 7.6, Figure 7.7 further showed that the Time 1 results indicated that the observed LDH
dominantly contributed to the BIOCHEM group with standardised regression weights of

Aasiases =0.99. Similarly, the MCV contributed the most to the FBC where the Time 1

regression weights in all the phases were Ay yme =0.97. Although the lymphocytes were
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dominant among the WBC, the regression weights were not all the same across the phases
Lymph 1 Lymph 1 Lymph 1 Lymph: 1
where AGTIOOSL_ g1 gLmetogtes L _ jumeates 1 _ B gng LT — 054, These

results also showed that at any given time across all the infection phases, the influence of the
previous CD4" count on the current CD4" count was always less than that due to the current
FBC. The current BIOCHEM, RBC and WBC were mostly determined by their previous
measurements rather than the LDH, MCV and lymphocytes respectively as observed during
the cross sectional view at Time 1. The weights of the RBC and WBC on the FBC were very
small at Time 1 and improved well at Time 4. It means that generally the autoregressive
coefficients of the CD4" count, BIOCHEM, RBC and WBC had more influence from the
previous time points and also showing little variance over time. Figure 7.8 shows the
correlations of different variables that were recorded at different time points.
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Figure 7.8: Results of the correlation patterns for different variables at different time points

Recalling Figure 2.9 that during the early and established phases the cohort’s average CD4"
counts were the least and below the population average at each visit time, these were the
infection phases that also showed some variable correlations at the different time points. At

these lower CD4" counts, the WBC, monocytes and lymphocytes were found to be highly and

166



Structural equation models

positively correlated. The measurements of the MCV and red blood cells were negatively
correlated at such low CD4" counts. The investigated data at hand showed that the MCV and
red blood cells were negatively correlated at Time 3 of all the infection phases. The folate and
LDH were correlated and negatively during the early phase only. The results also showed that
the measurements of the same variable obtained at different time points were highly correlated
(Figure 7.9).
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The MCV, folate, calcium and ALP had the highest correlations (r >0.70) among their
measurements recorded at different time points and these were observed during the acute phase
only. Folate was the only CD4" count covariate to show high correlation (r >0.70) between

measurements at different time points and this was observed during the early phase.
7.5 Clinical interpretation of the results

The CD4" cells are a T cell type (Papagno et al. 2004) whereas the lymphocytes are either B
or T cells (Shapiro et al. 1998, Project Inform 2007, Obirikorang et al. 2012). Our study showed
that given a cross sectional view of the health status based on the CD4" cell count, the FBC
played a major role in determining the immune system’s status of HIV infected patients as
compared to the biochemistry. Due to the fact that the FBC was a resultant of the WBC which
was in turn an aggregate consisting of the lymphocytes, hence the FBC was the most
contributing factor of the CD4" count. Excluding the effect of the previous time points, the
lymphocytes dominantly influenced the WBC and this effect was high during the acute
infection phase which is known to be associated with a high viral load (Bellan et al. 2015,
Manoto et al. 2018). This suggests the active involvement of the lymphocytes during foreign
invasion. Lymphocytes and monocytes are both defence cells and both are known to be
attacked by the HIV (Pasupathi et al. 2008). Hence their likely positive correlation during the

low CD4* counts in our data.

The LDH is known to catalyse the fulfilment of short-term energy requirements in the case of
insufficient oxygen (Valvona et al. 2016). In our data, the enzymatic activities of the LDH were
found to be the most influential among the biochemistry components. This pointed out to a lack
of oxygen in generating energy during the HIV infection phases as indicated by the high
glucose cell consumption to maintain the patient’s CD4" cell count. In our results, the short-
term insufficient of oxygen could be linked to the fact that the red blood cells effect on the
composite RBC was insignificant. This supports the reports that HIV patients are anaemic
(Kulkarni et al. 2015). In our data, the coincidental shortage of oxygen as depicted by the role
of LDH in controlling the biochemistry, indicated a reduced aerobic endurance. Aerobic
endurance refers to the functional state of the oxygen transport system and has also been
reported to be a health related parameter (Baquet et al. 2003). Reduced aerobic endurance in
HIV positive patients has also been reported in the Western populations (Cade et al. 2003,

Oursler et al. 2006). The results of the present study on reduced aerobic endurance were similar
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to a study in the same geographical setting in Malawian HIV positive patients whose aerobic
endurance was also found to be lower than in the HIV negative control group (Chisati and
Vasseljen 2015).

Currently it is common practice to monitor the HIV disease progression based the CD4* count
because they are the main target of the HIV (Weston and Marett 2009). Our results confirmed
that indeed the CD4" count had influence from the previous time points but more attention
should be given to the current full blood count. Over time, the CD4" count lagged effects were
decreasing whilst the full blood count current effects on the CD4* count were increasing. The
fact that the CD4" count lagged effects were declining suggests less stability over time which

is associated with more variance.

7.6 Summary

In considering a more complex causal relationship between the CD4* count clinical covariates,
the important players in our data were the FBC as compared to the biochemistry. The
biochemistry was dominantly controlled by the LDH whereas the RBC and WBC were
dominated by the MCV and lymphocytes respectively. Although the variable selection methods
in Chapter 3 were instrumental in alleviating the multidimensional curse, the unimportant
variables were completely discarded whereas the SEM would utilize any smallest effect of such
variable into the constructs as part of variable reduction. The multilevel models improved the
understanding of the CD4" count by capturing the variations at individual level but nothing
was provided on how the covariates were related themselves. In a way the GAMM and
segmented models attempted to “listen” to the data by modelling the data patterns closely. To
some extent dropped the insignificant covariates. However, unlike the multilevel models, the
data dependence in GAMM was lost and again with no information on the interlinks between
the covariates. The CLPM proved to be versatile in providing an overview of the causal
relationships among many variables as well as giving the opportunity and ability to measure
the unobserved variables that were part of the theoretical framework for the problem at hand.
With the SEM, we were able to visualise the system of unobserved variables that went silently
untapped in Chapters 3 to 6. Further, it was clear to realise the chained covariate effects towards
the response with even fewer construct variables. The constructs acted as variable reduction in
which the effects of the observed variables were collectively and indirectly accommodated.
Because the monitoring of the HIV disease progression happens in a time space, we also gained
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insight into developmental system of all the variable relationships over time through the lagged
effects. However, like the multilevel models, the underlying generalised least squares in the
SEM may be summarising some information as compared to the GAMM and the segmented

models that are more of data-driven
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CHAPTER 8 DISCUSSION AND CONCLUSION

The study strived to examine the adaptive effects of clinical covariates on CD4" cell influence
in reaction to the body’s weakened immune system as induced by HIV invasion. In particular,
we looked at 46 continuous clinical covariates of the CD4" count, repeatedly measured from
237 patients’ post-HIV infection phases, at the Centre for the Programme of AIDS research in
South Africa (CAPRISA). The phases after seroconversion were acute, early, established and
ART. Understanding the data, called for the application of raw data handling techniques for
multidimensional continuous variables. The initial stage of data exploratory analysis was

conducted for two objectives: data preparation and pattern discovery.

The data preparation began with an assessment of distributional properties of the covariates
from an overall point of view, followed by similarly assessing within each HIV infection phase.
Displaying boxplots of variables with different scales on a single graph is challenging and not
common in the literature. With the multidimensional curse of our data, this was successfully
achieved by scaling the values to percentiles. Ranking each scaled value of a variable,
misrepresented the actual distributions. To overcome this problem, distinct values were scaled
and the ranks were then matched to all the other values. Some of the limitations of the boxplots
were augmented by the strengths of parallel coordinate plots, which were further instrumental
in visualising the distributional patterns among the many variables in their original scale. The
visualisation of the variable distributions detected both the erroneous and outlier
measurements, which were then subsequently removed. This contributed to the challenge of
the proportion of missingness present in the data. A further challenge was that the CAPRISA
raw data were in format of an unbalanced design, where each patient did not have identical
number of repeated measurements per infection phase. The interest of this study however, was
to work with a balanced design as anticipated in the statistical applications. In an attempt to
solve this problem, the last four records of each patient before each phase transition were
selected. The corresponding missingness proportion was thus reduced. The missingness
mechanism was subsequently tested, as well as being visually displayed. The conclusion was
reached that the data thus obtained were missing not completely at random. Hence a multilevel
data imputation method, using a multivariate imputation by chained equations, was applied.
This proved to be powerful, since the distributional properties of the observed and imputed

data sets were almost identical.
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The exploratory data analysis for the pattern discovery began with some descriptive statistics,
which were subsequently noted to give limited information based on phase specific and overall
summaries. The summary results included the central tendencies and measures of dispersion.
Although the magnitudes of the variable scales were informative, it was realised that pattern
discovery was very limited due to the loss of information in the summarisation process. The
procedure was further complemented by some common graphical displays such as individual
linear trajectories and locally weighted scatterplot smoothers, for each infection phase. Some
trends were observed but tended to be challenging due to the multidimensional curse. This
prompted the recalling of the parallel coordinate plots, which helps to visualise the complex
behavioural patterns between the covariate and CD4* count relationships, in a consolidated
fashion. A correlation plot, as another form of multidimensional visualisation, was
subsequently introduced. This plot revealed some redundant features, which were subsequently
dropped as they are known to pose some multicollinearity problems. The dropped redundant

features consisted of those variables with the highest mean absolute correlation.

The whole exploratory data analysis exercise eventually resulted in a clean and complete
balanced design data set. The patterns discovered in the data structure were very insightful and
indicated that indeed the covariate influence on the CD4" cell response existed, with infection
phase being a factor. Although the patterns were limited in some way, they provided strong
leads on the best course of action for suggesting more advanced investigative statistical
modelling techniques in order to obtain a more comprehensive understanding of the covariate
influence on the CD4" cell response.

Even though redundant features were dropped during the exploratory data analysis, few
features were dropped, with selection merely based on direct correlation between the
covariates. Of interest were the clinical covariates that capture the greatest variation in the
CD4* count. Their effects were believed to be influential in the management of the patient
health status during HIV disease progression. In addition, this potentially enhances resource
optimisation during the HIVV/AIDS prospective studies. As such, a further variable screening
process was deemed necessary. Three recently developed longitudinal variable selection
techniques that focus on different objectives, were evaluated. These are the time-varying
coefficient models, penalised generalised estimation equations and sparse partial least squares.
The sparse partial least squares approach was considered to be a more robust technique, as it
takes into account the multilevel nature of the longitudinal data across all the phases, as well

as simultaneously accounting for the highest variation in both covariates and responses. Since
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there was only a single response variable, the CD4" count, the main task was to reduce the 46
covariates. The adopted results of the sparse partial least squares process selected only 18
covariates. These were mostly from electrolytes, proteins and red blood cells. Having
successfully screened the covariates to obtain the most salient ones, this paved the way for
more parsimonious model building with other statistical techniques to untangle the covariate

influence on the CD4* cell count.

We then investigated the individual CD4" count linear trajectories in response to the covariates
within each infection phase. These were then used to compare the CD4" count variation
between patients in a bid to identify the clinical covariates that induced some sources of
variation. The aim was to promote a tailored medical plan for patients if it turned out that each
patient has a unique relationship between the response and the covariate. Wider variations in
the CD4" counts in response to a covariate would be an indication of the uniqueness due to that
particular covariate. Hence, well-informed management of the covariate influencing the CD4"
count was called for. It turned out that multilevel models were appropriate for this task as they
provide evidence of specific individual effects. Unlike regular regression, they allow study
effects to vary by groups, which was suitable for the HIV infection phases at hand. The
covariates were mean-centred, to compare the CD4" count variation, for an average patient.
Although the variable reduction helped to reduce the size to 18, the selected covariates were
still large for SAS. More so, there was limited literature available on multilevel model
formulation for high-dimensional covariates, with a grouping factor. This work further
contributed towards establishing such a mathematical representation. We systematically
investigated the effect of each covariate on the CD4* count, for each patient. On average, each
patient had a unique relationship of the response and every covariate during ART and majority
of the covariates in the initial upsurge of viral load, acute infection phase. Some of the CD4*
count variation patterns included an increased rate of CD4" count for the already high CD4*
count, or the worsening of the CD4" counts, which were already lower in response to an
increase in the covariates. The results further revealed that an increase in some of the covariates
was associated with less variation in the CD4* counts among the patients. Although the
multilevel models were used in capturing the individual effects, the relationships between the
CD4" count and the covariates were forced to assume a linear dependency. This approach relied
on interpreting parametric coefficients that summarises the relationships. It was then crucial to

visualise the actual behavioural trends using additive models.
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The additive models allow interesting discoveries to be made due to their flexibility, which is
not controlled by assumptions. They provide clear visualisations in displaying the response
curves, whilst relaxing the linearity assumption of the multilevel models. Their strength of this
approach lies in the ability to be highly selective of the data points that are giving a true
reflection of the response behaviour. The smoothing technique penalises the data points that
brings in the “wiggliness” in the shapes of the curves, whilst automatically taking care of
overfitting. Similar to the case of multilevel models, the random effects are incorporated but
as random smooths, which we obtain by fitting a generalised additive mixed model. In our data,
smoothing individual trajectories to a few data points per infection phase was not feasible since
even if ignoring the phases, the number of patients was simply too large for visualisation.
Consequently, specific trends were modelled. Although the additive models accommodate
semi-parametric terms, the best model fit for our data demanded that we have strictly non-
parametric terms. The traditional way of presenting such graphs was not easy due to the high
demand for programming codes and space requirements. Hence, this work also contributed
some literature on embedding the usual models into macros for productivity in modelling
multidimensional data. The results showed that an overall increase in lymphocytes,
haematocrit, platelets, albumin and ALP, corresponded to a general upward trend in the CD4*
count, whilst total protein and sodium corresponded to general downward trends in the CD4*
count. On the other hand, LDH and red blood cells showed irregular overall trends. Given these
overall trends, it was also observed that all the associated phase specific trends were
significantly different. For the other covariates such as MCV, basophils, monocytes and folate,
their phase specific trends were not significantly different from each other, but their overall
trajectories indicated a significant effect on the CD4" count. A comparison of the trends in
relation to the cohort’s average CD4" count provided an understanding of where the covariates
influenced the CD4" count to desirable levels. The points at which the curves were above the
average suggested the covariate set-points which could potentially be of use to manage towards
a better CD4" cell outcome. These set-points were found to mostly differ across the HIV
infection phases. Also, the smooth curves were in the form of straight lines that joined at some
turning points. Their interpretation was based on approximate values extracted from the graphs.
For meaningful biological references in managing the HIV disease, a more specialised
technique was required to detect the break-points. In addition, the additive model transformed
the response scale which could accordingly not be interpreted. As a way forward, a segmented

regression approach was used for the break-point detection.

174



Discussion and conclusion

The segmented linear regression model attempts to identify the number of turning points in the
curves and then fits linear equations between them. Locally weighted scatterplot smoothers can
be used to provide initial estimates during the estimation procedure to minimise the chances of
having the algorithm getting stuck in a localised turning point. The strength of the linear
relationships within the covariate sub-intervals produced by the break-points is also assessed
by confidence intervals. The mathematical representation of multiple covariates with multiple
break-points was enhanced, and further, macros were written to embed the models. The results
showed that the CD4" count had mostly three segments in which there was different
relationships with the covariates. However, in some cases for a given covariate, the break-
points were not detected in all the infection phases. Similarly, the break-points of a covariate
that were identified at each infection phase, were mostly not the same value. Only sodium
consistently showed that its linear relationship with the CD4* count changed in all the phases
at approximately 132mEg/L and 140mEg/L. The CDA4" count relationships within the
covariates sub-intervals were either significantly positive, negative or insignificant. Although
it was important to pin-point these covariate values as possible reference ranges in which they
influence the CD4" count, the segmented model and all the previously discussed models looked
at each covariate in isolation. In more realistic terms, the CD4" cells, the covariates and the
HIV co-exist in a host whose system consists of complex interrelationships. We subsequently

introduced the structural equation models to unravel such connections.

The structural equation models allow for the modelling of unmeasured variables. Like any
other research activity where a study is usually triggered by a theoretical framework, the
structural equation models proposes a system of relationships that are subject to evaluation. A
confirmatory factor analysis model was considered where the original hypothesis was modified
until the best fit to the data was achieved. The clinical platforms of the covariates were assumed
to be the theoretical constructs that cannot be measured. Together with the observed covariates,
the constructs were believed to form a system that had influential effects on the CD4" cell
count. Because the CD4" count was monitored over time, the developmental changes in the
confirmatory factor analysis were captured as autoregressive effects. Hence, the structural
equation models variant called cross-lagged path model was the most suitable approach due to
its resemblance to the homeostatic nature that exists in real life supporting systems. The
reshaping of data to suit this model gives rise to an increased number of variables to analyse
and consequently the output. Again there was no documented approach available to present

such massive amount of cross-lagged path model results data. We also resorted to results data
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wrangling and graphical displays of the standardised regression weights using parallel
coordinate plots, that helped with pattern discovery too. The correlations were better displayed
as multiple bar charts. The system of interrelationships showed that at any given time, the
unmeasured secondary construct from full blood count, had the greatest influential effects of
the CD4" count. This secondary construct was formed by other first order constructs namely
red blood cell group (the dominant one) and white blood cells. In turn, the red blood cell group
and white blood cells group were dominated by MCV and lymphocytes respectively. On the
other hand, the biochemistry construct, which did not show significant effect on the CD4" cell
count was dominated by LDH. All the biochemistry, red blood cell group and white blood cells
clinical platforms, that were unmeasured variables, indicated that they were influenced by the
effects of their previous time points. The cross-lagged path model further revealed that some
measurements at different time points were highly correlated, either from the same variable, or
from different covariates. Although there were chained effects in the complex relationships,
the CD4" count indicated that it was also influenced by its own lagged effects, following the

full blood count effect.

It is important to acknowledge that there were some limitations in the data. The baseline records
before HIV infection were not available, limiting the opportunity to compare the covariate
influence on the CD4" cell response, before and after the HIV infection. Potentially important
confounders that could have been adjusted were also not available. These include dehydration,
underlying infection, comorbidities and patient dietary conditions, especially their effect on the
biochemistry covariates. The second short coming of this study is lack of development of

influence diagnostics in the models adopted.

Evaluating the clinical covariates for patients with extremely low CD4" counts, is also
recommended owing to the key driver for prophylaxis and surveillance for opportunistic
infections related to CD4" count < 250cells/mm?. Given big enough sample size for such
records alone would suffice in a similar investigation. It is also important to note that the policy
on ART initiation has changed recently, where medication is now started as soon as a patient
is diagnosed with HIV. The strongest covariates identified in this study are based on a study
design that delayed the medication process. Hence, one of the future areas of research is to
identify the strongest covariates and their influential effects on the CD4" cell count, with data

that take into account the context of the recent policies on ART initiation upon diagnosis.
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The effectiveness of the GAMM can further be improved by incorporating the break-point
detection of the segmented model. In both methods, the original scale of the covariates is
preserved such that detecting the GAMM break-points can still provide meaningful biological
interpretation. Instead of detecting the GAMM smooth turning points, the segmented model
tended to pinpoint the break-points of the locally weighted scatterplot smoothers. Accordingly,
the other future direction of research would be integrating GAMM with breakpoint analysis.
The SEM approach modelled the linear relationships even though the GAMM and breakpoint
analysis shows that the relationship between the covariates and CD4" count is nonlinear. This
might be considered as another shortcoming of this study. Hence, one of the possible future

direction of the study would be nonlinear SEM model.
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ABSTRACT

Introduction: Past endeavours to deal with the
obstacle of expensive Cluster of Difference 4
(CD4™") count diagnostics in resource-limited
settings have left a long trail of suggested con-
tinuous CD4" count clinical covariates that
turned out to be a potentially important inte-
gral part of the human immunodeficiency virus
(HIV) treatment process during disease pro-
gression. However, an evaluation to determine
the strongest candidates among these CD4%
count covariates has not been well
documented.

Methods: The Centre for the AIDS Programme
of Research in South Africa (CAPRISA) initially

Enhanced digital features To view enhanced digital
features for this article go to https://doi.org/10.6084/
m9Y.figshare.7637267

Electronic supplementary material The online
version of this article (https://doi.org/10.1007/s40121-
019-0235-4) contains supplementary material, which is
available to authorized users.

P. Tinarwo (<) - T. Zewotir - D. North

School of Mathematics, Statistics and Computer
Science, University of KwaZulu-Natal, Durban,
South Africa

e-mail: partsont@gmail.com

N. Yende-Zuma - N. J. Garrett

Centre for the AIDS Programme of Research in
South Africa (CAPRISA), University of KwaZulu-
Natal, Durban, South Africa

enrolled HIV-negative (phase 1) patients into
different study cchorts. The patients who sero-
converted (237) during follow-up care were
enrolled again into a post-HIV infection cohort
where they were further followed up with
weekly to fortnightly visits up to 3 months
(phase 2: acute infection), monthly visits from
3-12 months (phase 3: early infection) and
quarterly visits thereafter (phase 4: established
infection) until antiretroviral therapy (ART)
initiation (phase 5). The CD4" count and 46
covariates were repeatedly measured at each
phase of the HIV disease progression. A multi-
level partial least squares approach was applied
as a variable reduction technique to determine
the strongest CD4" count covariates.

Results: Only 18 of the 46 investigated clinical
attributes were the strongest CD4" count
covariates and the top 8 were positively and
independently associated with the CD4" count.
Besides the confirmatory Iymphocytes, these
were basophils, albumin, haematocrit, alkaline
phosphatase (ALP), mean corpuscular volume
(MCV), platelets, potassium and monocytes.
Overall, electrolytes, proteins and red blood
cells were the dominant categories for the
strongest covariates.

Conclusion: Only a few of the many previously
suggested continuous CD4" count clinical
covariates showed the potential to become an
important integral part of the treatment pro-
cess. Prolonging the pre-treatment period of the
HIV  disease progression by effectively
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incorporating and managing the covariates for
long-term influence on the CD4" cell response
has the potential to delay challenges associated
with ART side effects.

Keywords: CD4" count; Continuous clinical
covariates; HIV disease progression; Multilevel
partial least squares; Prospective cohort studies;
Variable reduction

INTRODUCTION

The Cluster of Difference 4 (CD4%) count is the
most common indicator of health status and
immune function of patients infected with the
human immunodeficiency virus (HIV) [1]. Sev-
eral CD4™" count covariates from different clin-
ical platforms have been investigated in HIV-
positive patients. The quest for understanding
the behavioural patterns of the CD4" count
covariates has been due to different reasons
ranging from their potential use as either cost-
effective CD4" count surrogates [2-4] or pre-
dictors [5-7] to pre-treatment assessment and
monitoring of therapy in HIV-positive patients
[8]. Such endeavours to keep abreast of the
health status of HIV-positive patients in the
absence of the CD4™" count were triggered by
high costs of the CD4* count diagnostic devices
in the past [9, 10], making them not easily
accessible to resource-limited settings in the
developing world [11] where the health facili-
ties are usually overburdened [12]. The chal-
lenge was exacerbated by operational and
logistical issues [13, 14] in the supply of essen-
tial medicine for the patients [15-17] including
frequent instrument breakdown and poor
manufacturer maintenance of CD4" count
diagnostics [18]. Recently, obtaining the CD4"
count has become extraordinarily inexpensive
[19-21] and, in the contemporary era of
antiretroviral therapy (ART), the monitoring
and restoration of patient’s CD4% count to
acceptable levels are now relatively easy [22]
and have led to improved patient survival
periods [23]. Despite the breakthrough in ART,
recommendations have been made to suggest
other factors that influence long-term CD4"
cell response in conjunction with the therapy

[24]. As such, previous studies have been
inclined more towards social, demographic and
other categorical factors [25-27], which suffer
from information loss due to their grouping
nature [28, 29]. On the other hand, the “richer”
continuous clinical covariates are more sensi-
tive to sources of variation [30] in the CD4"
count and better capable of capturing and
explaining realistic behavioural patterns of the
CD4™ cell response in the face of the rapidly
mutating [31] HIV that is known to attack the
CD4" cells [32]. The suggestion of the CD4"
count surrogates, predictors and pre-treatment
assessment options in the past turned out to
have the potential to be manipulated as drivers
for influencing long-term CD4™" cell response in
HIV-positive patients. For example, a close fol-
low-up on sodium has been reported to
improve outcomes [33] as it positively influ-
ences the CD4" count and its early manage-
ment was found to be a contributing factor to
the survival rates of HIV-positive patients [34].
Among other CD4" count clinical covariates,
sodium and calcium levels are affected by diet-
ary conditions [35, 36], which can become a
potentially important integral part of the HIV
treatment process during disease progression.
Other blood chemistry components have also
been suggested [5, 7, 33, 37-52] including CD4™"
count covariates from other clinical platforms
such as the full blood count [3, 5, 53-57], lipids
[58-60], sugar [61-63] and clinical examination
measurements [2, 6, 64-71]. It then stands to
reason that endeavours to deal with the obsta-
cle of expensive CD4" count diagnostic devices
in the past left a long trail of suggested con-
tinuous CD4" count clinical covariates that
have potential to be an important integral part
of the treatment process during HIV disease
progression. The list of such potentially man-
ageable continuous CD4" count clinical
covariates has also grown over the past few
years owing to the tremendously high volume
of patient electronic health records that are
being stored at a faster pace and relatively
cheaper than in the past [72]. However, an
evaluation to determine the strongest candi-
dates of these continuous CD4" count clinical
covariates during HIV disease progression has
not been well documented.
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This bioinformatics study aimed to pool and
evaluate the previously and independently
suggested continuous CD4" count clinical
covariates to give an insight on the strongest
drivers of the long-term CD47" cell response in
HIV-positive patients during the disease pro-
gression. Our goal was to shed more light on the
possibilities of integrating and managing the
continuous CD4" count clinical covariates in
the HIV treatment process. For example, ART is
a major milestone in HIV treatment [73] but it is
associated with side effects that can lead
patients into challenging situations [74, 75].
Hence, the realisation of managing this con-
tinuous clinical covariate influence on the
CD4™ cell response would potentially prolong
the pre-treatment period and increase the like-
lihood of delaying patients in experiencing
ART-related issues at an early stage of the dis-
ease progression. Some of the statistical tools
previously used to assess the CD4" count and
covariate associations either were limited or
suffered from information loss, for example,
analysis of variance (ANOVA) [51, 76, 77],
confidence intervals [64], t-tests [58-60], non-
parametric tests [33, 38], chi-square tests
[61, 78], linear regression [65, 79], sensitivity,
specificity and positive prediction [2, 8] and
correlation analysis [63, 66, 80]. As such, we also
sought to pave the way for other areas such as
predictive modelling with streamlined influen-
tial clinical covariates that are richer in infor-
mation preserved in their continuous nature to
explain the CD4" count variation. We evalu-
ated available measurements of the continuous
CD4™ count clinical covariates routinely col-
lected at the Centre for the AIDS Programme of
Research in South Africa (CAPRISA).

METHODS

The Study Design

The CAPRISA 002 enrolled 245 HIV-negative
(phase 1: pre- HIV infection) female sex workers
into an Acute Infection study. The establish-
ment of the acute infection study, cohort
screening and seroconverts; routine evaluation
procedures; CAPRISA-participant interaction

and data management have been previously
documented [81]. The study protocol and
informed consent documents were reviewed
and approved by the local ethics committees of
the University of KwaZulu-Natal, the University
of Cape Town, the University of the Witwater-
srand in Johannesburg and the Prevention Sci-
ences Review Committee (PSRC) of the Division
of AIDS (DAIDS, National Institutes of Health,
USA). The study was also performed in accor-
dance with the Helsinki Declaration of 1964
and its later amendments. The consent forms
were translated into vernacular language, isi-
Zulu, and written informed consent was
obtained at each stage of the study. All minors
under the age of 18 years were excluded from
the study as part of the screening procedure,
The HIV-negative cohort was followed up and
upon HIV infection they were further followed
up with weekly to fortnightly visits up to
3 months (phase 2: acute infection), monthly
visits from 3-12 months (phase 3: early infec-
tion) and quarterly visits thereafter (phase 4:
established infection) until ART initiation
(phase 5). Eventually 27 seroconversions were
recorded. In addition to the 27 seroconverts,
210 more patients who seroconverted from
other CAPRISA studies were also enrolled and
similarly followed up post infection from the
acute to ART phase. Figure 1 summarises how
the total sample size of 237 seroconverts for this
study was obtained.

Data

Four time points prior to each phase transition
were selected, which resulted in a total of 16
repeated measurements being investigated for
each patient. The baseline (Phase 1) repeated
measurements were scarce; hence, this study
focused on phases 2 to 5 only. The CD4* count
covariates include: full blood count, lipids,
sugar, blood chemistry and clinical examina-
tion. Several of these variables have been stud-
ied as potential covariates for the CD4" count
but mostly contested in isolation or within a
small group of barely just under five variables
confined within their respective clinical
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Voluntary Counselling and
Testing (VCT),
n=775

\ 4
1% Rapid HIV antibody

(Abbott Laboratories)
v
HIV Positive
v
2" Rapid HIV antibody
(Capillus; Trinity Biotech)
v v v v
HIV Positive, n = 462 Discordant HIV Negative, n = 313
(Excluded) (Initially eligible)
A
Confirmatory HIV Test
Enzyme ImmunoAssay (EIA)

Seroconverts from
any other CAPRISA
study, n =210

v

Enrolled into

Exclusion criteria of uninfected, n = 68
22 — Less than 3 sexual partners
16 — Pregnant
04 — Planned to relocate
03 — Under 18 years’ old
02 — Afraid of the testing procedures
21 — Never returned for enrolment

\ 4

HIV Negative, n = 245
(Enrolled into cohort)

v

Seroconverts from

Follow up care,
n =237

Fig. 1 Study design. The HIV-negative cohort screening
involved 775 voluntary potential candidates of which 462
were already HIV positive and 313 initially eligible. Of the
313 HIV-negative patients, only 245 were enrolled and the
rest excluded for various reasons according to the eligibility

HIV negative cohort,
n=27

criteria. Eventually 27 out of the 245 seroconverted were
enrolled into follow-up care. Seroconverts from other
CAPRISA studies (210) were also included into the
follow-up care that resulted in a total of 237 patients for
this study
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plattorms. All the data sets from the different
clinical platforms were pooled into a single data
set.

Statistical Analysis

All the analysis was performed in the open-
source R software, version 3.5.0. Firstly, a
descriptive summary of the repeated measure-
ments was provided using the function stat.desc
in the pastecs library. Secondly, redundant
features among the covariates were investigated
using correlation analysis that dropped off the
covariates with the highest mean absolute cor-
relation using the findCorrelation function.
Thirdly and last, this was then followed by the
partial least squares (PLS) approach to model
building with the application of the spls func-
tion in the mixOmics library, which is capable
of handling the complex structure of repeated
measurements. The package incorporates a
design matrix to account for variation in the
multilevel structure of the longitudinal data.
PLS handles multicollinearity and a very large
number of variables in longitudinal data. It
ranks the covariates from strongest to weakest
allowing variable selection and consequently
dimension reduction. Since the PLS is a multi-
dimensional analysis technique, graphical dis-
plays of the results were wvital to
comprehensively visualise the variable selection
process with the aid of the instrumental R
libraries: the ggplot2 and ggrepel.

RESULTS

Descriptive Statistics

Table 1 shows that throughout the follow-up
care, the minimum and maximum CD4™" counts
recorded were 45 and 1395 cells/mm?, respec-
tively. During the follow-up period, at least 50%
of the CD4* count repeated measurements were
above 539  cellsymm® and  averaging
571.14 + 238.45 cells/mm® with an overall
variation of 41.75% around the cohort average.
The greatest variation in the covariates was
observed in eosinophils (101.11%), basophils

(75.74%)
(64.20%).

and gamma glutamyl transferase

Redundant Feature Selection

Table 2 shows that haemoglobin (Hb), mean
corpuscular haemoglobin (MCH), leucocytes,
cholesterol, hip circumference, weight (kg) and
body mass index (BMI) were highly correlated
with the other covariates. The anthropometric
measurements were the most highly correlated
among themselves but the BMI, although
marked as a redundant feature, was intuitively
included in the second stage of variable reduc-
tion using the PLS.

Variable Selection

The optimal principal component (Fig S1)
explained 68.95% of the wvariance in the
response (CD4" count) and the variable selec-
tion simultaneously considered both the vari-
able importance in projection (VIP) and
regression coefficients (see Fig S2 for details).
We presented all three VIP cut-off points where
a cut-off point of 1.5 can be considered as a
strict selection, 1.0 as moderate and 0.8 as
lenient. A stricter variable selection process
selected two covariates, the moderate (13) and
lenient (18), of the 40 non-redundant features
available for our study. We developed an inter-
est in all the 18 strongest covariates as selected
by the lenient cut-off point.

Figure 2 provides a list of all 40 covariates
from the strongest to the weakest significance as
well as their behavioural patterns in the pre-
dictive power (coefficients), component con-
struction (loadings) and independent
association (correlation) with the CD4" count
together with the associated p wvalues. The
covariate loadings and regression coefficients
indicated more or less the same effects in com-
ponent construction and predictive power,
respectively. Among the significant covariates,
folate, magnesium, calcium and sodium had the
highest reducing effect on the CD4" count,
whereas alkaline phosphatase (ALP), mean cor-
puscular volume {(MCV) and lactate dehydro-
genase (LDH) corresponded to an increased
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Table 1 A dcscriptive summary of the invcstigatcd variables

Variable Min Median Mean Max SD CVv
(%)
Full blood Red blood cells  CD4 count (cells/mm?) 45.00 539.00 571.14 1395.00 23845 41.75
count Red blood cell count 269 423 428 555 049 1148
Haemoglobin(l—lb) 7.20 12.20 1228 16.20 1.59 12.96
Haematocrit 0.23 0.37 0.37 0.48 0.04 11.18
MCV 6420 86.90 87.11 108.00 6.99 8.02
MCH 19.40 28.70 2878 37.20 2.88 10.02
MCHC 29.10  33.00 3302 37.10 134 4.05
RDW 11.10 1430 14.68  22.40 1.87 12.71
Platelet 43,00 287.00 29513 591.00 81.01 2745
White Leucocytes 1.85 4,98 5.31 11.90 1.73 32.62
blood cells Neutrophils 0.59 2.43 278 7.79 1.33 47.84
Lymphocytes 0.37 1.79 1.90 442 0.74 38.78
Monocytes 0.07 0.39 0.41 1.01 0.15 37.13
Eosinophils 0.00 0.10 0.15 0.80 0.15 101.11
Basophils 0.00 002 0.02 0.09 0.02 7574
Lipids Cholesterol 1.10 3.80 3.84 7.00 0.87 22.73
LDL 0.60 2.30 2.31 4.80 0.71 30.73
Triglycerides 0.00 0.90 0.97 2.80 0.46 47.20
Glucose 1.00 2.00 1.62 3.00 0.67 40.96
Blood Liver function ~ ALT(GPT) 400  19.00 2122 6400 943 4443
chemistry AST(GOT) 1250 25.00 2730 7200 1006 36.86
Bilirubin 0.00 7.00 7.32 20.00 3.35 45.71
Alkaline phosphatase 28.00 66.00 70.52 162,00 2152 3051
Gamma glutamyl transferase  4.00  19.00 2358  94.00 1514  64.20
Electrolytes Calcium 1.93 2.28 2.29 2.67 0.11 4.67
Chloride 95.00 105.00 105.14 115.00 2.83 2.69
Magnesium 0.58 0.82 0.82 1.09 0.08 9.63
Potassium 0.65 292 3.19 6.00 0.82 25.73
Sodium 129.00 137.00 13690 145.00 2.35 1.72
Protein Protein 56.00  83.00 84.16  99.00 7.84 9.32
Albumin 21.00 38.00 3790 52.00 451 11.89
Lactate dehydrogenase 27.00 440.00 43831 1076.00 169.58 38.69
Iron and Iron (Fe) (mcg/dl) 1.00 11.00 11.59 3445 6.09 52.52
vitamins Folate (nmol/l) LIS 1365 1569 4928 847  53.99
Vitamin B12 (ng/ml) 0.00 274.00 29656 829.75 12654 42.67
Urea (mmol/1) 1.10 3.30 3.42 6.80 0.95 27.87
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Table 1 continued

Variable Min  Median Mean Max SD Ccv
(%)
Clinical Physical BP(systolic) (mmHg) 7400 118.00 118.64 168.00 1381 11.64
examination BP(diastolic) (mmHg) 46,00 7450 7514 109.00 9.67 12.87
Pulse (bpm) 48.00  80.00 81.03 118.00 10.08 1244
Axillary temperature (°C) 3430 3625 3624 3790 0.49 1.36
Anthropometric  Waist circumference (cm) 31.00 84.00 8699 14500 1625 18.69
Hip circumference(cm) 6412 10600 107.99 160.00 1458 13.50
Arm(right) circumference 1350  29.00 29.87  47.00 5.35 17.92
(em)
Triceps skin fold (mm) 5.00 25.00 27.29  61.00 10.53  38.60
Height (m) 1.31 1.57 1.58 1.81 0.08 5.14
Weight (kg) 3850  69.00 73.66  150.00 20.96 28.46
Body mass index (BMI) 16.00 27.53 2952 61.10 8.10 27.45
(kg/m?)
Table 2 Redundant features: highly correlated (» > 0.75) covariates of the CD4 count
Hb" MCH" Leucocytes®  Cholesterol® Hip Weight BMI”
circumference”  (kg) *
Haemarocrit 0.9499
MCV 0.9211
Neutrophils 0.8464
LDL 0.8636
Waist circumference 0.7580 0.8158 0.7810
Hip circumference 0.8884 0.8414
Arm(right) circumference 0.7867 0.8006 0.7925
Weight(kg)*® 0.9149

Hb, hacmoglobin, MCH, mean corpuscular haernoglobin, MCV, mean corpuscular volume, L.DFL, low—density lipoprotcins,

BMI, body mass index
4 D[OPPCd I'Cdu[ld'slnt fCﬂturC

® Intuitively included redundant feature in the PLS variable reduction

CD4% count. In this study, the lymphocytes had
the highest direct independent positive corre-
lation with the CD4™ (r = 0.5421, p < 0.0001)
followed by haematocrit (r=0.2337, p <
0.0001). On the other hand, protein had the
highest negative correlation (r = — 0.1740, p <
0.0001) with the CD4™" count followed by folate
(r = — 0.1530, p < 0.0001). The results showed

that the top 8 of the 18 selected covariates were
positively and independently associated with
the CD4" count. Of all the investigated 40 non-
redundant covariates, red blood cell distribu-
tion width (RDW), pulse, urea, alanine amino-
transferase (glutamate pyruvate transaminase)
ALT(GPT) and axillary temperature were the
least important.
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Fig. 2 Variable importance. Also shown are the related loadings, standardised regression coefficients and correlations of

each covariate with the response variable (CD4 count)

A look at the significant variables by clinical
category (Fig. 3) revealed that there was no sig-
nificant variable selected from lipids, physical
examination and anthropometric measure-
ments. Folate was the only significant variable
in its category and similarly alkaline phos-
phatase only among the liver function indica-
tors. The PLS suggested chloride and RDW as
the only insignificant CD4" count covariates

among the electrolytes and red blood cells,
respectively. Given the lymphocytes, basophils
and monocytes, the significant covariates
within the white blood cells group, the lym-
phocytes were dominantly significant. Gener-
ally, most of the significant CD4" count
covariates were selected from electrolytes, pro-
teins and red blood cells. The data for all the
variable selection plots are given in File S1.
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DISCUSSION

In the present study, we evaluated a list of
continuous CD4™ count clinical covariates that
were available at CAPRISA to determine the

2
Score value

L

chemistry, sugar, lipids and full blood count. The
horizontal broken grey lines divide the subgroups within
the major groups

strongest candidates that can potentially
become an important integral part of the HIV
treatment process. The HIV targets and Kkills
CD4™" cells resulting in the CD4" count being
an important outcome indicator for the
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patient’s health status. ART is known to supress
the viral load and consequently an increased
number of CD4™ cells are spared giving rise to
an improved immune system [73]. Hence, dur-
ing the HIV treatment phase, ART is a major
determinant of the CD4" count distribution.
The intention of this study was to select the
continuous clinical covariates that contributed
to the greatest variation in the CD4" count
from an overall perspective throughout the
post-HIV period including ART. We used the
PLS approach to achieve this and variable
reduction is possible [82] given the long list of
covariates under study. The PLS also handles the
variation in the multilevel structure of the data.
The evaluated covariates were already known to
be associated with the CD4% count based on
other statistical methods that were limited in
some way or suffered from information loss due
to grouping and details given in the introduc-
tion section. The predictive nature of the
selected continuous covariates was beyond the
scope of this work as our focus was on variable
selection vet paving the way for such areas as
predictive modelling with streamlined and
richer continuous CD4" count clinical covari-
ates. In this discussion we provided a brief
summary of the functions of the selected and
strongest 18 (out of 46) covariates according to
our PLS model to point out the direction for
future studies on the feasibility of incorporating
them in the HIV treatment process to influence
long-term CD4" cell response especially in an
attempt to prolong the pre-treatment period
and hence the likelihood of delaying the
patients from experiencing the ART side effects,
although the covariates can still be influential
in the long-term CD4" cell response during
therapy as previously reported [33, 34]. On our
list of selected continuous clinical covariates,
the lymphocytes were the strongest, as expec-
ted, because the CD4™" cells are a T cell type [83]
whereas the lymphocytes are either B or T cells
[4, 56, 84]. Our results also showed the lym-
phocytes to have the highest independent pos-
itive correlation with the CD4" count
(r=0.5421, p < 0.0001). Hence, efforts to
improve the CD4"% cell response seem to be
similar to those for the lymphocytes and the
results obtained hereby serve to give an

assurance of the effectiveness of our statistical
methodology. In light of the other selected
variables, our results showed the need to pay
much attention to the white blood cells (ba-
sophils and monocytes) and platelet count.
Basophils and monocytes control damage to
body tissues and inflammation and fight
pathogens, respectively [84]. Platelet count
measures the blood clotting condition [84-87].
Although they are the least abundant leuco-
cytes [88], our study has found basophils to
explain the greatest variation in the CD4"
count following the lymphocytes. However, the
direct contact between human basophils and
CD4" T cells is known to mediate viral trans-
infection of T cells through the formation of
viral synapses [89, 90]. Also, the presence of
basophils and other white blood cells in the
blood is affected by underlying infection [91].
Areas of potential consideration in the blood
chemistry group included potassium, sodium,
calcium, magnesium, ALP and folate. Potassium
regulates the acid-base chemistry and water
balance [92], nerve impulses and heart muscle
[84, 85]. Potassium’s effect on the CD4™ count is
affected by underlying comorbidities [93].
Sodium and calcium regulate the water balance,
blood pressure, blood volume, heart rhythm
and most importantly the brain and nerve
tunction [84, 85, 92]. Changes in the sodium
concentration are known to create an osmotic
gradient between the extra- and intracellular
fluid in cells [94] suggesting that a proper bal-
ance is essential. Magnesium is involved in
muscle contractions and protein processing
[84], ALP in detecting liver health [1, 95, 96]
and folate for cell growth and metabolism
[97, 98]. Red blood cells indices [haematocrit,
MCV, mean corpuscular haemoglobin concen-
tration (MCHC) and red blood cells] are related
to haemoglobin [99], which binds oxygen for
transport to tissues and binds tissue carbon
dioxide to transport it back for exhalation
[100, 101]. The indices indicate the volume,
concentration and proportions of red blood
cells [101, 102]. Because volume contributes to
the haematocrit, dehydration becomes a con-
founder of the CD4™" count relationship. Details
on patient dehydration were not available and
this has not been taken into consideration in
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this study. In line with the red blood cell indi-
ces, our results revealed that LDH also needs
attention. LDH is a cytosolic enzyme that
enables the fulfilment of short-term energy
requirements in the absence of sufficient oxy-
gen at the expense of a greater consumption of
glucose cells [103]. Proteins (total protein,
albumin and LDH) were included in the selec-
ted list for the maintenance of normal water
distribution between the tissues and blood as
well as acid-base balance [104].

It is important to acknowledge that there
were some limitations to this study. Several
variables that influence the clinical covariates
may not have been included, for example,
dehydration, underlying infection, comorbidi-
ties and patient dietary conditions, especially
their effect on the biochemistry covariates.
These are potentially important confounders
that could have been adjusted. Furthermore,
the study findings were limited to adult females.
We recommend future studies to consider the
effect of gender and age on the strongest CD4"
count covariates during HIV disease progres-
sion. Given a large enough sample size, evalu-
ating the clinical covariates for subjects with
CD4" count < 250 cells/mm® is also recom-
mended owing to the key driver for prophylaxis
and surveillance for opportunistic infections
related to CD4™ count < 250 cells/mm?>.

CONCLUSION

Only a few of the many clinical attributes rou-
tinely collected during the HIV disease pro-
gression were found to be strong CD4% count
covariates and mostly from electrolytes, pro-
teins and red blood cells. Prolonging the pre-
treatment period of the HIV disease progression
by effectively incorporating and managing the
covariates for the long-term influence on the
CD4™ cell response has the potential to delay
the challenges associated with ART side effects.
Damage to body tissues and inflammation as
indicated by basophils was found to be the
strongest CD4" count covariate to effectively
incorporate and manage for long-term influ-
ence on the CD4™ cell response. Lipids, physical
examination and anthropometric

measurements are not worth considering as
important drivers of the CD4" count when
monitoring the health status of HIV-infected
women during disease progression. There is a
possibility of resource optimisation by stream-
lining the amount of routinely collected infor-
mation when monitoring the health status of
HIV-infected patients during the disease pro-
gression using just a few of the clinical attri-
butes that strongly co-vary with the CD4%
count.
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Purpose: To investigate the variation in CD4 count between HIV positive patients due to
clinical covariates at each phase of the HIV disease progression.

Patients and methods: The Centre for the AIDS Programme of Research in South Africa
(CAPRISA) conducted different studies in which female patients were initially enrolled in
HIV negative cohorts (phase 1). Seroconverts were further followed-up weekly to fortnightly
visits up to 3 months (phase 2: acute infection), monthly visits from 3 to 12 months (phase 3:
early infection), quarterly visits thereafter (phase 4: established infection) until antiretroviral
therapy (ART) initiation (phase 5).

Results: Eighteen out of the 46 CD4 count covariates investigated were significant. Low
average CD4 counts at acute and early phase entry improved at a faster rate than entries at
higher average CD4 count. During therapy, all the 18 covariates induced significantly
different patients’ average CD4 counts. The rate of change of CD4 count greatly varied in
response to lactate dehydrogenase during the acute phase. Red blood cells increase resulted
in the patients’ CD4 counts approaching a common higher level during the early phase.
During therapy, the already high CD4 counts improved faster than lower ones in response to
the red blood cells increase. As the monocytes increased, patients with lower average CD4
counts became worse than those with higher average CD4 counts.

Conclusion: Changes in the covariates measurements either induced no variation effects in
certain phases or improved the CD4 count at a faster rate for those patients whose average
CD4 was already high or worsen the CD4 level which was already low or caused the
patients’ CD4 counts to approach the same level — higher or lower than the general cohort.
The studied covariates induced wide variations in the CD4 count between HIV positive
patients during the ART phase.

Keywords: parallel plot, redundant features, partial least squares, mixOmics, mixed models,
between variation

Introduction

A human body is a complex machine that usually responds automatically to the
changing internal and outside environments.' Although there are measurement
reliabilities™ in recording patient information, by nature, the repeated measure-
ments from the same individual are bound to vary. Inasmuch as this variation exists
within an individual and so does between any two given individuals. Regardless of
this inter-individual variation, the health care fraternity generally administers an
average dose of medication to patients irrespective of their differences in either the
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body tolerances, specific needs, or preferred medical treat-
ment. However, there ought to be some medical measure-
ments that are likely to remain fairly the same across
patients whilst others greatly fluctuating to bring about
the individual or time uniqueness. There is a need to
understand these components that vary widely among
individuals to streamline the focus areas in providing
specific treatment needs during patients’ care.

Cohort studies,*>* especially in the context of HIV/AIDS,
commonly record the CD4 cell count, the prime target of HIV,’
for monitoring the HIV disease progression,® and hence the
CD4 count being regarded as a health indicator.® Alongside the
CD4 count, many other covariates have also been recorded and
these include the full blood count,” lipids,“‘"18 sugar,l‘)‘21
blood chemistry,'***°
However, an evaluation to determine the clinical covariates
that bring the variation in the CD4 count between HIV patients
during the disease progression has not been well documented.
This gives an insight on the potential to manipulate and incor-

9

and clinical examination.***

porate these influential CD4 count covariates to streamline the
pathway to tailored medical attention for HIV-infected indivi-
duals at a specific HIV infection phase.

Previously, the associations of these covariates with the
CD4 count have been analyzed with statistical methods that
ranged from Pearson or Spearmen correlation analysis,” >’

sensitivity, specificity and positive prediction,”>> linear

regression”™>>  multivariate  regression,'®  logistic
regression,”®*>  Chi-Square tests,”®**>® non-parametric
tests,>*? independent student t-tests,57’58 confidence

. - . 59,
intervals,*” the analysis of variance” 10

to generalized esti-
mating equations.?” Their limitations include the inability to
give the covariates an opportunity to compete in a single
multidimensional model to identify the most influential
ones and consequently assessing their effects on the CD4
count variation.

This study aimed to pool the covariates from five
clinical platforms in order to identify the ones that
bring the CD4 count variation between HIV positive
patients at each phase of the HIV disease progression.
Our first objective was to minimize multicollinearity
among the covariates by using correlation analysis and
the application of partial least squares as
a multidimensional analysis approach to obtain the most
salient CD4 covariates. A mixed model approach was
then applied as the second objective to investigate the
CD4 count variation between HIV positive patients in
response to the covariate induced random effects using

the data from CAPRISA studies.

Materials and methods

The study design

The CAPRISA 002 enrolled 245 HIV negative (Phase I:
pre-HIV infection) female sex workers into an Acute
Infection study. The establishment of the acute infection
study, cohort screening and seroconverts; routine evaluation
procedures, CAPRISA-participant interaction, and data
management have been previously documented,®’ and was
conducted in accordance with the Declaration of Helsinki.
The study protocol and informed consent documents were
reviewed and approved by the local ethics committees of
the University of KwaZulu-Natal, the University of Cape
University of the Witwatersrand in
Johannesburg, and by the Prevention Sciences Review
Committee (PSRC) of the Division of AIDS (DAIDS,
National Institutes of Health, USA). The consent forms
were translated into vernacular language, isiZulu and writ-

Town, the

ten informed consent obtained at each stage of the study. All
the minors, under the age of 18 years were excluded from
the study as part of the screening procedure. The HIV
negative cohort was followed up and upon HIV infection,
they were further followed-up weekly to fortnightly visits
up to 3 months (Phase II: acute infection), monthly visits
from 3 to 12 months (Phase III: early infection), quarterly
visits thereafter (Phase IV: established infection) until anti-
retroviral therapy (ART) initiation (Phase V). Eventually,
27 seroconversions were recorded at the end of the study of
an average period of 4.5 years. In addition to the 27 ser-
oconverts, 210 more patients who seroconverted from other
CAPRISA studies were also enrolled and similarly fol-
lowed up postinfection from acute to ART phase. Figure 1
summarizes how the total sample size of 237 seroconverts
for this study was obtained.

The data

Table 1 shows the studied repeated number of measurements
per individual at each phase. Four-time points prior to each
phase transition were selected and that resulted in a total of
16 repeated measurements being investigated for each
patient. The baseline, pre-HIV (Phase I) repeated measure-
ments were scarce and hence, this study focused on Phases
[I-V only. The CD4 count is the response variable and the
routinely collected information on the covariates (cl—c46)
consists of full blood count, biochemistry, sugar, lipids, phy-
sical examination, and anthropometric measurements. The
raw data for the study are available as Supplementary mate-
rial (File S1).
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Figure | The recruitment of the 237 study participants. The HIV negative cohort screening involved 775 voluntary potential candidates of which 462 were already HIV
positive and 313 initially eligible. Of the 313 HIV negative, only 245 were enrolled and the rest excluded for various reasons according to the eligibility criteria. Eventually, 27
out of the 245 seroconverted and enrolled into follow-up care. Seroconverts from other CAPRISA studies (210) were also included in the follow-up care that resulted in

a total of 237 patients for this study.

Statistical analysis

The statistical analysis first considered a parallel plot
overview of the variations in the repeated measurements
around their respective means within each phase followed
by dropping off of redundant features. This involved
dropping off the variables with the highest mean absolute
correlation using the find correlation function at the
initial variable reduction stage and then another
further second variable reduction stage involving the
selection of the important variables using the PLS with
the application of the split function in the library
mixOmics. The library mixOmics is capable of handling

the complex structure of repeated measurements and

incorporates a design matrix to account for variation in
the multilevel structure of the longitudinal data. Both the
variable reduction functions were used in open source
R software, version 3.5.0. Finally, a mixed model was
applied using SAS 9.4 PROC HPMIXED and PROC
MIXED to a reduced set of the CD4 count covariates.
The model with an unstructured variance was appropriate
to estimate the intercept-slope covariance and the
repeated measurements took an autoregressive moving
average correlation structure of [ARMA (1,1)]. Each
covariate in the reduced set of the covariates was mean
centered to obtain the intercepts for the average patient
and scaled for estimates comparison.
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Table | The studied number of repeated measurements per individual
Phase: | 2-Acute 3-Early 4-Est 5-ART
Time: Ti1'73 Tn72 T_,,,,| Tn Tnf.'% Tan T’H*l Tn Tn73 Tn72 Tnfl Trr Tn73 Trr72 Trrfl Tn
ID Variable
0l CD4 | | | | | | I | I | | | | | | |
0l c0l | | | | | | | | | | | | | | | |
0l <02 | [ | | | | | | | | | | | | | |
0l C46 [ [ | | | I | | | | | | | | | |
02 CD4 | | | | 1 I | | 1 | | | | | | |
02 <0l | | | | | | | | | | | | | | | |
02 c02 | [ | | | I | | | | | | | | | |
02 c46 | | | | I | I | I | | | | | | |
237 | CD4 | | | | | | | | I | | | | | | |
237 | <0l [ [ | | I I I | | | | | | | | |
237 | <02 | | | | I | I I I | | | | | | |
237 | c46 | | | | I | | | I | | | | | | |
Abbreviations: Est, established; ART, antiretroviral therapy; T, time; ¢, covariate
Min Max Min Max
I L1 Ll 1
Results :
The variations in the cohort’s repeated v 7
_height_m -{"’f
measurements triosps._skin ~
g . hip_circum L~
Around the mean within each phase were presented in mi_yciggumrg S
a parallel plot for phase comparison (Figure 2). The greatest bE’;gs%_:?gp}E L >

variation in the CD4 count was observed during the estab-
lished phase and the lowest during therapy. The higher CD4
count variation was associated with the highest variation in
all the white blood cells. However, when the CD4 count
varied the least during the ART phase, there was
a corresponding low variation in all the red blood cell
count components. Our data seem to show complex relation-
ships and variations in the CD4 count and its covariates
during the different phases of the HIV disease progression.

Variable reduction

The results showed that of the 46 covariates that were
available for investigation, 18 were found to be the strongest
and none of these were from lipids, physical examination
nor anthropometric category (Table S1 and Figure S1). The
18 significant CD4 count covariates were further used to fit

the mixed models in which each patient was allowed to have
own CD4 count trajectory in response to each of the
covariates.

General trends within the phase

CD4 count general trends against each covariate within
phase. Table 2 shows the results of the mixed model in
which the marginal (fixed) effects indicate the cohort’s
general CD4 count trajectories in response to the covari-
ates within each phase. All the significant trends are in
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Figure 2 The coefficients of variation (CV). The CVs give information about the
spread of the repeated measurements around the mean. The colour codes repre-
sent Phase Il (blue), Phase Il (pink), Phase IV (green) and Phase V (red).
Abbreviations: BMI, body mass indixex; bp, blood pressure; ALT_GPT, Alamine
Aminotransferase_Glutamate Pyruvate AST_GOT, Aspartate
Aminotransferase_Glutamate Oxaloactate Transaminase; LDL, Low density lipopro-
tein; RDW, red blood cell distribution width; MCHC, mean corpuscular haemoglo-
bin concentration; MCH, mean corpuscular haemoglobin; MCV, mean corpscular

Transaminase;

velume; Hb, haemoglobin.

bold. Lymphocyte increase was associated with an
improved CD4 count throughout the phases of the HIV
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Table 2 Fixed effects — the cohort’s general trajectories within each phase

Albumin*phase

Basophils*phase
Calcium*phase
Folate*phase
Glucose*phase
Haematocrit*phase
LDH*phase
Lymphocytes*phase
Magnesium*phase
MCHC*phase
MCV*phase
Monocytes*phase
Platelet*phase
Potassium*phase
Protein*phase

Red blood cells*phase

Sodium*phase

Alkaline phosphatase*phase

25.9973(0.0044)
~2.9375(0.7416)
~0.4112(0.9439)
8.1087(0.4206)
—43.7866(<0.0001)
2.7933(0.7398)
~20.6596(0.6311)
~9.6857(0.3913)
102.5100(<0.0001)
4.0267(0.6886)
~13.5170(0.0728)
52.9572(0.1077)
~3.2578(0.6058)
28.4224(0.0002)
~1.8457(0.8039)
~30.8203(0.0015)
38.2319(0.3902)
—19.2748(0.0148)

29.4461(<0.0001)
10.6827(0.1402)
0.0747(0.9905)
~6.3913(0.3409)
~20.1953(0.0075)
3.4673(0.5911)
~12.1918(0.7407)
10.6586(0.1616)
127.1300(<0.0001)
3.5717(0.6022)
12.5703(0.0409)
56.5794(0.0388)
~10.1268(0.1212)
12.7530(0.0773)
~3.2011(0.4461)
~39.5359(<0.0001)
18.2958(0.623 1)
~14.6409(0.0177)

2-Acute 3-Early 4-Est 5-ART
Effect Estimate(Pr > [t]) Estimate(Pr > |t|) Estimate(Pr > |t]) Estimate(Pr > [t])
Phase ~52.6627(0.0053) ~53.3344(0.0013) ~34.3791(0.0339) (ref)616.0300(<0.0001)
Time*phase 8.9971(0.0376) 0.6577(0.8770) ~12.1440(0.0008) 5.1856(0.1572)

29.6052(<0.0001)
25.1476(0.0002)
7.2633(0.3959)
—9.4794(0.1370)
—16.2681(0.0214)
~1.0686(0.8407)
~2.3535(0.9300)
~0.2509(0.9706)
128.1800(<0.0001)
~9.2187(0.1098)
~5.2952(0.3453)
30.7462(0.1373)
~18.5394(0.0018)
36.6385(<0.0001)
7.0560(0.3034)
~29.0654(<0.0001)
14.2265(0.6069)
—7.2344(0.1810)

11.7354(0.0725)
14.3366(0.0044)
16.8130(0.0454)
~5.9208(0.3670)
~46.6532(<0.0001)
4.8128(0.4096)
3.1107(0.9308)
~1.7578(0.8041)
165.7000(<0.0001)
13.8217(0.0507)
16.1918(0.0095)
11.3666(0.6600)
~18.7442(0.0016)
16.1257(0.0291)
1.6780(0.6404)
~13.3719(0.0394)
~1.9031(0.9609)
6.0560(0.2789)

Notes: The interaction between the clinical covariate and the HIV infection phase. Bold p-value indicates significant change in the CD4" count due to the covariate increase.

disease progression whereas folate and protein increase

cells/mm?

below that of

the ART

average.

resulted in a decline of the CD4 count at each phase.
Before treatment, an increase in albumin improved the
CD4 count by almost the same magnitude, whereas baso-
phils increase could only have a significant positive effect
on the CD4 count during therapy. The CD4 count
improved with an increase in alkaline phosphatase (ALP)
during the established and ART phases with more
improvement at the established phase. Contrary to ALP
behavior, it was during the established and ART phases
where the monocytes indicated a negative impact on the
CD4 count. The platelet count showed positive effects on
the CD4 count in all the stages except the early phase. Our
results also showed that it was in this early phase only
where the mean corpuscular volume increase significantly
improved the CD4 count. The mean corpuscular hemoglo-
bin concentration (MCHC) also indicated a positive asso-
ciation with the CD4 count in the early phase and then
during the ART as well. The results revealed that an
increase in sodium content soon after HIV infection
(acute and early phases) was associated with a CD4
decline. Our data show that over time within the acute
phase, the CD4 count increased by 8.9971 cells/mm?
(p-value =0.0376) at each visit and dropped by 12.1440
cells/mm? (p-value =0.0008) at each visit during the estab-
lished phase. Our mixed model estimated that the ART
phase records were on average of 616.03 cells/mm’ of
CD4 count and those from the acute phase being 52.6627

Table 3 shows that the ART phase was at least 45 cells/
mm® of CD4 count above that of any other investigated
phase. All the average CD4 counts from the other phases
before therapy (acute to established) were found not to be
significantly different from each other.

Random effects due to each covariate
We further investigated the random effects due to each covari-
ate by allowing each patient to have own CD4 count trajectory
with intercept and slope. This improved the Akaike
Information Criterion in the modeling of the CD4 count.
Time within each phase was also considered as a covariate.
The variations in the intercepts (intr) and slopes of individual
patient’s CD4 counts against time are presented in Table 4.
Also shown are the relationships between the patients’ inter-
cepts and slopes within each phase. The variations were then
expressed as percentages of the total variation captured by the
model. For the time covariate, the results show that there was
greater variation among patients’ average CD4 counts upon
entering the acute phase (17.9147%, p-value =0.0012) fol-
lowed by the variations in the CD4 counts recorded at the
beginning of the ART phase (15.8941%, p-value =0.0008).
The intercepts and the slopes were negatively related at the
acute and early phases in which the CD4 counts had upward
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Table 3 Least squares means and differences
Least squares means
Effect Phase Estimate Standard error DF t Value Pr > |t
Phase 5-ART 623.81 11.5931 3,712 53.8I <0.0001
Phase 4-Est 563.43 9.1055 3,712 61.88 <0.0001
Phase 3-Early 563.68 8.3091 3,712 67.84 <0.0001
Phase 2-Acute 576.86 12.9588 3,712 44.52 <0.0001
Least squares means differences
Effect Phase _phase Estimate Standard error DF t Value Pr> |t
Phase 5-ART 4-Est 60.3735 14.7414 3,712 4.1 <0.0001
Phase 5-ART 3-Early 60.1262 14.2633 3,712 422 <0.0001
Phase 5-ART 2-Acute 46.9455 17.3876 3,712 2.7 0.0070
Phase 4-Est 3-Early —0.2473 12.3269 3,712 —-0.02 0.9840
Phase 4-Est 2-Acute —13.428 15.8379 3,712 —0.85 0.3966
Phase 3-Early 2-Acute —13.1807 15.3939 3,712 —-0.86 0.3919

Table 4 Covariance parameter test of time effect and the proportions
Subject Phase Covariance Estimate Estimate (%) Standard Z Value P Value

parameter error
Patient 2-Acute Intr 8,011.37 17.9147 2,637.70 3.04 0.0012
Patient 2-Acute Intr-Slope —2,565.41 —5.7367 991.25 -2.59 0.0097
Patient 2-Acute Slope 1,864.63 4.1696 518.92 3.59 0.0002
Patient 3-Early Intr 0.0000 0.0000 - - -
Patient 3-Early Intr-Slope —1,384.33 —3.0956 451.95 -3.06 0.0022
Patient 3-Early Slope 1,925.76 4.3063 441.40 4.36 0.0001
Patient 4-Est Intr 0.0000 0.0000 - - -
Patient 4-Est Intr-Slope 78.6057 0.1758 443.99 0.18 0.8595
Patient 4-Est Slope 682.38 1.5259 381.74 1.79 0.0369
Patient 5-ART Intr 7107.74 15.8941 2,244.07 3.17 0.0008
Patient 5-ART Intr-Slope 403178 0.0902 555.11 0.07 0.9421
Patient 5-ART Slope 0.0000 0.0000 - - -
Patient AR Rho 0.9439 0.0021 0.01113 84.79 0.0001
Patient MA Gamma 0.4378 0.0010 0.02703 16.20 0.0001
- - Residual 28.957 64.7526 1,340.19 21.61 0.0001
100.0000

Note: Bold p-value indicates the significant variation between patients.
Abbreviations: AR, Autoregressive; MA, Moving average.

trends of 11.6459 and 3.3582, respectively. This suggests that
over time all the patients’ CD4 count trajectories during the
acute and early phases approached a higher focal level. This
phenomenon indicates that the patients who entered the acute
and early phases at lower CD4 count had their counts increas-
ing at a faster rate than those who entered with a higher CD4
count already. Eventually, all the patients’ CD4 counts
approached the same higher CD4 count level. Similar estimate
proportions of the intercepts and slope relationships for the
other covariates are presented in Figure 3 where the intercepts

represent the average CD4 counts at the mean covariate value
(mean centered). The trajectory slopes are the rates of CD4
count change as the values of the covariates measurements
increase.

Variations in the average CD4 counts as induced by each
covariate. Figure 3 (intercept variation) shows that
given the average values of folate, LDH, lymphocytes,
and magnesium at the acute phase, there was no sig-
nificant difference in the CD4 counts for all the 237
patients under study. The same phenomenon was also
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Figure 3 Proportion of variation in intercepts and slopes. The fixed effects parameters are identical, and each covariate at a time was allowed to have a random effect. Different
variance parameter estimates were obtained for each phase (group) and these were expressed as a percentage of the total variation including the ARMA (1,1) and residuals.

observed during the early phase where there was no
significant difference in the average CD4 counts for all
the patients in response to each of the studied covari-
ates. This was almost the same situation at the estab-
lished phase except for the significant differences in the
patients’ average CD4 counts at the mean values of
ALP, basophils, and lymphocytes. The results also
show that upon taking medication, all the patients’
average CD4 counts were significantly different from
each other. Generally, the patients” average CD4 counts
did not vary too much in response to the covariates
during the early and established phases. Wide variations
in the average CD4 counts were observed during the
acute and ART phases.

Variations in the rate of CD4 count change as induced by
each covariate. We further explored the variations in the
rates of the CD4 count change in response to the increase in
the values of each covariate. Figure 3 (slope variation) shows
that the rate of CD4 count change in response to each of the
covariates varied among the patients mostly from the acute to
the established phase. The acute phase was characterized by
no significant difference in the CD4 count rate of change in
response to the increase in glucose and protein. Similarly, in
the early phase, folate, glucose, and potassium did not induce
any differences in the rate of change of CD4 count among the
patients. During the established phase, an increase in the
folate, glucose, magnesium, and monocytes resulted in no
significant difference in the CD4 count rate of change among

HIV/AIDS - Research and Palliative Care 2019:11|

submit your manuscript

125

Dove



Appendix A: Full research papers

Tinarwo et al

Dove

all the patients. However, upon taking medication, more than
half of the covariates were associated with similar rates of
CD4 count change among the patients. The greatest variation
in the rate of CD4 count change was observed soon after
infection (acute phase) in which an increase in the LDH
induced the widest variations in the CD4 count rate of change
between the patients. This was followed by folate during the
ART phase.

Correlation between random intercepts and slopes of CD4
count trajectories. Throughout the post-HIV infection fol-
low up period, there was a positive relationship (r >0.80)
between the intercepts and slopes of the CD4 count tra-
jectories against lymphocytes (Figure 4 and Table 5). This
indicates that at each phase of the HIV disease progres-
sion, an increase in lymphocytes resulted in the patients
whose average CD4 counts that were already high to
increase at a faster rate than those whose average CD4
counts were lower. The CD4 count trajectories against red
blood cells (ART phase), LDH (early phase), basophils
(established and ART phases), platelets (established
phase), and sodium (ART phase) showed an upward
trend with positive intercept and slope correlations. This
means that, as these covariates increase within the indi-
cated phases, the patients with higher average CD4 counts
had their CD4 counts increasing at a faster rate than those

who had lower CD4 counts. The cohort’s CD4 count
trajectory against monocytes was heading downwards dur-
ing the ART phase with positive intercept-slope relation-
ships. This indicated that as the monocytes increased,
patients with lower average CD4 counts became worse
than those with higher average CD4 counts. On the other
hand, there was a negative relationship (covtest, p-value
=0.0297, Figure 4) between the average CD4 counts and
their rate of change with red blood cells during the early
phase. This early phase’s CD4 count and red blood cells
trajectories followed a general upward trend suggesting
that as the red blood cells increase, all the patients” CD4
counts approached a common higher CD4 count level than
the cohort’s average. That is, red blood cell increase dur-
ing the uptake of medication, resulted in the patients
whose CD4 count that was higher to increase even faster
than those whose count was lower.

Discussion

The investigated data from the CAPRISA studies showed
complex relationships and variations in the CD4 count and
its covariates during the different phases of the HIV dis-
ease progression. The cohort’s repeated measurements for
the CD4 count varied widely around their mean within the
established phase and narrowly during the ART phase. All
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Figure 4 Proportion of variation in intercept and slope covariations. The fixed effects parameters are identical, and each covariate at a time was allowed to have a random
effect. Different covariance parameter estimates were obtained for each phase (group) and these were expressed as a percentage of the total variation including the
autoregressive of order | and moving average of order | (ARMA (1,1)) and residuals.
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Table 5 Correlation between intercept and slope

2-Acute 3-Early 4-Est 5-ART

Covariate Corr(covtest) Corr(covtest) Corr(covtest) Corr(covtest)
Time —0.6638(0.0097) 0.0000(0.0022)" 0.0000(0.8595) 0.0000(0.9421)
Albumin 0.0222(0.9354) 0.0000(0.0589) —0.9695(0.1951) 0.2702(0.2788)
Alkaline phosphatase 0.4280(0.0930) 0.0000(0.4897) 0.5497(0.2165) 0.0000(0.8407)
Basophils 0.3238(0.3120) 0.0000(0.5522) 0.8030(0.0422) 0.8775(0.0104)
Calcium —0.1085(0.7203) 0.0000(0.2056) —0.8544(0.0905) 0.4093(0.3003)
Folate 0.8445(0.0840) 0.0000(0.1124) —0.1260(0.8364) 0.2060(0.4763)
Glucose 0.0000(0.6623) 0.0000(0.3932) 0.5831(0.4188) 0.0000(0.2206)
Haematocrit 0.0846(0.7095) 0.0000(0.2133) 0.0680(0.8709) 0.5053(0.0776)
LDH 0.5580(0.1187) 1.0000(0.0050) —0.5951(0.2352) -0.0552(0.8932)
Lymphocytes 0.8498(0.0060) 1.0000(0.0033) 0.9767(0.0005) 0.9803(0.0001)
Magnesium 0.1499(0.6507) 0.0000(0.9944) —1.0000(0.1406) —0.1519(0.5945)
MCHC 0.0528(0.8257) 0.0000(0.3265) —0.0588(0.8901) 0.1009(0.7069)
MCV 0.0189(0.9448) 0.0000(0.6571) 0.0730(0.8570) 0.0000(0.4749)
Monocytes 0.2954(0.3582) 0.0000(0.6132) 0.3425(0.5015) 1.0000(0.0247)
Platelet —0.0176(0.9416) 1.0000(0.2117) 0.9625(0.0097) 0.1234(0.5933)
Potassium 0.1456(0.7031) 0.0000(0.6158) 0.1396(0.8302) 0.0000(0.9515)
Protein 0.1995(0.6021) 0.0000(0.5694) —0.1578(0.7586) —0.3955(0.1034)
Red blood cells 0.2022(0.4729) - -0.3736(0.3356) 1.0000(0.0059)
Sodium —0.2855(0.3131) 0.0000(0.0879) -0.7696(0.2077) 0.8205(0.0203)

Notes: T The intercept variation in Table 4 was zero but covariance significant, hence the intercept and slope correlation zero. Bold p-value indicates the significant

correlation between the intercept and slope.

the red blood cell count components were also found to
narrowly vary during the ART phase as compared to the
other phases. Only 18 of the 46 CD4 count covariates that
were available for investigation were significant and con-
sequently considered for further investigation.

There was great variation in the patients’ average
CD4 counts upon entering the acute and ART phases
explaining the patients’ immune responses to viral inva-
sion and treatment, respectively. This is likely to be
attributed to the high level of inter-individual diversity
of the human system which is also affected by different
factors.®? An increase in the measurements or quantities
of the covariates was found to change the CD4 count
either for the better or worse in certain patients and in
some cases causing the patients’ CD4 counts to
approach a common level which was higher or lower
than that of the cohort. The random effects due to the
covariates were either widely varying or showed no
significant difference in the CD4 counts in the phases
of the HIV disease progression. During the acute phase,
the mean values of folate, lactate LDH, lymphocytes,
and magnesium corresponded to similar CD4 count
levels for all the patients. These results revealed that
on average the patients” CD4 counts were not affected
by the demand for cell growth and metabolism

(folate63’64), glucose conversion (LDH(’S), and muscle
contractions and protein processing (magnesium®®).
The CD4 cells are T cells®” which are also part of the
lymphocytes, and the results showed that on average the
CD4 count did not significantly differ between patients
during the acute and the early phases, given the average
lymphocytes count. However, during the established and
ART phases, our data showed that the average lympho-

cytes count (total B and T cells'*%%¢®

), were associated
with significantly different average CD4 levels among
the patients. With the exception of the early phase, the
indicators of damage to body tissues and inflammation
(basophil®®) and liver health (ALP**7%) were on aver-
age significantly inducing CD4 count variations among
the patients. Our data show that it is not only during
therapy where treatment interferes with the biochemical
properties among HIV patients as found by’' during
a six-month treatment period study. We observed that
liver damage was one of the most common biochemical
associated with significant CD4 count variation through-
out the HIV disease progression except during the early
phase. Hence, it then turns out that on average, tissue
damage indicators were associated with the CD4 count
variation in most of the phases. However, our data
further revealed that upon taking medication which
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significantly improved the CD4 count than any other
phase, all the 18 covariates induced wide variations in
the patients’ average CD4 counts. HIV treatment is
known to affect the clinical attributes’> which could
consequently be the attributing factor to the CD4 count
variations in response to all the 18 covariates in our data
during the ART phase. This is because treatment has
proved to be effective but also increasingly complex due
to new developing syndromes.”>

Our results showed that all the patients’ CD4 counts
changed at different rates in response to each of the
covariates upon taking medication. An increase in glu-
cose and protein did not bring about variation in the rate
of change of the CD4 counts between patients during the
acute phase. Early phase CD4 counts also changed at the
same rate when either of folate, glucose or potassium
increase. Similarly, folate, glucose, magnesium, and
monocytes increase at the established phase gave rise to
the same rate of the CD4 count change. Most of the
covariates induced wide wvariations in the rate of the
CD4 count change during the acute phase. Our data
showed that lymphocytes increase in every phase resulted
in patients whose CD4 count was already higher increas-
ing even faster than those patients with lower average
CD4 counts. Similarly, patients with higher CD4 counts
were found to have their count increasing at a much
faster rate as the following covariates increase in certain
phases: LDH (early phase), basophils (established and
ART phases), platelets (established phase), and sodium
(ART phase). During the early phase of the disease pro-
gression, the patients whose average CD4 count that was
lower, increased at a faster rate in response to the red
blood cells increase such that all the patients’ CD4 counts
eventually approached a common higher CD4 count.
However, upon taking medication, an increase in the red
blood cell count resulted in those individuals whose CD4
count which was already higher to become even much
better as compared to the ones that were lower. Our data
show that red blood cells
hemoglobin’

that are packed with
and plays a role in the respiratory
process’>® are associated with CD4 count improvement.
Monocytes increase during medication (ART phase)
resulted in CD4 counts that were lower to become much
worse than for those patients whose average CD4 counts
that were higher. Although monocytes are infected
together with the CD4" T cells,77 our data show that
during therapy, monocytes were spared more than the
CD4" T cells.

Conclusions

Of the many CD4 count covariates that have been sug-
gested in the previous studies, only a few were found to
be significantly associated with the CD4 count variation
at the different phases of the HIV discase progression.
These few covariates induced either wide variations in
the patients’ average CD4 counts in some infection
phases and show no effect in the others. An increase
in the measurements or quantities of the covariates was
found to either improve the CD4 count at a faster rate
for those patients whose average CD4 was already high
or worsen the CD4 level which was already lower than
that of the other patients. In some cases, the increase in
the covariates values caused the patients’ CD4 counts to
approach a common level which was lower or higher
than that of the general cohort. Tissue damage indicators
were the most common covariates associated with CD4
count variation between patients. Patients who entered
either the acute or early phases with lower average CD4
counts had their count increasing at a faster rate than
those who entered with a higher CD4 count already
resulting in the cohort approaching a common higher
CD4 count. In addition to other treatment measures, the
manipulation of selected CD4 count covariates for
patients within a specific phase can usefully augment
tailored methods for monitoring HIV patients using the
CD4 count. Generally, the studied covariates induced
wide variations in the CD4 count between HIV positive
patients during the ART phase.
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C2: Chapter 2 codes

ixsisaas s ai iRt itsssti

# #
# DATA EXPLORATION #
i #

iEsisaasaaiss iR iitssnti

## CLEAN UP EVERYTHING ##

rm(list= 1s () [!(1s() %in% c(""))]) # clear environment and leave the selected
if(!is.null(dev.list())) dev.off() # clear all plots

cat("\014") # clear console

options (prompt = "R>") # customize prompt

R
#Prepare FIGURE 2.3 : BOXPLOTS #
FHE

if (!require (ggplot2)) {install.packages ("ggplot2")}
load (file ="C:/Users/PARTSON/dataerror237.rda")
# Boxplot of all variables scaled
myformat allvariables scaled=(
theme ( # Format all the items on the graph
plot.title = element text (color="black", size=10, face="bold",hjust = 0.5),
axis.title.x = element text (color="black", size=9, face="plain",angle=0),
axis.text.x = element text (colour="black",size=8,angle=90,hjust = 1.0,vjust = 0.3),
axis.title.y = element text (color="black", size=9, face="plain"),
axis.text.y = element text (colour="black",size=8,angle=0),
legend.position="top",
legend.background = element rect (fill="white",size=0.2,linetype="solid",colour
="lightblue"),
legend.title = element text (colour="black",size=8,face="bold"),
legend.text = element_ text (colour="black",size=8, face="plain")
))

if (!require (ggplot2)) {install.packages ("ggplot2'")}
if (!require (data.table)) {install.packages ("data.table')}
errorexplo = dataerror237
indivdistr = errorexplo
indivdistrl =as.data.frame (indivdistr[,1])
indivdistr2 <- data.frame (lapply (indivdistr([,5:517],
function (x) {

x_unique <- unique (x[!is.na(x)])

x _ranks <- rank(x unique)

ifelse (is.na(x),x,

round ((x_ranks[match(x,x unique)]-1)/ (max(x _ranks)-1)*100))

1))
indivdistrl2s = data.frame (indivdistrl, indivdistr2)
setnames (indivdistrl2s, "indivdistr...l1.", "patientid")
# Possible problem: rename this

if (!require (reshape2)) {install.packages ("reshape2")
indivdistrl2m <- melt (indivdistrl2s, id.var = "patientid")
indivdistrl2m<-indivdistrl2m[complete.cases (indivdistrl2ms$value), ]

# #
#plot FIGURE 2.3 #
# #
if (!require (ggplot2)) {install.packages ("ggplot2")}
box all =
ggplot (data = indivdistrl2m, aes(x=variable, y=value)) +
geom boxplot (fill = "cyan")+
#coord flip()+
labs (title ="" ,x = "Clinical measurements"
, Yy = "Percentile (0=min, 100=max)"
)+

myformat allvariables scaled

box_all
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#Prepare FIGURE 2.4 : paired boxplots of consecutive phases
rm(list= 1s() [! (1s() %in% c(""))]1) ; cat("\01l4") ;options (prompt = "R>")

load (file ="C:/Users/PARTSON/dataerror237.rda")
errorexplo = dataerror237

fomm—— Scale the data
indivdistr = errorexplo
indivdistrl =as.data.frame (indivdistr[,c(1,3)])
indivdistr2 <- data.frame (lapply (indivdistr([,5:517,
function (x) {
x_unique <- unique (x[!is.na(x)])
x _ranks <- rank(x unique)
ifelse(is.na(x),x,
round ( (x_ranks[match(x,x unique)]-1)/(max(x_ranks)-1)*100))
1))
indivdistr = data.frame (indivdistrl, indivdistr2)
scaled =indivdistr[,c(2:49)]
#setnames (indivdistrl2s, "indivdistr...1.", "patientid")
# Possible problem: rename this

if (!require (ggplot2)) {install.packages ("ggplot2")}
myformat=(
theme ( # Format all the items on the graph
plot.title = element text(color="black", size=10, face="bold",hjust = 0.5),
axis.title.x = element text (color="black", size=9, face="plain",angle=0),
axis.text.x = element text (color="black",size=8,angle=0),
axis.title.y = element text (color="black", size=9, face="plain"),
axis.text.y = element text (color="black",size=8,angle=0),
legend.position="top",
legend.background = element rect (fill="white",size=0.2,linetype="solid",colour
="lightblue"),
legend.title = element text (colour="black",size=8, face="bold"),
legend.text = element text (colour="black",6size=8, face="plain")

))

rm(list= 1s() [! (1s() %in% c("scaled","indivdistrcd4 scaled","errorexplo","myformat",
"myformat cd4 by infectionstage"))])

o boxplots by infectionstage 23
if (!require (dplyr)) {install.packages ("dplyr")}

datastage 23 = filter(scaledl[,],
phase =="2-Acute" |
phase =="3-Early"
)
datastage 23s = datastage 23
if (!require (reshape2)) {install.packages ("reshape2")}

datastage 23m <- melt (datastage 23s, id.var = "phase")
datastage 23m<-datastage 23m[complete.cases(datastage 23m$value),]

if (!require (ggplot2)) {install.packages ("ggplot2")}
ggplot (data = datastage 23m, aes(x=variable, y=value, fill=phase)) +
geom_boxplot () +

scale_fill manual (values=c ("greenl", "orange"))+
coord flip()+
labs(Eitle ="" ,x = "Clinical measurements"
, vy = "Percentile", # (scaled: 0=min, 100=max)
fill = "Phase:"
)+
myformat
rm(list= 1s() [!(1s() %in% c("scaled","indivdistrcd4 scaled","no errorexplo","myformat",

"myformat cd4 by phase"))])

Fom—————— boxplots by phase 34
datastage 34 = filter (scaled[,],
phase =="3-Early" |
phase =="4-Est"

)
datastage_34s = datastage_ 34
#setnames (datastage 34s, "datastage 341", "phase" )
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require (reshape?2)

datastage 34m <- melt (datastage 34s, id.var = "phase'")

datastage 34m<-datastage 34m[complete.cases (datastage 34mSvalue), ]
require (ggplot2)

ggplot (data = datastage 34m, aes(x=variable, y=value, fill=phase)) +
geom boxplot () +

scale fill manual (values=c ("orange","cyan'"))+
coord flip()+
labs(title ="" ,x = "Clinical measurements"
, y = "Percentile", # (scaled: O=min, 100=max)
fill = "Phase:"
)+
myformat
rm(list= 1s() [!(1s() %in% c("scaled","indivdistrcd4 scaled","no errorexplo","myformat",

"myformat cd4 by phase"))])

o boxplots by phase 45

datastage 45 = filter (scaled[,],
phase =="4-Est" |
phase =="5-ART"

)

datastage 45s = datastage 45
#setnames (datastage 45s, "datastage 451", "phase" )

if (!require (reshape2)) {install.packages ("reshape2")}

datastage 45m <- melt (datastage 45s, id.var = "phase")
datastage745m<—datastage_45m[complete.cases(datastage_45m$value),]
require (ggplot2)

ggplot (data = datastage 45m, aes(x=variable, y=value, fill=phase)) +
geom boxplot () +
scale_fill manual (values=c("cyan","red"))+
coord flip()+

labs(title ="" ,x = "Clinical measurements"
, vy = "Percentile", # (scaled: 0=min, 100=max)
fill = "Phase:"
) +
myformat
rm(list= 1s () [! (1s() %in%

c("scaled","indivdistrcd4 scaled","datax","no errorexplo","myformat",
"myformat cd4 by phase"))])

# Crop and combine all graphs

rm(list= 1s() [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
if (!require (magick)) {install.packages ("magick") }

if (!require (rsvg)) {install.packages ("rsvg") }

if (!require (Rcmdr)) {install.packages ("Rcmdr") }

boxplots2 3 = image read("C:/Users/Partson/boxplots2 3.tiff")
boxplots2 3

boxplots3_4 = image_read("C:/Users/Partson/boxplots3 4.tiff")
boxplots3 4crop =image_ crop (boxplots3 4, "296x670+95")
boxplots3 4crop

boxplots4_5 = image_read("C:/Users/Partson/boxplotsd 5.tiff")
boxplots4 5crop =image_ crop (boxplotsd 5, "296x670+95")
boxplotsd_ 5crop

# #
#Plot FIGURE 2.4 #

# #

boxplots2 5 = image append (c(boxplots2 3 , boxplots3 4crop,boxplots4 5crop), stack = FALSE)
boxplots2 5scaled =image scale(boxplots2 5,"600x670!") # ! = Resize to width and height
exactly, losing original aspect ratio.

image write (boxplots2 5scaled, "C:/Users/Partson/boxplots2 Sscaled.tiff" , format = "tiff")
# #

# FIGURE 2.5: Parallel coordinate plots to detect errors #

# #

rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/dataerror237.rda")
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if (!require (lattice)) {install.packages ("lattice™)}

parallelplot (~dataerror237[c(5:51)1 |

groups = phase,
scales=1list (cex=.7),
layout = c(4, 1),

xlab="Value",
ylab="Clinical attributes",
main=""

)

factor (phase) ,

# Croping of figure above to get rid of white spaces
if (!require (magick)) {install.packages ("magick") }

if (!require(rsvg)) {install.packages ("rsvg") }

if (!require (Rcmdr)) {install.packages ("Rcmdr") }

outliers yes =
outliers_yes trim =
outliers yes trim

image_write(outliers_yes_trim,"C:/Users/Partson/outliers yes trim.tiff", format =

#

dataerror237,

image read("C:/Users/Partson/outliers yes.tiff")
outliers yes %>%image trim()

"tiffM)

# FIGURE 2.6:
#

Parallel coordinate plots to detect errors

e e

rm(list= 1s()[!(1ls() %in% c(""))1)
# Replace errors with NA

cat("\014")

if (!require(dplyr)) {install.packages ("dplyr")}

noerror = dataerror237 %>%
group_by (phase) $>%
mutate if (is.numeric, function(x) {
upperbound <- quantile(x,0.95,
lowerbound <- quantile(x,0.05,
ifelse(x < lowerbound

b

# Plot original values without errors

parallelplot (~noerror[c(5:51)] |
noerror,
groups = phase,
scales=list (cex=.7),
layout = c(4, 1),
xlab="Value",
ylab="Clinical attributes",
main=""

)

na.rm=TRUE)
na.rm=TRUE)
|x > upperbound, NA,

factor (phase) ,

+

x)

(IQR (x,
(IOR(x,

# Croping of figure above to get rid of white spaces
if (!require (magick)) {install.packages ("magick") }

if (!require (rsvg)) {install.packages ("rsvg") }

if (!require (Rcmdr)) {install.packages ("Rcmdr") }

outliers no =
outliers no trim =
outliers no trim

;options (prompt =

"R M)

na.rm=TRUE) *
na.rm=TRUE) *

[

image read("C:/Users/Partson/outliers no.tiff")
outliers no %>%image trim()

image write (outliers no_trim, "C:/Users/Partson/outliers no trim.tiff" , format = "tiff")

iddssassasssasisissaniiisaaaiidiasasisasasiissatiisaniisi

# PREPARE A BALANCED DATA SET

#

FHEHHFHH A F R R R R R R R R

rm(list= 1s () [!(1s() %in% c(""))])

#ommm——- Create template for balanced repeated design

rep (paste (c ("P00"),
rep (paste (c("P0")
rep (paste (c

temp bal a00 = data.frame(patientid =
temp bal a0 = data.frame(patientid =
temp_bal a = data.frame (patientid =
temp bal b = rbind(

temp bal a00

,temp bal a0

,temp bal a

) %>% arrange (patientid)
temp bal b$phase num = rep(2:5)
temp bal c =

temp bal cStime = rep(l:4)

cat("\014")

(

p")

temp bal b %>% arrange (patientid,phase num)

temp bal cSpatientid = as.factor (temp bal cSpatientid)

temp bal = temp bal c

save (temp bal, file ;”C:/Users/PARTSON/temp_bal.rda”)
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Fommm Get top_4
load (file ="C:/Users/PARTSON/noerror237.rda")

table (noerror237S$patientid, noerror237$phase)

if (!require (dplyr)) {install.packages ("dplyr")}
if (!require (tibble)) {install.packages ("tibble")}
top 4a = noerror237

top 4afl,"time"] ="" # create empty variable "
top_4b = top_4al,c(1:4,52,5:51)]
top 4c = top 4b %>%
tbl df %>%
group by (patientid,phase) %>%
mutate (time =1:n()) %>%

as.data.frame ()
# add sequential numbers from 1
# add sequential numbers for each patient
# Ideally, creates a sequential number (counter) for
# rows within each group of a dataframe
# PROBLEM: %>% tbl df solves the ranking issue

o

top_4d = top_4c %>
tbl df %>

group_ by (patientid, phase)
top_n (4, time)

mutate (time =1:n())
as.data.frame ()

table (top_4dSpatientid, top_ 4dSphase)

de oo
v Vv
o oP oe

o0 oo
v
o0

top 4unbal = top_ 4d
save (top_4unbal, file ="C:/Users/PARTSON/top 4unbal.rda")

# o——————— RECODE patientid

load(file ="C:/Users/PARTSON/top 4unbal.rda")

table (top 4unbalS$patientid, top 4unbalS$phase)

levels (top_4unbalSpatientid)

top 4unbalcode = top 4unbal

save (top_4unbalcode, file ="C:/Users/PARTSON/top 4unbalcode.rda")

o= Merge "temp bal" and "top 4unbalcode"
rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\014") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/temp bal.rda")

load(file ="C:/Users/PARTSON/top 4unbalcode.rda")

bal incomplt = full join(temp bal,top 4unbalcode, by = c("patientid", "phase num","time"))%>%
arrange (patientid, phase num, time)

table (bal incompltSpatientid,bal incompltSphase num) #test the balance - see all 4s
table (bal incompltSpatientid,bal incompltSphase) #test the balance - some missing
save (bal_incomplt, file ="C:/Users/PARTSON/bal incomplt.rda")

o Update "Phase" column

load(file ="C:/Users/PARTSON/bal incomplt.rda")
bal prep a = bal incomplt

bal prep aSphase = bal prep aSphase num # prepare
if (!require (dplyr)) {install.packages ("dplyr")}
bal prep a$phase<-recode factor (bal prep a$phase,

"2" = "2-Acute",
n3n = "3—Early",
mAN = w4_Est"
"M = w5_aART"

)
bal2imput = bal prep a
paste (round (mean (is.na (bal2imput[,1:52]1))*100,2),
"$ missing in file: bal2imput", sep = "")
# missing in "balZ2imput"..... 34.49%, (37.44% for 6:52)
dim(bal2imput[,1:52]) # 3792 42
mean (bal2imput$cd4, na.rm=T)
save (bal2imput, file ="C:/Users/PARTSON/bal2imput.rda™)
Fomm Impute visitdate
rm(list= 1s() [!(1s() %in% c(""))]1) ; cat("\014") ;options(prompt = "R>")

load(file ="C:/Users/PARTSON/bal2imput.rda™)
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if (!require (dplyr)) {install.packages ("dplyr")}
data2imp prep a = transform(data2imp, visitdate = ifelse(is.na(visitdate)
, NA, as.Date(visitdate,origin ="1970-01-01")))
# Convert date to numeric for imputation
if (!require (imputeTS)) {install.packages ("imputeTs") }
data2imp prep a$visitdate= as.Date( # convert to date soon after
na.interpolation(data2imp prep a$visitdate, option ="linear"), #impute
format="%Y-%m-%d", origin ="1970-01-01") # required date format
# Impute the missing values by linear interpolation
# Other options: "spline" , "stine"
data2imp prep a$patientid = as.numeric (as.character (as.integer (data2imp prep a$patientid)))

o°

data2imp prep = data2imp prep a %>

tbl df %>

group by (patientid) %>

mutate (time =1:n()) %>
as.data.frame ()

save (data2imp prep, file ="C:/Users/PARTSON/data2imp prep.rda")

90
90 do oo

write.csv(data2imp prep,file ="C:/Users/PARTSON/data2imp prep.csv',na = "",row.names = FALSE)
# #
# FIGURE 2.7: MISSINGNESS MECHANISM #
#
im(list= Is()[!(1s() %in% c(""))]1) ; cat("\014") ;options(prompt = "R>") )
# _____________________________________________________

# Test for missingness mechanism in SPSS
# 1. Recall the Missing Value Analysis dialog box
# a) Analyze -> Missing Value Analysis
# 2. Click EM
# 3. OK
# Results are at the foot notes of EM table
# HO: Data are MCAR
# p-value < 0.05 implies NOT MCAR

if (!require (miceadds)) {install.packages ("miceadds") }
if (!require (VIM)) {install.packages ("VIM") }

load(file ="C:/Users/PARTSON/data2imp prep.rda")

# Plot
aggr (data2imp prep|!names (data2imp prep)=="glucose"], col=c("navyblue", "red"),
bars = T,

numbers = F, prop = TRUE, combined = F, varheight = F,
only.miss = FALSE, border = par("fg"), sortVars = TRUE,

sortCombs = TRUE, ylabs = NULL, axes = TRUE,
cex.lab = 1.2, cex.axis = 0.5, cex.numbers = par ("cex'"),
gap = .05

)

# Croping of figure above to get rid of white spaces
if (!require (magick)) {install.packages ("magick") }

if (!require(rsvg)) {install.packages ("rsvg") }

if (!require (Rcmdr)) {install.packages ("Rcmdr") }

missingness = image read("C:/Users/Partson/missingness.tiff")

missingness_trim = missingness %>%image_ trim()

missingness trim

image write (missingness trim,"C:/Users/Partson/missingness trim.tiff", format = "tiff")

FHEHHHH AR AR
# IMPUTATION OF MISSING VALUES #
FHEHARH AR A AR AR ER AR AR AR A AR A
load(file ="C:/Users/PARTSON/data2imp prep.rda")

# Initialise

if (!require (mice)) {install.packages ("mice") }

ini <- mice(data2imp prep

,maxit =0

,pred = quickpred(data2imp prep

,mincor = 0.1 # absolute corr between predictor and target
,method = "pearson" # method for corr

,minpuc = 0.0 # minimum proportion of usable cases
,include = c("patientid", "phase","visitdate","time")
#,exclude = c("glucose")

))
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predM <- ini$predictorMatrix
method <- iniSmeth

# adjust prediction matrix

predM[, c("patientid","phase num")] <- -2 # class variables
predM[predM==1]1=2 # replace the 1's with 2's

# "2" identifies both random and fixed effects
nopred = names (which (colSums (is.na(data2imp prep))==0))
nopred # setup cols not to predict

predM[nopred, ]=0 # do not predict complete columns
# adjust prediction method
method[names (data2imp prep) ]<- "2L.pan" # predict all with "2L.pan"

method[nopred]<- "" # not predict, hence remove method

method["bmi"] <- "~I(weight kg/(height m)"2)"

method # print to see

# Impute

imp <- mice(data2imp prep, m= 5, maxit= 50, seed=123
,predictorMatrix = predM

,imputationMethod = method

save (imp _bal,file ="C:/Users/PARTSON/imp bal.rda")

# prepare FIGURE 2.8 : DENSITY PLOTS of IMPUTATIONS

rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/imp bal.rda")

# _______________

imp =imp bal

S ——

if (!require (miceadds)) {install.packages ("miceadds") }

# #
# Plot FIGURE 2.8 #
# #
densityplot (imp) # compare observed(blue) against m imputed(red)

# Croping of figures above to get rid of white spaces

if (!require (magick)) {install.packages ("magick") }

if (!require(rsvg)) {install.packages ("rsvg") }

if (!require (Rcmdr)) {install.packages ("Rcmdr") }

densityplots = image read("C:/Users/Partson/densityplots.tiff")
densityplots_trim = densityplots %>%image trim()

densityplots trim

image write (densityplots trim, "C:/Users/Partson/densityplots trim.tiff", format = "tiff")

#__

plot(imp) # streams must mingle for health convergence

stacked <- complete (imp,action="long', include=TRUE)
# all.imp contains all M imputed data sets, stacked; the
# first column is the imputation number;
# second column is the ith imputed dataset

# Reset "time" to be within phase

if (!require (dplyr)) {install.packages ("dplyr")}

bal complt stacked a = stacked %>%

B B B tbl df %>%

group by (.imp,patientid,phase) %>% # time within phase

B mutate (time =1:n()) %>%
as.data.frame ()

# ___________________________
bal complt stacked = bal complt stacked a
# ___________________________

save (bal_complt stacked, file ="C:/Users/PARTSON/bal complt stacked.rda")

iddssasias s st san iRt s sasiiasaRii st niis;

# SELECTION OF A SINGLE DATA SET #
B
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/bal complt stacked.rda")
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oo
stacked = bal complt stacked
e
if (!require(dplyr)) {install.packages ("dplyr")}
cvs_a = stacked[,c(1,8:54)] %>%
group by (.imp) %$>%
mutate if (is.numeric, function(x) {
round (sd (x,na.rm=TRUE) /mean (x,na.rm=TRUE) *100,2) # calculate cvs
1)
cv_b = cvs_all!duplicated(cvs_al

c(1,2:48)1), 1
# Drop duplicates based on selected columns
if (!require (data.table)) {install.packages ("data.table')}
setnames (cv_Db, ".imp", "mids")
cv.c =cv b
avg cv = cv_c %>% as.data.frame()%>%
transmute (mids, avg=rowMeans (select (.,2:48)))

avg cv
avg0 = avg cv[which.min(avg cv[,"mids"]),]1[[2]] # get avg for original data
avg0 # find min in "mids" and return coresponding

#value in col 2
avg cvSabsdiff = abs(avg cv$avg-avg0) # find abs diff from original avg
avg cv_a = avg cv[-1,]
mid selct = avg cv alwhich.min(avg cv al,"absdiff"]),][[1]] # get avg for original data
mid selct # print selected imputed data set
selctd mid = subset(stacked[,-2], .imp==mid selct)
paste (round (mean (is.na(selctd mid)) *100,2),

"% missing in file: bal complt", sep = "")
# missing in "unbal complt"..... 0.0%

names (bal complt)
save (bal_complt, file ="C:/Users/PARTSON/bal complt.rda")

##Prepare TABLE 2.3: Summary statistics
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/bal complt.rda")

datatabl = bal complt

#--add labels
if (!require (tablel)) {install.packages ("tablel")}

label (datatabl$cd4) <- "CD4+ Count"
label (datatabl$lymphocytes) <- "Lymphocyte"
label (datatabl$basophils) <- "Basophils"
label (datatabl$albumin) <- "Albumin"
label (datatablS$haematocrit) <- "Haematocrit"
label (datatablSalkaline phos) <- "ALP"

label (datatablS$mcv) <- "MCV"

label (datatabl$platelet) <- "Platelet"
label (datatabl$potassium) <- "Potassium"
label (datatabl$monocytes) <- "Monocytes"
label (datatabl$protein) <- "Total protein"
label (datatablSlactate dehyd) <- "LDH"

label (datatabl$folate) <- "Folate"

label (datatabl$magnesium) <- "Magnesium"
label (datatabl$glucose) <- "Glucose"
label (datatabl$calcium) <- "Calcium"
label (datatabl$mchc) <- "MCHC"

label (datatablSred cells) <- "RBC"

label (datatabl$sodium) <- "Sodium"

label (datatabl$vitbl2) <- "Vitamin B12"
label (datatabl$triceps skin) <- "Triceps skin fold"
label (datatabl$triglycerides) <- "Triglycerides"
label (datatabl$neutrophils) <- "Neutrophils"
label (datatablSast got) <- "AST (GOT)"
label (datatabl$eosinophils) <- "Eosinophils"
label (datatablSheight m) <- "Height"

label (datatabl$chloride) <- "Chloride"
label (datatabls$fe) <- "Fe(Iron)"
label (datatablSwaist circum) <- "Waist circum"
label (datatabl$1dl) <- "LDL"

label (datatabl$bmi) <- "BMI"

label (datatablSbp systolic) <- "BP(systolic)"
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label (datatabl$bilirubin)
label (datatabl$arm right)

<-
<-

label (datatabl$glutamyl trans)<-

label (datatablSbp diastolic)

label (datatabl$rdw)

label (datatabl$pulse bpm)

label (datatablS$urea)

label (datatabl$alt gpt)
label(datatabl$axillary_temp)

label (datatabls$hb)
label (datatabl$mch)

label (datatabl$leucocyte)
label (datatabl$cholesterol)
label (datatabl$hip circum)
label (datatablSweight kg)

label (datatablS$bmi)
#--add units
units (datatabl$cd4)

units (datatabl$lymphocytes)
units (datatabl$basophils)
units (datatablS$Salbumin)

units (datatablShaematocrit)
units (datatabl$alkaline phos)

units (datatabls$mcv)

units (datatabl$platelet)
units (datatablS$potassium)
units (datatablS$monocytes)
units (datatabl$protein)

units (datatabl$lactate dehyd)
units (datatablSfolate)

units (datatablS$magnesium)
#units (datatablS$glucose)
units (datatablS$Scalcium)

units (datatabl$mchc)

units (datatablSred cells)
units (datatabl$sodium)

units (datatabls$vitbl2)

units (datatabl$triceps skin)
units (datatablS$triglycerides)
units (datatabl$neutrophils)
units (datatabl$ast got)

units (datatablS$eosinophils)
units (datatablSheight m)
units (datatabl$chloride)

units (datatablsfe)

units (datatabl$waist circum)

units (datatabl$1ldl)
units (datatabls$bmi)

units (datatablSbp systolic)
units (datatabl$bilirubin)
units (datatabl$arm right)

<-

units (datatabl$glutamyl trans)<-

units (datatablSbp_diastolic)

units (datatabl$rdw)

units (datatabl$pulse bpm)

units (datatablS$urea)

units (datatabl$alt gpt)
units (datatabl$axillary temp)

units (datatablShb)
units (datatablSmch)

units (datatabl$leucocyte)
units (datatabl$cholesterol)
units (datatabl$hip circum)
units (datatabl$weight kg)

units (datatablSbmi)

"Bilirubin"
"Arm(right)circum"
[etelll

"BP (diastolic)"
"RDW"

"Pulse"

"Urea"

"ALT (GPT) "
"Ax.Temp"
"Haemoglobin"
"MCH"
"leucocytes"
"Cholesterol"
"Hip circum"
"Weight"

"EBMT"

"cells/mm"3"
"x10%9/L"
"x10%9/L"
"g/L"
"Hct/100"
"Iu/L"
nELY
"x1079/L"
"mmol/L"
"x10°9/L"
Hg/LH
"U/L"
"nmol/L"
"mmol/L"
"mmol/L"
"g/dL"
"x10%6cells/mm"3"
"mEq/L"
"ng/mL"
"o ™
"mmol/L"
"x1079/L"
"U/L"
"x10°9/L"
"
"mEq/L"
"mcg/dL"
"em™
"mmol/L"
"kg/m"~2"
"mmHg"
"mmol/L"
"em™
"U/Ln
"mmHg"
"bpm"
"mmol/L"
"U/L"
"D.Celsius"
"g/dL"
"pg/cell"
"x1079/L"
"mmol/L"
"em™

"kgh
"kg/m 2"

save (datatabl, file ="C:/Users/PARTSON/datatabl.rda")

rm(list= 1s () [! (1s()

load (file ="C:/Users/PARTSON/datatabl.rda")

my.render.cont <- function (x)
with (stats.apply.rounding (stats.default (x),
"Mean&plusmnSD (CV%) " =sprintf ("%s&plusmn; $s(%s

"Median (Min;Max) =sprintf ("%s(%s;%s)",MEDIAN, MIN, MAX)

))

{
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# #
#-- Table 2.3 #
# #
if (!require (tablel)) {install.packages ("tablel")}
tab =tablel (~
cd4+ red cells+
hb+ haematocrit+ mcv+
mch+ mchec+ rdw+
platelet+ leucocyte+ neutrophils+
lymphocytes+ monocytes+ eosinophils+
basophils+ cholesterol+ 1d1l+
triglycerides+ glucose+ alt gpt+
ast_got+ bilirubin+ alkaline_ phos+
glutamyl trans+ calciumt chloride+
magnesium+ potassium+ sodium+
protein+ albumin+ lactate dehyd+
fe+ folate+ vitbl2+
urea+ bp systolic+ bp diastolic+
pulse bpm+ axillary temp+ waist circum+
hip circum+ arm right+ triceps_skin+
height m+ weight kg+ bmi
|phase, data=datatabl, overall="Overall'",
render.continuous=my.render.cont, footnote = "");tab
# Prepare FIGURE 2.9: AVERAGE CD4 count per visit
# prepare data
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load (file ="C:/Users/PARTSON/data2model.rda")
datan = data2model
if (!require (Rmisc)) {install.packages ("Rmisc") }
if (!require(dplyr)) {install.packages ("dplyr")}
datans a <- summarySE (datan,
measurevar="cd4",
groupvars=c ("phase","time")) %>%
tbl df $>%
mutate (time =1:n()) $>%
as.data.frame ()
datans = datans_al[,c(1,2,4)]
datans$cd4 = round (datans$cd4, 0)
save (datans, file ="C:/Users/PARTSON/datans.rda")
rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load (file ="C:/Users/PARTSON/datans.rda")
if (!require (ggplot2)) {install.packages ("ggplot2")}
if (!require (Rcmdr)) {install.packages ("Rcmdr") }
if (!require (ggrepel)) {install.packages ("ggrepel™) }
format plot mean=(
theme bw () + # Background fill
theme ( # Format all the items on the graph
plot.title = element text (color="black", size=9, face="bold",hjust = 0.5),

axis.title.x = element text (color="black", size=10, face="bold",angle=0),
axis.text.x = element text(size=9,angle=0,color="black", hjust=.5, vjust=0.5),
axis.title.y = element text (color="black", size=10, face="bold"),

axis.text.y = element text(size=9,angle=0,color="black", hjust=1,vjust=0.25),

legend.position="top",
legend.background =
="lightblue"),
legend.title =
legend.text =
))

element rect (fill="white",size=0.2,linetype="solid", colour

element text (colour="black",size=9, face="bold"),
element text (colour="black",size=8, face="plain")
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# #
# plot FIGURE 2.9
# #

dev.new (width=6, height=4, unit="in")
ggplot (datans, aes(x=time, y= cd4)) +
geom line(size=.5, color="blue") + geom point(aes(color = factor(phase)),size=5 )+
scale colour manual (values=c ("greenl","orange","red","green4"),name="HIV infection
phase:")+
scale_x continuous (breaks = round (seq (min (datans$time),
max (datans$time), by = 1),0)) +
labs (x="Follow up visit time)", y=bquote ("Average CD4"""+"*"count
(cells/mm"A"3M"*m)my,
title="") +
geom_text repel (data = datans, aes(label=cd4),
size = 2.8,box.padding = unit(0.42, "lines")
,parse=TRUE,nudge x = -.5, nudge y = 1.5
,force = 1,direction = c( "both")
,arrow=arrow (length = unit(0.01, "npc"))
,segment.color = 'yellow'
,seed = 1)+
theme classic()+
geom hline(yintercept= 570, color ="red", lty =2)+
format _plot mean

# Prepare FIGURE 2.10 MEAN AND CV PARALLEL COORDINATE PLOTS
rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\014") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/bal complt.rda")
if (!require (dplyr)) {install.packages ("dplyr")}
if (!require (Rcmdr)) {install.packages ("Rcmdr") }
# Phase means
mean _bal complt = bal complt[c(l,3,5:52)]%>%
group_by (phase) %>%
mutate if (is.numeric, function(x) { mean(x) })

if (!require (lattice)) {install.packages ("lattice™)}
parallelplot (~mean bal complt[c(4:50)] | factor(phase),
mean bal complt,
groups = phase,
scales=list (cex=.7),
layout = c(4, 1),
xlab="Average value within phase",
ylab="Clinical covariates",
main=""
)
# Phase coefficient of variation
cv_bal complt = bal compltlc(l,3,5:52)]%>%
group_ by (phase) %>%
mutate if (is.numeric, function(x) {
sd(x, na.rm=TRUE) /mean (X, na.rm=TRUE)*100
1)
#
#--plot Figure 2.10
#

H S

if (!require (lattice)) {install.packages ("lattice™)}
parallelplot (~cv_bal complt[c(4:50)] | factor(phase),

cv_bal complt,

groups = phase,

scales=list (cex=.7),

layout = c (4, 1),

x1ab="CV (%) within phase",

ylab="Clinical covariates",

main=""

)

# Croping of figures above to get rid of white spaces and merge
if (!require (magick)) {install.packages ("magick") }

if (!require (rsvg)) {install.packages ("rsvg") }

if (!require (Rcmdr)) {install.packages ("Rcmdr") }

parallelplot mean = image read("C:/Users/Partson/parallelplot mean.tiff")
parallelplot mean # 393x664

parallelplot mean trim = parallelplot mean%>% image trim()
parallelplot mean trim
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parallelplot cv = image read("C:/Users/Partson/parallelplot cv.tiff")
parallelplot cv # 395x653

parallelplot cv_trim = parallelplot cv$%>% image_ trim()

parallelplot cv_trim

parallelplot cvcrop =image crop (parallelplot cv_trim, "393x664+100") #34
parallelplot cvcrop

parallel mean cv = image append(c(parallelplot mean trim
,parallelplot cvcrop)) $>%
image trim() #emoves edges that are the background color from the
image
parallel mean cv
image write (parallel mean cv,"C:/Users/Partson/parallel mean cv.tiff", format

TEiFET)

FHEHA AR
# #
# Prepare FIGURE 2.11 and Figure 2.12: INDIVIDUAL PROFILES #
# #
# ***x***Create MACROS to automates tasksg*****x*kx #
HHHHE A R R
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

if (!require (gtools)) {install.packages ("gtools")}
# setup values to be replaced
# 1if not included when running macro, default is executed
# 1if not included when running macro, and default is place holder, throws error
indiv.plot= defmacro (data = dataname , # "dataname" is default to be replaced
X = xvar , # "xvar" is default to be replaced
y = yvar , # "yvar" is default to be replaced
xlab m , # " " default to be replaced
ylab = "" , # "" default to be replaced
legendbox = "no" , # "no" is default condition to be replaced
# functions to be evaluated start here
expr={
# load the required packages
if (!require (Rcmdr)) {install.packages ("Rcmdr") }
if (!require (ggplot?2)) {install.packages ("ggplot2'")}
# setup plot formats
format _plot indiv=(
theme bw () + # Background fill
theme ( # Format all the items on the graph
plot.title = element text (color="black", size=9, face="bold",hjust = 0.5),
axis.title.x = element text (color="black", size=8, face="plain",angle=0),
axis.text.x = element text (size=8,angle=0,color="black", hjust=0.5, vjust=0.5),
axis.title.y = element text (color="black", size=8, face="plain"),
axis.text.y element text (size=8,angle=0,color="black",vjust=0.25),
legend.position="none", # top
legend.background = element rect (fill="bisque",size=0.2,linetype="so0lid", colour
="lightblue"),
legend.title = element text (colour="black",size=8, face="bold"),
legend. text element text (colour="black",size=7,face="plain")
))
# setup conditional functions to be executed
# first condition always "if"
if (legendbox=="yes") {ggplot (dataname, aes(x, y,colour = factor (patientid))) +
geom_smooth (method = 'Im', se=FALSE, fullrange=TRUE,lwd=.3)+
labs ( x=xlab,
y=ylab, colour="patientid")+
format plot indiv
# intermediate conditions use "else if"
}else if (legendbox=="no") {
ggplot (dataname, aes(x, y, colour = factor (patientid))) +
geom_smooth (method = 'Im', se=FALSE, fullrange=TRUE,lwd=.3)+
labs ( x=xlab,
y=ylab, colour="patientid")+
format_plot_ indiv

} else # last condition always "else"
print ("Nothing to plot")
})

data =load(file ="C:/Users/PARTSON/bal complt.rda")
dataname = bal complt

time =indiv.plot (data=data,x=time, y=cd4,xlab="Visit time",
ylab=bquote ("CD4"""+"*"count")) ;time
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red cells =indiv.plot (data=dataname, x=red cells, y=cd4

, xlab=bquote ("RBC (x10"""6"*"cells/mm"~"3"*") "), ylab=bquote ("CD4"""+"*"count")) ;red_cells

hb =indiv.plot (data=data, x=hb, y=cd4,xlab="Haemoglobin (nmol/L)",

ylab=bguote ("CD4"""+"*"count")) ;hb

haematocrit =indiv.plot (data=data,x=haematocrit ,y=cd4,xlab="Haematocrit (Hct/100)",
ylab=bqgquote ("CD4"""+"*"count")) ;haematocrit

mcv =indiv.plot (data=data,x=mcv ,y=cd4,xlab="MCV (fL)", ylab=bguote ("CD4"""+"*"count")) ;mcv

mch =indiv.plot (data=data,x=mch ,y=cd4,xlab="MCH (pg/cell)", ylab=bguote ("CD4"""+"*"count"))
;mch
mchc =indiv.plot (data=data,x=mchc ,y=cd4,xlab="MCHC (g/dL)", ylab=bquote ("CD4""~"+"*"count"))
;mchc

rdw =indiv.plot (data=data,x=rdw ,y=cd4,xlab="RDW (%)", ylab=bquote ("CD4"""+"*"count")) ;rdw
platelet =indiv.plot (data=data,x=platelet ,y=cd4,xlab=bquote ("Platelet (x10"A"9"*"/T)"),
ylab=bqguote ("CD4"""+"*"count")) ;platelet

leucocyte =indiv.plot (data=data,x=leucocyte ,y=cd4,xlab=bquote ("Leucocytes (x10"""9"*"/1)"),
ylab=bguote ("CD4"""+"*"count")) ;leucocyte

neutrophils =indiv.plot (data=data,x=neutrophils

, y=cd4, xlab=bquote ("Neutrophils (x10""~"9"*"/1,) "), ylab=bquote ("CD4"""+"*"count")) ;neutrophils
lymphocytes =indiv.plot (data=data, x=lymphocytes

, y=cd4, xlab=bquote ("Lymphocytes (x10"""9"*" /1) "), ylab=bquote ("CD4"""+"*"count")) ;lymphocytes
monocytes =indiv.plot (data=data,x=monocytes ,y=cd4,xlab=bguote ("Monocytes (x10"A"9"*x"/T)"),
ylab=bqguote ("CD4"""+"*"count")) ;monocytes

eosinophils =indiv.plot (data=data,x=eosinophils

, y=cd4, xlab=bquote ("Eosinophils (x10"""9"*" /1) "), ylab=bquote ("CD4"""+"*"count")) ;eosinophils
basophils =indiv.plot (data=data,x=basophils ,y=cd4,xlab=bquote ("Basophils (x10"~"9"*"/1)"),
ylab=bguote ("CD4"""+"*"count")) ;basophils

cholesterol =indiv.plot (data=data,x=cholesterol ,y=cd4,xlab="Cholesterol (mmol/L)",
ylab=bguote ("CD4"""+"*"count")) ;cholesterol

1dl =indiv.plot (data=data,x=1dl ,y=cd4,xlab="1LDL (mmol/L)", ylab=bquote ("CD4"""+"*"count"))
;1dl
triglycerides =indiv.plot (data=data,x=triglycerides ,y=cd4,xlab="Triglycerides (mmol/L)",

ylab=bguote ("CD4"""+"*"count")) ;triglycerides

glucose =indiv.plot (data=data,x=glucose ,y=cd4,xlab="Glucose",

ylab=bgquote ("CD4"""+"*"count")) ;glucose

alt gpt =indiv.plot(data=data,x=alt gpt ,y=cd4,xlab="ALT (GPT) (U/L)",
ylab=bquote ("CD4"""+"*"count")) ;alt gpt

ast_got =indiv.plot(data=data,x=ast got ,y=cd4,xlab="AST(GOT) (U/L)",
ylab=bquote ("CD4"""+"*"count")) ;ast got

bilirubin =indiv.plot (data=data,x=bilirubin ,y=cd4,xlab="Bilirubin (mmol/L)",
ylab=bguote ("CD4"""+"*"count")) ;bilirubin

alkaline phos =indiv.plot (data=data,x=alkaline phos ,y=cd4,xlab="ALP (IU/L)",
ylab=bquote ("CD4"""+"*"count")) ;alkaline phos

glutamyl trans =indiv.plot (data=data,x=glutamyl trans ,y=cd4,xlab="GGT (U/L)",
ylab=bguote ("CD4"""+"*"count")) ;glutamyl trans

calcium =indiv.plot (data=data,x=calcium ,y=cd4,xlab="Calcium(mmol/L)",
ylab=bquote ("CD4"""+"*"count")) ;calcium

chloride =indiv.plot(data=data,x=chloride ,y=cd4,xlab="Chloride (mEq/L)",
ylab=bqgquote ("CD4"""+"*"count")) ;chloride

magnesium =indiv.plot (data=data, x=magnesium ,y=cd4,xlab="Magnesium (mmol/L)",
ylab=bqguote ("CD4"""+"*"count")) ;magnesium

potassium =indiv.plot (data=data,x=potassium ,y=cd4,xlab="Potassium (mmol/L)",
ylab=bguote ("CD4"""+"*"count")) ;potassium

sodium =indiv.plot (data=data,x=sodium ,y=cd4,xlab="Sodium (mEq/L)",
ylab=bqguote ("CD4"""+"*"count")) ;sodium

protein =indiv.plot (data=data,x=protein ,y=cd4,xlab="Protein(g/L)",
ylab=bguote ("CD4"""+"*"count")) ;protein

albumin =indiv.plot (data=data,x=albumin ,y=cd4,xlab="Albumin (g/L)",
ylab=bqguote ("CD4"""+"*"count")) ;albumin

lactate dehyd =indiv.plot (data=data,x=lactate dehyd ,y=cd4,xlab="LDH (U/L)",
ylab=bquote ("CD4"""+"*"count")) ;lactate dehyd

fe =indiv.plot (data=data,x=fe ,y=cd4,xlab="Iron (Fe) (mcg/dL)", ylab=bquote ("CD4"""+"*"count"))
; fe
folate =indiv.plot (data=data,x=folate ,y=cd4,xlab="Folate (nmol/L)",

ylab=bguote ("CD4"""+"*"count")) ;folate
vitbl2 =indiv.plot (data=data,x=vitbl2 ,y=cd4,xlab="Vitamin B12 (ng/mL)",
ylab=bquote ("CDA"""+"*"count")) ;vitbl2

urea =indiv.plot (data=data,x=urea ,y=cd4,xlab="Urea (mmol/L)", ylab=bquote ("CD4"""+"*"count"))
;urea
bp_systolic =indiv.plot (data=data,x=bp systolic ,y=cd4,xlab="BP(systolic) (mmHg)",

ylab=bguote ("CD4"""+"*"count")) ;bp systolic

bp diastolic =indiv.plot (data=data,x=bp diastolic ,y=cd4,xlab="BP (diastolic) (mmHg)",
ylab=bquote ("CD4"""+"*"count")) ;bp diastolic

pulse bpm =indiv.plot (data=data,x=pulse bpm ,y=cd4,xlab="Pulse (bpm)",

ylab=bguote ("CD4"""+"*"count")) ;pulse_ bpm

axillary temp =indiv.plot (data=data,x=axillary temp

, y=cd4, xlab=bquote ("Axillary.Temp ("""0o"*"C)"), ylab=bquote ("CD4"~"+"*"count")) ;axillary temp
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waist circum =indiv.plot (data=data,x=waist circum ,y=cd4,xlab="Waist circum(cm)",

ylab=bguote ("CD4"""+"*"count")) ;wailst circum

hip circum =indiv.plot (data=data,x=hip circum ,y=cd4,xlab="Waist circum(cm)",
ylab=bquote ("CD4"""+"*"count")) ;hip circum

arm_right =indiv.plot(data=data,x=arm right ,y=cd4,xlab="Arm(right)circum(cm)",
ylab=bguote ("CD4"""+"*"count")) ;arm right

triceps skin =indiv.plot (data=data,x=triceps skin ,y=cd4,xlab="Triceps skin fold (mm)",
ylab=bquote ("CD4"""+"*"count")) ;triceps skin

height m =indiv.plot (data=data,x=height m ,y=cd4,xlab="Height (m)",

ylab=bquote ("CD4"""+"*"count")) ;height m

weight kg =indiv.plot (data=data,x=weight kg ,y=cd4,xlab="Weight (kg)",
ylab=bquote ("CD4"""+"*"count")) ;weight kg

bmi =indiv.plot (data=data, x=bmi ,y=cd4,xlab=bquote ("BMI (kg/m"~A"2"*")"),
ylab=bquote ("CD4A"""+"*"count")) ;bmi

load(file ="C:/Users/PARTSON/multiplot.rda™)
blankplot = plot(0,type='n', axes=FALSE, ann=FALSE)
#### indivtrendsla
multiplot (
time ,
#
red cells , hb , haematocrit , mcv ,
mch , mchc , rdw , platelet ,
leucocyte , neutrophils , lymphocytes , monocytes ,
eosinophils , basophils ,
#
cholesterol , 1d1l , triglycerides ,
#
glucose ,
#
alt gpt ,
cols=4) # save as indivtrendsla

#### indivtrendslb

multiplot (
#NB: repeat and crop to make it easy
ast_got , ast_got , ast_got , ast_got , ast_got ,
bilirubin ,bilirubin ,bilirubin ,bilirubin ,bilirubin ,

alkaline phos ,alkaline phos ,alkaline phos ,alkaline phos ,alkaline phos ,
glutamyl trans,glutamyl trans,glutamyl trans,glutamyl trans,glutamyl trans,
#

cols=4) # save as indivtrendslb

###4# indivtrends2a
multiplot (
calcium , chloride , magnesium , potassium ,
sodium ,
#
protein , albumin , lactate_dehyd ,
#
fe , folate , vitbl2 ,
#
urea,
#
bp systolic , bp diastolic, pulse bpm , axillary temp,
#
walst circum , hip circum , arm right , triceps skin,
cols=4) # save as indivtrends2a N N

#### indivtrends2b

multiplot (

height m , height m ,height m ,height m ,height m p
weight kg , weight kg ,weight kg ,weight kg ,weight kg ,
bmi , bmi , bmi , bmi , bmi ,
blankplot, blankplot, blankplot, blankplot, blankplot,
cols=4) # save as indivtrends2b

if (!require (magick)) {install.packages ("magick") }

if (!require (rsvg)) {install.packages ("rsvg") }

if (!require (Rcmdr)) {install.packages ("Rcmdr") }

indivtrendsla = image read("C:/Users/Partson/indivtrendsla.tiff") ;indivtrendsla
indivtrendslb = image read("C:/Users/Partson/indivtrendslb.tiff") ;indivtrendslb
indivtrendslb crop =image crop(indivtrendslb, "598x652+0-535") ;indivtrendslb crop
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# #

#--plot Figure 2.11 #

# #

indivtrendsl = image append(c(indivtrendsla , indivtrendslb crop), stack = TRUE) ;indivtrendsl
image write (indivtrendsl, "C:/Users/Partson/indivtrendsl.tiff", format = "tiff")

indivtrends2a = image read("C:/Users/Partson/indivtrends2a.tiff") ;indivtrends2a
indivtrends2b = image read("C:/Users/Partson/indivtrends2b.tiff") ;indivtrends2b

indivtrends2b crop =image crop(indivtrends2b, "598x652+0-535") ;indivtrends2b crop

# #

#--plot Figure 2.12 #

# #

indivtrends2 = image append (c(indivtrends2a , indivtrends2b crop), stack = TRUE) ;indivtrends2

image write (indivtrends2,"C:/Users/Partson/indivtrends2.tiff", format

TEiFET)

FHEAAFHE A AR AR R R R R R

# #
# Prepare FIGURE 2.13 and Figure 2.14: SMOOTH CURVES #
# #
# ***x***Create MACROS to automates tasks*****x*k* #
FHHHE A A R
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

if (!require (gtools)) {install.packages ("gtools")}
# setup values to be replaced
# 1if not included when running macro, default is executed
# 1if not included when running macro, and default is place holder, throws error

loess.plot= defmacro (data = dataname , # "dataname" is default to be replaced
X = xvar , # "xvar" is default to be replaced
y = yvar , # "yvar" is default to be replaced
xlab = "" , # " " default to be replaced
ylab = "" , # "" default to be replaced
legendbox = "no" , # "no" is default condition to be replaced

# functions to be evaluated start here
expr={
# load the required packages
if (!require (Rcmdr)) {install.packages ("Rcmdr") }
if (!require (ggplot2)) {install.packages ("ggplot2")}

# setup plot formats
format plot loess legend=(
theme bw () + # Background fill
theme ( # Format all the items on the graph
plot.title = element text (color="white", size=9, face="bold",hjust = 0.5),
axis.title.x = element text (color="white", size=8, face="bold",angle=0),
axis.text.x = element text (size=8,angle=0,color="white", hjust=1, vjust=0.5),
axis.title.y = element text (color="white", size=8, face="bold"),
axis.text.y = element text (size=8,angle=0,color="white",vjust=0.25),
legend.position = ¢(0.45,0.5),
legend.background = element rect (fill="white", size=0.2,linetype="s0lid", colour
="lightblue"),
legend.title = element text (colour="black",size=8, face="bold"),
legend.text = element text (colour="black",size=9, face="plain"),
legend.key.size = unit (0.4, "cm")
,legend.key.width = unit (1.3, "cm")
))
format plot loess=(
theme bw () + # Background fill
theme ( # Format all the items on the graph
plot.title = element text (color="black", size=9, face="bold",hjust = 0.5),
axis.title.x = element text (color="black", size=8, face="plain",angle=0),
axis.text.x = element text (size=8,angle=0,color="black", hjust=0.5, vjust=0.5),
axis.title.y = element text (color="black", size=8, face="plain"),
axis.text.y = element text (size=8,angle=0,color="black",vjust=0.25),
legend.position="none", # top
legend.background = element rect (fill="bisque",size=0.2,linetype="so0lid", colour
="lightblue"),
legend.title = element text (colour="black",size=8, face="bold"),
legend.text = element text (colour="black",size=7,face="plain")

))

# setup conditional functions to be executed
# first condition always "if"
if (legendbox=="yes'") {ggplot (dataname, aes(x, y,colour = factor (phase))) +
geom_smooth (method = 'loess', se=FALSE, fullrange=TRUE, lwd=.3)+
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labs ( x=xlab,
y=ylab, colour="Infection phase")+
format plot loess legend
# intermediate conditions use "else if"
}else i1f (legendbox=="no") {

ggplot (dataname, aes(x, y,colour = factor (phase))) +
geom_smooth (method = 'loess', se=FALSE, fullrange=TRUE, lwd=.3)+
labs ( x=xlab,
y=ylab, colour="")+

format plot gam
# last condition always "else"
} else
print ("Nothing to plot")
b

data =load(file ="C:/Users/PARTSON/bal complt.rda")
dataname = bal complt

legend custom=loess.plot (x=hb, y=cd4,xlab="", ylab=bquote ("CD4"*"+"*"count"), legendbox="yes")
;legend custom

red _cells =loess.plot (data=dataname, x=red cells, y=cd4

,xlab=bquote ("RBC (x10"""6"*"cells/mm"~"3"*") "), ylab=bquote ("CD4"~"+"*"count")) ;red _cells

hb =loess.plot (data=data, x=hb, y=cd4,xlab="Haemoglobin (nmol/L)",

ylab=bguote ("CD4"""+"*"count")) ;hb

haematocrit =loess.plot (data=data,x=haematocrit ,y=cd4,xlab="Haematocrit (Hct/100)",
ylab=bguote ("CD4"""+"*"count")) ;haematocrit

mcv =loess.plot (data=data,x=mcv ,y=cd4,xlab="MCV (fL)", ylab=bguote ("CD4"""+"*"count")) ;mcv

mch =loess.plot (data=data,x=mch ,y=cd4,xlab="MCH (pg/cell)", ylab=bguote ("CD4"""+"*"count"))
;mch
mchc =loess.plot (data=data,x=mchc ,y=cd4,xlab="MCHC (g/dL)", ylab=bquote ("CD4"""+"*"count"))
;mchc

rdw =loess.plot (data=data,x=rdw ,y=cd4,xlab="RDW (%)", ylab=bquote ("CD4"""+"*"count")) ;rdw
platelet =loess.plot (data=data,x=platelet ,y=cd4,xlab=bquote ("Platelet (x10"A"9"*"/I)"),
ylab=bguote ("CD4"""+"*"count")) ;platelet

leucocyte =loess.plot (data=data,x=leucocyte ,y=cd4,xlab=bquote ("Leucocytes (x10" "9"*"/1,)"),
ylab=bguote ("CD4"""+"*"count")) ;leucocyte

neutrophils =loess.plot (data=data,x=neutrophils

, y=cd4, xlab=bguote ("Neutrophils (x10"""9"*" /1) "), ylab=bguote ("CD4"""+"*"count")) ;neutrophils
lymphocytes =loess.plot (data=data,x=lymphocytes

, y=cd4, xlab=bquote ("Lymphocytes (x10"""9"*" /1) "), ylab=bquote ("CD4"""+"*"count")) ;lymphocytes
monocytes =loess.plot (data=data,x=monocytes ,y=cd4,xlab=bguote ("Monocytes (x10"A"9"*"/T)"),
ylab=bguote ("CD4"""+"*"count")) ;monocytes

eosinophils =loess.plot (data=data,x=eosinophils

, y=cd4, xlab=bquote ("Eosinophils (x10"""9"*" /1) "), ylab=bquote ("CD4"""+"*"count")) ;eosinophils
basophils =loess.plot (data=data,x=basophils ,y=cd4,xlab=bquote ("Basophils (x10"""9"*"/1)"),
ylab=bguote ("CD4"""+"*"count")) ;basophils

cholesterol =loess.plot (data=data,x=cholesterol ,y=cd4,xlab="Cholesterol (mmol/L)",
ylab=bqguote ("CD4"""+"*"count")) ;cholesterol

1dl =loess.plot (data=data,x=1dl ,y=cd4,xlab="1LDL (mmol/L)", ylab=bgquote ("CD4"""+"*"count"))
;1d1l
triglycerides =loess.plot (data=data,x=triglycerides ,y=cd4,xlab="Triglycerides (mmol/L)",

ylab=bquote ("CD4"""+"*"count")) ;triglycerides

glucose =loess.plot (data=data,x=glucose ,y=cd4,xlab="Glucose",

ylab=bqgquote ("CD4"""+"*"count")) ;glucose

alt gpt =loess.plot(data=data,x=alt gpt ,y=cd4,xlab="ALT (GPT) (U/L)",
ylab=bquote ("CD4"""+"*"count")) ;alt gpt

ast_got =loess.plot(data=data,x=ast got ,y=cd4,xlab="AST (GOT) (U/L)",
ylab=bguote ("CD4"""+"*"count")) ;ast got

bilirubin =loess.plot(data=data,x=bilirubin ,y=cd4,xlab="Bilirubin (mmol/L)",
ylab=bgquote ("CD4"""+"*"count")) ;bilirubin

alkaline phos =loess.plot (data=data,x=alkaline phos ,y=cd4,xlab="ALP (IU/L)",
ylab=bguote ("CD4"""+"*"count")) ;alkaline phos

glutamyl trans =loess.plot(data=data,x=glutamyl trans ,y=cd4,xlab="GGT (U/L)",
ylab=bguote ("CD4"""+"*"count")) ;glutamyl trans

calcium =loess.plot (data=data,x=calcium ,y=cd4,xlab="Calcium(mmol/L)",
ylab=bquote ("CD4"""+"*"count")) ;calcium

chloride =loess.plot(data=data,x=chloride ,y=cd4,xlab="Chloride (mEqg/L)",
ylab=bguote ("CD4"""+"*"count")) ;chloride

magnesium =loess.plot (data=data,x=magnesium ,y=cd4,xlab="Magnesium (mmol/L)",
ylab=bquote ("CD4A"""+"*"count")) ;magnesium

potassium =loess.plot (data=data,x=potassium ,y=cd4,xlab="Potassium(mmol/L)",
ylab=bguote ("CD4"""+"*"count")) ;potassium

sodium =loess.plot (data=data,x=sodium ,y=cd4,xlab="Sodium (mEqg/L)",
ylab=bquote ("CDA"""+"*"count")) ;sodium

protein =loess.plot(data=data,x=protein ,y=cd4,xlab="Protein(g/L)",
ylab=bguote ("CD4"""+"*"count")) ;protein
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albumin =loess.plot (data=data,x=albumin ,y=cd4,xlab="Albumin (g/L)",

ylab=bqguote ("CD4"""+"*"count")) ;albumin
lactate dehyd =loess.plot (data=data,x=lactate dehyd ,y=cd4,xlab="LDH(U/L)",
ylab=bquote ("CD4"""+"*"count")) ;lactate dehyd

fe =loess.plot (data=data,x=fe ,y=cd4,xlab="Iron (Fe) (mcg/dL)", ylab=bquote ("CD4"""+"*"count"))
; fe
folate =loess.plot (data=data,x=folate ,y=cd4,xlab="Folate (nmol/L)",

ylab=bguote ("CD4"""+"*"count")) ;folate
vitbl2 =loess.plot (data=data,x=vitbl2 ,y=cd4,xlab="Vitamin B12 (ng/mL)",
ylab=bquote ("CDA"""+"*"count")) ;vitbl2

urea =loess.plot (data=data,x=urea ,y=cd4,xlab="Urea (mmol/L)", ylab=bguote ("CD4"""+"*"count"))
;urea
bp systolic =loess.plot (data=data,x=bp systolic ,y=cd4,xlab="BP(systolic) (mmHg)",

ylab=bguote ("CD4"""+"*"count")) ;bp_ systolic

bp diastolic =loess.plot (data=data,x=bp diastolic ,y=cd4,xlab="BP (diastolic) (mmHg)",
ylab=bquote ("CD4"""+"*"count")) ;bp diastolic

pulse bpm =loess.plot (data=data,x=pulse bpm ,y=cd4,xlab="Pulse (bpm)",

ylab=bguote ("CD4"""+"*"count")) ;pulse bpm

axillary temp =loess.plot (data=data,x=axillary temp

,y=cd4, xlab=bguote ("Axillary.Temp ("*"o"*"C)"), ylab=bquote ("CD4"""+"*"count")) ;axillary temp
waist circum =loess.plot (data=data,x=waist circum ,y=cd4,xlab="Waist circum(cm)",
ylab=bguote ("CD4"""+"*"count")) ;wailst circum

hip circum =loess.plot (data=data,x=hip circum ,y=cd4,xlab="Waist circum(cm)",
ylab=bguote ("CD4"""+"*"count")) ;hip_circum

arm_right =loess.plot(data=data,x=arm right ,y=cd4,xlab="Arm(right)circum(cm)",
ylab=bguote ("CD4"""+"*"count")) ;arm right

triceps_skin =loess.plot (data=data,x=triceps_skin ,y=cd4,xlab="Triceps skin fold (mm)",
ylab=bquote ("CD4"*"+"*"count")) ;triceps_skin

height m =loess.plot(data=data,x=height m ,y=cd4,xlab="Height (m)",

ylab=bguote ("CD4"""+"*"count")) ;height m

weight kg =loess.plot (data=data,x=weight kg ,y=cd4,xlab="lWeight (kg)",

ylab=bguote ("CD4"*"+"*"count")) ;weight kg

bmi =loess.plot (data=data, x=bmi ,y=cd4,xlab=bguote ("BMI (kg/m" "2"*")"),

ylab=bquote ("CD4"""+"*"count")) ;bmi

load(file ="C:/Users/PARTSON/multiplot.rda™)

#### random smoothsla
multiplot (
legend custom ,
#
red cells , hb , haematocrit , mcv ,
mch , mchc , rdw , platelet ,
leucocyte , neutrophils , lymphocytes , monocytes ,
eosinophils , basophils ,
#
cholesterol , 1d1l , triglycerides ,
#
glucose ,
#
alt gpt ,
cols=4) # save as random smoothsla

#### random smoothslb

multiplot (
#NB: repeat and crop to make it easy
ast got , ast got , ast got , ast got , ast got ,
bilirubin ,bilirubin ,bilirubin ,bilirubin ,bilirubin ,

alkaline phos ,alkaline_phos ,alkaline phos ,alkaline phos ,alkaline_phos ,
glutamyl trans,glutamyl trans,glutamyl trans,glutamyl trans,glutamyl trans,
#

cols=4) # save as random smoothslb

#### random_ smooths2a
multiplot (
legend custom,
calcium , chloride , magnesium , potassium ,
sodium ,
#
protein , albumin , lactate dehyd ,
#
fe , folate , vitbl2 ,
#
urea,
#
bp systolic , bp diastolic, pulse bpm , axillary temp,
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#
waist circum , hip circum , arm right ,
cols=4) # save as random smooths2a

#### random smooths2b
multiplot (
triceps_skin, triceps_skin,triceps_skin,triceps_skin, triceps_skin,
height m , height m ,yheight m ,yheight m ,yheight m ,
weight kg , weight kg ,weight kg ,weight kg ,weight kg ,
bmi , bmi , bmi , bmi , bmi ,

cols=4) # save as random smooths2b

if (!require (magick)) {install.packages ("magick") }

if (!require(rsvg)) {install.packages ("rsvg") }

if (!require (Rcmdr)) {install.packages ("Rcmdr") }

random_smoothsla = image read("C:/Users/Partson/random smoothsla.tiff") ;random smoothsla
random smoothslb = image read("C:/Users/Partson/random smoothslb.tiff") ;random smoothslb
random_smoothslb crop =image_ crop (random_ smoothslb, "598x652+0-535") ;random smoothslb crop

#
#--plot Figure 2.13
#
random_smoothsl = image append(c(random smoothsla , random smoothslb crop), stack =
TRUE) ; random_smoothsl
image_write(random_smoothsl,"C:/Users/Partson/randomismoothsl.tiff" , format = "tiff")

e e

random smooths2a = image read("C:/Users/Partson/random smooths2a.tiff") ;random smooths2a
random smooths2b = image read("C:/Users/Partson/random smooths2b.tiff") ;random smooths2b

random_smooths2b crop =image_crop (random smooths2b, "598x652+0-535") ;random smooths2b crop
# #

#--plot Figure 2.14 #

# #

random smooths2 = image append(c(random smooths2a , random smooths2b crop), stack = TRUE)
;random_smooths?2

image write (random smooths2, "C:/Users/Partson/random smooths2.tiff" , format = "tiff")

# #

# FIGURE 2.15 CORRELATION PLOT #

# #

rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\014") ;options (prompt = "R>")

load (file ="C:/Users/PARTSON/noerror237.rda")
load(file ="C:/Users/PARTSON/bal complt.rda")
if (!require (corrplot)) {install.packages ("corrplot")}
dataxcor = bal complt[, c(2,4,6:52)]
dataxcor = transform(dataxcor,

visitdate = ifelse(is.na(visitdate)

, NA, as.Date(visitdate,origin ="1970-01-01")))

# Convert date to numeric for imputation

datacor<- round(cor (dataxcor,use = "pairwise.complete.obs"),2)
datacor[is.na (datacor) ]=0

# plot

corrplot (datacor,na.label = "NA"
, type = "lower", order = NULL, col=c("red","blue"),
tl.col = "black", tl.srt = 45, tl.cex = .7,mar=c(0,0,1,0)

)

# Croping of figure above to get rid of white spaces

if (!require (magick)) {install.packages ("magick") }

if (!require (rsvg)) {install.packages ("rsvg'") }

if (!require (Rcmdr)) {install.packages ("Rcmdr") }

corrplot = image read("C:/Users/Partson/corrplot.tiff")

corrplot trim = corrplot %>%image trim()

corrplot trim

image write (corrplot trim,"C:/Users/Partson/corrplot trim.tiff" , format = "tiff")
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iddasdsssdasiaadstiaassatiassdatiassdatiaassaiiasssi

# #
# REMOVE REDUNDANT FEATURES #
# #
FHHHE A A R
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/bal complt.rda")
nocorr = c("patientid","visitdate","phase","phase num","time","cd4")
datacor = bal complt
corrmatrix = cor (datacor|[, !names (datacor)%in% nocorr])

# also exclude cd4 in finding correlations
save (corrmatrix, file ="C:/Users/PARTSON/corrmatrix.rda")

if (!require (caret)) {install.packages ("caret")}
# required for feature selection
set.seed (123) # ensure the results are repeatable

hicorrindex = findCorrelation (corrmatrix, cutoff=0.75,
verbose = TRUE, names =FALSE, exact = FALSE)
# identify all correlations pairs with >= 0.75 and print (verbose)
# Col index with highest mean abs corr is selected for removal
hicorrindex = sort(hicorrindex)
# sort col indices marked for removal
datacor_a = datacor(, !names (datacor) $in%nocorr]
# select data used for correlations only
reducedata a = datacor a[,-hicorrindex]
# drop marked cols
dropped = datacor_al! (datacor_a %in% reducedata_a)]
names (dropped)
save (dropped, file ="C:/Users/PARTSON/dropped.rda")

reducedata b = datacor([! (datacor %in% dropped) ]
bal reducedata = reducedata b

C3: Chapter 3 codes

FHAAA AR R R R R R R R R R R

# #
# MODELL FITTING WITHIN PHASE AND OVERALL # VARIABLE SCREENING
# #

idddssassaissas st aniiisaaRiiissasisasasiissntiisaniis;

# Overall

rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/reduced pls.rda")

if (!require (dplyr)) {install.packages ("dplyr")}

data = reduced pls[,c(1,3,5,45,6:44,46)]1%>% group by (patientid) %$>%

mutate (time =1:n()) %>% as.data.frame ()
#__
#data = subset (data, phase=="2-Acute")
#__

if (!require (VariableScreening)) {install.packages ("VariableScreening") }

Jmin <- min(table (data$patientid)) - 1
screenResults _a <- screenLD(X = data[,c(5:44)],
Y = datal,c(4)1,

#z = NULL,
id = datal[,c(1)1,
time = scale(datal[,c(2)]),

degree = 3, #3 for cubic splines
df = NULL, # NULL length(knots), =degree - intercept.
corstr = "AR-M",
M =1
)
screenResults b = as.data.frame (screenResults_a)
if (!require (data.table)) {install.packages ("data.table')}
screenResults ¢ = as.data.frame (setDT (screenResults b, keep.rownames = TRUE))
X = data[,c(5:44)]
Xt a = t(X)
Xt b = as.data.frame (Xt a)
Xt ¢ = as.data.frame (setDT (Xt _b, keep.rownames = TRUE))
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screenResults cSrn = Xt cSrn

setnames (screenResults _c ,c("rn","error","rank"),c("covariate","error0","rank0"))
#__

screenResults0 = screenResults c %>% arrange (rank0)

save (screenResults0, file ="C:/Users/PARTSON/screenResults0.rda")

#__
# Phase2
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/reduced pls.rda")
if (!require(dplyr)) {install.packages ("dplyr")}
data = reduced pls[,c(1,3,5,45,6:44,46)]1%>% group by (patientid) %>%

mutate (time =1:n()) %>% as.data.frame ()
-
data = subset(data, phase=="2-Acute")
#__

if (!require (VariableScreening)) {install.packages ("VariableScreening")}

Jmin <- min(table (data$patientid)) - 1
screenResults a <- screenlLD(X = data[,c(5:44)],
Y = data[,c(4)1,

#z = NULL,

id = datal[,c(1)],

time = scale(datal[,c(2)1]),

degree = 3, #3 for cubic splines

df = NULL, # NULL length(knots), =degree - intercept.
corstr = "AR-M",

M =1

)
screenResults b = as.data.frame (screenResults a)
if (!require (data.table)) {install.packages ("data.table™)}
screenResults c = as.data.frame (setDT (screenResults b, keep.rownames = TRUE))
X = data[,c(5:44)]
Xt_a = t(X)
Xt b = as.data.frame (Xt a)
Xt ¢ = as.data.frame (setDT (Xt b, keep.rownames = TRUE))
screenResults c$rn = Xt cSrn
setnames (screenResults ¢ ,c("rn","error","rank"),c("covariate","error2", "rank2"))
#__
screenResults2 = screenResults_c %>% arrange (rank2)
save (screenResults2, file ="C:/Users/PARTSON/screenResults2.rda")

#__
# Phase3
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/reduced pls.rda")
if (!require (dplyr)) {install.packages ("dplyr")}
data = reduced pls[,c(1,3,5,45,6:44,46)]1%>% group by (patientid) %$>%

mutate (time =1:n()) %>% as.data.frame ()
#__
data = subset(data, phase=="3-Early")
#__

if (!require (VariableScreening)) {install.packages ("VariableScreening") }

Jmin <- min(table (data$patientid)) - 1
screenResults a <- screenLD(X = datal[,c(5:44)],

Y = datal[,c(4)],

#z = NULL,

id = datal,c(1)],

time = scale(datal[,c(2)1]),

degree = 3, #3 for cubic splines

df = NULL, # NULL length (knots), =degree - intercept.
corstr = "AR-M",

M=1

)
screenResults b = as.data.frame (screenResults_a)
if (!require (data.table)) {install.packages ("data.table')}
screenResults ¢ = as.data.frame (setDT (screenResults b, keep.rownames = TRUE))
X = datal[,c(5:44)]
Xt a = t(X)
Xt b = as.data.frame (Xt a)
Xt ¢ = as.data.frame (setDT (Xt _b, keep.rownames = TRUE))
screenResults cSrn = Xt cSrn
setnames (screenResults ¢ ,c("rn","error","rank"),c("covariate","error3", "rank3"))
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e
screenResults3 = screenResults c %>% arrange (rank3)

save (screenResults3, file ="C:/Users/PARTSON/screenResults3.rda")

-

# Phased

rm(list= 1s () [! (1s() %in% c(""))]1) ; cat("\01l4") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/reduced pls.rda")
if (!require (dplyr)) {install.packages ("dplyr")}
data = reduced pls[,c(1,3,5,45,6:44,46)]%>% group by (patientid) $>%

mutate (time =1:n()) %>% as.data.frame ()
#__
data = subset(data, phase=="4-Est")
#__

if (!require (VariableScreening)) {install.packages ("VariableScreening")}

Jmin <- min(table (data$patientid)) - 1
screenResults a <- screenLD(X = datal[,c(5:44)],
Y = data[,c(4)],

#z = NULL,
id = datafl,c(1)],
time = scale(datal[,c(2)1]),

degree = 3, #3 for cubic splines
df = NULL, # NULL length (knots), =degree - intercept.
corstr = "AR-M",
M =1
)
screenResults b = as.data.frame (screenResults a)
if (!require (data.table)) {install.packages ("data.table')}
screenResults ¢ = as.data.frame (setDT (screenResults b, keep.rownames = TRUE))
X = data[,c(5:44)]
Xt a = t(X)
Xt b = as.data.frame (Xt _a)
Xt ¢ = as.data.frame (setDT (Xt b, keep.rownames = TRUE))
screenResults cSrn = Xt cSrn
setnames (screenResults _c ,c("rn","error","rank"),c("covariate","errord", "rankd"))
#__

screenResults4 = screenResults c %>% arrange (rank4)

save (screenResults4, file ="C:/Users/PARTSON/screenResultsd.rda")

#__

# Phaseb

rm(list= 1s() [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/reduced pls.rda")
if (!require (dplyr)) {install.packages ("dplyr")}
data = reduced pls[,c(1,3,5,45,6:44,46)]1%>% group by (patientid) %>%

mutate (time =1:n()) %>% as.data.frame ()
#__
data = subset(data, phase=="5-ART")
#__

if (!require (VariableScreening)) {install.packages ("VariableScreening")}

Jmin <- min(table (data$patientid)) - 1
screenResults a <- screenLD(X = datal[,c(5:44)],

Y = data[,c(4)],

#z = NULL,

id = datal[,c(1)],

time = scale(datal,c(2)1),

degree = 3, #3 for cubic splines
df = NULL, # NULL length (knots), =degree - intercept.
corstr = "AR-M",
M=1
)
screenResults alruntime;
screenResults b = as.data.frame (screenResults_a)
if (!require (data.table)) {install.packages ("data.table")}
screenResults ¢ = as.data.frame (setDT (screenResults b, keep.rownames = TRUE))
X = data[,c(5:44)]
Xt a = t(X)
Xt b = as.data.frame (Xt a)
Xt ¢ = as.data.frame (setDT (Xt b, keep.rownames = TRUE))
screenResults_c$rn = Xt_cSrn
setnames (screenResults c ,c("rn","error","rank"),c("covariate","error5","rank5"))
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e
screenResults5 = screenResults c %>% arrange (rank5)

save (screenResults5, file ="C:/Users/PARTSON/screenResults5.rda")
-

FHHHE A A R

# #

# RESULTS EXTRACTION FROM THE FITTED MODELS #

# #

FHHHE A R

# Load results data

rm(list= 1s() [! (1s() %in% c(""))]1) ; cat("\01l4") ;options (prompt = "R>")
load (file ="C:/Users/PARTSON/screenResults2.rda")

load (file ="C:/Users/PARTSON/screenResults3.rda")

load(file ="C:/Users/PARTSON/screenResults4.rda")

load(file ="C:/Users/PARTSON/screenResults5.rda")

load (file ="C:/Users/PARTSON/screenResults0.rda")

screenLD ranks = Reduce (function(x,y) merge(x = x, y =y, by = "covariate",sort = FALSE),
list (screenResults2, screenResults3, screenResults4, screenResults5,screenResults0))%$>%
arrange (-rankO0)
save (screenLD_ranks, file ="C:/Users/PARTSON/screenLD ranks.rda")

FHEHEFHE AR AR

# Prepare Table 3.2: results data #
[gdd T LR ER TR EEEEEE
rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\014") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/screenLD ranks.rda")

screenlD ranks_apndx_a = screenlLD ranks%>%arrange (rankO)

screenlD ranks apndx a$covariate <-

gsub ("lymphocytes", "Lymphocytes", screenLD ranks_apndx aScovariate)

screenLD ranks apndx aScovariate <-

gsub ("basophils", "Basophils", screenLD ranks_apndx aScovariate)
screenLD ranks apndx_aScovariate <- gsub("albumin","Albumin", screenLD ranks apndx aScovariate)
screenLD ranks apndx a$covariate <-
gsub("haematocrit","Haematocrit",screenLD_ranks_apndx_a$covariate)
screenlD ranks apndx a$covariate <-

gsub ("alkaline phos","ALP",screenLD ranks_apndx aS$Scovariate)
screenLD ranks apndx_aScovariate <- gsub ("mcv","MCV",screenLD ranks apndx aScovariate)
screenLD ranks apndx aScovariate <-

gsub ("platelet"”,"Platelet"”, screenlD ranks_apndx aS$Scovariate)
screenlD ranks apndx a$covariate <-

gsub ("potassium", "Potassium", screenlLD ranks apndx_aS$covariate)

screenLD ranks apndx aScovariate <-

gsub ("monocytes", "Monocytes", screenLD ranks_apndx aScovariate)
screenLD ranks_ apndx aScovariate <- gsub("protein","Total

protein', screenlD ranks apndx a$covariate)

screenLD ranks apndx a$covariate <-

gsub ("lactate dehyd","LDH",screenLD ranks_ apndx aScovariate)
screenLD ranks apndx_aScovariate <- gsub("folate","Folate", screenLD ranks apndx aScovariate)
screenlD ranks apndx a$covariate <-

gsub ("magnesium", "Magnesium", screenLD ranks apndx aS$covariate)
screenLD ranks apndx_aScovariate <- gsub("glucose","Glucose",screenLD ranks apndx aScovariate)
screenLD ranks apndx_aScovariate <- gsub("calcium","Calcium", screenLD ranks apndx aScovariate)
screenLD ranks apndx aScovariate <- gsub ("mchc", "MCHC", screenLD ranks apndx aScovariate)
screenLD ranks apndx a$covariate <- gsub("red cells","Red blood

cells", screenlD ranks apndx a$covariate)

screenLD ranks apndx_aScovariate <- gsub("sodium","Sodium", screenLD ranks apndx aScovariate)
screenLD ranks apndx_ aScovariate <- gsub("vitbl2","Vitamin
B12",screenlLD ranks apndx a$covariate)

screenLD ranks apndx a$covariate <- gsub("triceps skin","Triceps skin
fold",screenLD ranks apndx aScovariate)

screenlD ranks apndx a$covariate <-

gsub ("triglycerides","Triglycerides", screenlLD ranks_ apndx a$covariate)
screenLD ranks apndx a$covariate <-

gsub ("neutrophils", "Neutrophils", screenLD ranks_apndx aScovariate)
screenLD ranks apndx aScovariate <-

gsub ("ast got","AST (GOT)",screenLD ranks_ apndx a$covariate)

screenLD ranks apndx a$covariate <-

gsub ("eosinophils","Eosinophils", screenLD ranks_apndx aScovariate)
screenLD ranks apndx aScovariate <- gsub("height m","Height", screenLD ranks apndx aScovariate)
screenLD ranks apndx a$covariate <-

gsub ("chloride","Chloride",screenLD ranks apndx aScovariate)

screenLD ranks_apndx_aScovariate <- gsub("fe","Fe(Iron)",screenLD ranks apndx_ aScovariate)
screenLD ranks apndx aScovariate <- gsub("waist circum","Waist

circum", screenLD ranks apndx aScovariate)

screenLD ranks_apndx_aScovariate <- gsub("1ldl","LDL",screenLD ranks_ apndx_aScovariate)
screenLD ranks_apndx_aScovariate <- gsub("bmi","BMI", screenLD ranks_ apndx_aScovariate)
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screenLD ranks apndx aScovariate <-
gsub ("bp systolic","BP(systolic)",screenLD ranks_ apndx aScovariate)
screenLD ranks apndx a$covariate <-
gsub ("bilirubin", "Bilirubin", screenLD ranks apndx aS$covariate)
screenLD ranks apndx_aS$covariate <- gsub("arm right","Arm(right)
circum", screenlD ranks apndx a$covariate)
screenLD ranks apndx a$covariate <-
gsub ("glutamyl trans","GGT",screenLD ranks apndx aScovariate)
screenLD ranks apndx aScovariate <-
gsub ("bp diastolic","BP(diastolic)",screenLD ranks_ apndx aScovariate)
screenLD ranks apndx a$covariate <- gsub("rdw","RDW",screenLD ranks apndx a$covariate)
screenLD ranks apndx a$covariate <- gsub("pulse bpm","Pulse",screenLD ranks apndx aScovariate)
screenLD ranks apndx aScovariate <- gsub("urea","Urea",screenLD ranks apndx aScovariate)
screenlD ranks apndx a$covariate <-
gsub ("alt gpt","ALT (GPT)",screenLD ranks apndx a$covariate)
screenLD ranks apndx a$covariate <- gsub("axillary temp","Axillary
Temp", screenLD ranks apndx_aScovariate)
if (!require (dplyr)) {install.packages ("dplyr")}
screenlD ranks_apndx= screenLD_ranks_apndx_a %>%
mutate if(is.numeric, function(x) {
round (x,4)})
if (!require (xlsx)) {install.packages ("x1lsx")}
write.xlsx (screenlLD_ranks_apndx,file ="C:/Users/PARTSON/screenlLD ranks apndx.xlsx"
,row.names = FALSE, showNA=FALSE)

# #
# Figure 3.2: Plot errors #
# #
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

load (file ="C:/Users/PARTSON/screenResults0.rda")
if (!require (Rcmdr)) {install.packages ("Rcmdr") }
if (!require (ggplot2)) {install.packages ("ggplot2")}

format plot errors=(
theme bw () + # Background fill
theme ( # Format all the items on the graph
plot.title = element text (color="black", size=9, face="bold",hjust = 0.5),
axis.title.x = element text (size=9,color="black", face="plain",angle=0),
axis.text.x = element text (size=8,angle=90,color="black", hjust=1, vjust=0.25),
axis.title.y = element text(size=9,color="black", face="plain"),
axis.text.y = element text (size=8,angle=0,color="black",vjust=0.25),
legend.position="none",
legend.background = element rect (fill="bisque",size=0.2,linetype="so0lid", colour
="lightblue"),
legend.title = element text (colour="black",size=8,face="bold"),
legend.text = element text (colour="black",size=7,face="plain")
))
ggplot (screenResultsO,
aes (covariate, error0, group = NULL)) +
geom col (aes(fill = factor(rank0)),width=.7) +
scale x discrete(limits=screenResults(OScovariate)+
labs ( x=bquote ("Desirable <<-—-=----—————-—-——- Clinical covariates of CD4"""+"*"count ----
——————————— >> Undesirable"),
y="Sum of squared error values"
)+
format plot errors

# Reshape wide to long data
rm(list= 1s()[!(1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/screenLD ranks.rda")
screen_rank _long <- melt (screenlLD ranks,
# ID variables - all the variables to keep but not split apart on
id.vars=c("covariate"),
# The source columns
measure.vars=c ("rank2", "rank3", "rank4d", "rank5","rank0" ),
# Name of the destination column that will identify the original
# column that the measurement came from
variable.name="Rank",
value.name="value"

)

if (!require(car)) {install.packages ("car")}
screen_rank_ longSRank<-recode (screen_rank longS$SRank,"'rank('='Overall';
'rank2'='2-Acute’';
'rank3'= '3-Early';
'rank4'='4-Est';
'rank5'="'5-ART'")
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#
# Figure 3.3: Plot ranks
#
if (!require (ggplot2)) {install.packages ("ggplot2")}
if (!require (Rcmdr)) {install.packages ("Rcmdr") }

H= W e

format plot screen rank=(

#theme bw () + # Background fill
theme ( # Format all the items on the graph
plot.title = element text (color="black", size=9, face="bold",
hjust = 0.5,margin = margin(t = 0, b = -0)),

axis.title.x = element text (size=9,color="black", face="plain",angle=0),

axis.text.x = element text(size=9,angle=0,color="black", hjust=.5, vjust=l),

axis.title.y = element text(size=9,color="black", face="plain"),

axis.text.y = element text (size=9,angle=0,color="black",vjust=0.25),

legend.position="top",

legend.background = element rect (fill="bisque",size=0.2,linetype="solid"
,colour ="lightblue"),

legend.title = element text (colour="black",size=8, face="bold"),

legend.text = element text (colour="black",size=7,face="plain")

))

ggplot (screen rank long, aes(x=covariate, y=value)) + geom line(color="black") +
geom _point (aes(fill = factor(Rank)),size=4, shape=21) +
scale_fill manual (values=c("green3","blue","red", "orange", "cyan"),
name="Infection phase:")+
scale x discrete(limits=screenLD ranksScovariate)+
labs ( x=bquote ("Clinical covariates of CD4"""+"*"count"),
y="1=Most - - - - - - - - Desirability rank (VariableScreening) - - - - - - - -
Least=40" ,title=""
)+
coord flip()+
format _plot screen rank

igddsaassssssasisissaniiiasaniiasasiiiasasiisaaaiiisaniiisaniiisaaniisssnRiisnnRtti
# #

# CROSS VALIDATION & MODEL FITTING # PGEE

# #

#HHHHRH AR A AR AR

# PHASE 2

rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\014") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/reduced pls.rda")

data_a = subset(reduced pls, phase=="2-Acute")

data b <- data al,-c(2,4,5)]

if (!require (dplyr)) {install.packages ("dplyr")}

data ¢ = data b[,c(1,42,2:41,43)] %>% group by (patientid) $>%
mutate (time =1:n()) %>% as.data.frame ()

data_d = data_c[,4:43] %>%
mutate if (is.numeric, function(x) {
(x-mean (x)) /sd (x)
})
data = data.frame(data c[,1:3],data_d)
if (!require (data.table)) {install.packages ("data.table')}

setnames (data,c ("patientid","cd4™),c("id","y"))
formula <- "y~.-id"

family <- gaussian(link = "identity")
lambda.vec <- seq(0.1,5,0.2)

if (!require (PGEE) ) {install.packages ("PGEE") }

cv <- CVfit (formula=formula,id = id, data = data, family = family,

fold = 4, lambda.vec = lambda.vec, pindex = c(1,2), eps = 10"-6, maxiter = 30,
tol = 107-3)

cv$lam.opt
print (cv)

lambda <- cvS$lam.opt
pgee fit = PGEE (formula = formula, id = id, data = data, na.action = NULL,

family = family, corstr = "AR-1", Mv = NULL,
beta int = NULL, R = NULL, scale.fix = TRUE,
scale.value = 1, lambda = lambda, pindex = c¢(1,2), eps = 107-6, maxiter = 30,

tol = 107-3, silent FALSE)

pgee fit2 = pgee fit
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save (pgee_fit2,file ="C:/Users/PARTSON/pgee fit2.rda")

# PHASE 3
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/reduced pls.rda")
data_a = subset(reduced pls, phase=="3-Early")
data b <- data al[,-c(2,4,5)]
if (!require (dplyr)) {install.packages ("dplyr")}
data ¢ = data b[,c(1,42,2:41,43)] %>% group_by(patientid) $>%
mutate (time =1:n()) %>% as.data.frame ()

data d = data c[,4:43] %>%
mutate if (is.numeric, function(x) {
(x-mean (x)) /sd (x)
})
data = data.frame(data c[,1:3],data d)
if (!require (data.table)) {install.packages ("data.table")}

setnames (data,c("patientid","cd4"),c("id","y"))
formula <- "y~.-id"

family <- gaussian(link = "identity")
lambda.vec <- seq(0.1,5,0.2)

if (!require (PGEE)) {install.packages ("PGEE") }

cv <- CVfit (formula=formula,id = id, data = data, family = family,

fold = 4, lambda.vec = lambda.vec, pindex = c(1,2), eps = 10"-6, maxiter = 30,
tol = 107-3)

cv$lam.opt
print(cv)

lambda <- cv$lam.opt

pgee_fit = PGEE (formula = formula, id = id, data = data, na.action = NULL,
family = family, corstr = "AR-1", Mv = NULL,

beta int = NULL, R = NULL, scale.fix = TRUE,

scale.value = 1, lambda = lambda, pindex = c¢(1,2), eps = 107-6, maxiter = 30,
tol = 107-3, silent = FALSE)

pgee fit3 = pgee fit
save (pgee_fit3,file ="C:/Users/PARTSON/pgee fit3.rda")

# PHASE 4
rm(list= 1s() [!(1s() %in% c(""))]1) ; cat("\014") ;options(prompt = "R>")
load(file ="C:/Users/PARTSON/reduced pls.rda")
data_a = subset(reduced pls, phase=="4-Est")
data b <- data_al,-c(2,4,5)]
if (!require (dplyr)) {install.packages ("dplyr")}
data_c = data b[,c(1,42,2:41,43)] %>% group_by(patientid) $>%
mutate (time =1:n()) %>% as.data.frame ()

data d = data c[,4:43] %>%
mutate if (is.numeric, function(x) {
(x-mean (x)) /sd(x)
1)
data = data.frame(data c[,1:3],data_d)
if (!require (data.table)) {install.packages ("data.table")}

setnames (data, c("patientid","cd4"),c("id","y"))
formula <- "y~.-id"

family <- gaussian(link = "identity")
lambda.vec <- seqg(0.1,5,0.2)

if (!require (PGEE)) {install.packages ("PGEE") }

cv <- CVfit (formula=formula,id = id, data = data, family = family,

fold = 4, lambda.vec = lambda.vec, pindex = c(1,2), eps = 10"-6, maxiter = 30,
tol = 107-3)

cv$lam.opt
print (cv)

lambda <- cv$lam.opt
pgee fit = PGEE (formula = formula, id = id, data = data, na.action = NULL,

family = family, corstr = "AR-1", Mv = NULL,
beta int = NULL, R = NULL, scale.fix = TRUE,
scale.value = 1, lambda = lambda, pindex = c¢(1,2), eps = 10%-6, maxiter = 30,

tol = 107-3, silent = FALSE)
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pgee fit4 = pgee fit
save (pgee_fit4,file ="C:/Users/PARTSON/pgee fitd.rda")

# PHASE 5
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/reduced pls.rda")
data a = subset(reduced pls, phase=="5-ART")
data b <- data al[,-c(2,4,5)]
if (!require (dplyr)) {install.packages ("dplyr")}
data ¢ = data b[,c(1,42,2:41,43)] %>% group_by(patientid) $>%
mutate (time =1:n()) %>% as.data.frame ()

data d = data_c[,4:43] %>%
mutate if (is.numeric, function(x) {
(x-mean (x) ) /sd (x)
})
data = data.frame(data c[,1:3],data_d)
if (!require (data.table)) {install.packages ("data.table')}

setnames (data,c("patientid","cd4"),c("id","y"))
formula <- "y~.-id"

family <- gaussian(link = "identity")
lambda.vec <- seq(0.1,5,0.2)

if (!require (PGEE)) {install.packages ("PGEE") }

cv <- CVfit(formula=formula,id = id, data = data, family = family,

fold = 4, lambda.vec = lambda.vec, pindex = c(1,2), eps = 10"-6, maxiter = 30,
tol = 10"-3)

cv$lam.opt
print(cv)

lambda <- cv$lam.opt

pgee fit = PGEE (formula = formula, id = id, data = data, na.action = NULL,
family = family, corstr = "AR-1", Mv = NULL,

beta_int = NULL, R = NULL, scale.fix = TRUE,

scale.value = 1, lambda = lambda, pindex = c¢(1,2), eps = 107-6, maxiter = 30,
tol = 107-3, silent = FALSE)

pgee fitb5 = pgee fit
save (pgee_fit5,file ="C:/Users/PARTSON/pgee fit5.rda")

# OVERALL
rm(list= 1s() [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/reduced pls.rda")
data a = subset(reduced pls, phase!="5-ART.")
data b <- data al,-c(2,4,5)]
if(!require (dplyr)) {install.packages ("dplyr")}
data_c = data b[,c(1,42,2:41,43)] %>% group_by(patientid) $>%
mutate (time =1:n()) %>% as.data.frame/()

data_d = data_c[,4:43] %>%
mutate if (is.numeric, function(x) {
(x-mean (x) ) /sd (x)
})
data = data.frame(data c[,1:3],data_d)
if (!require (data.table)) {install.packages ("data.table")}

setnames (data,c("patientid","cd4"),c("id","y"))
formula <- "y~.-id"

family <- gaussian(link = "identity")
lambda.vec <- seq(0.1,5,0.2)

if (!require (PGEE)) {install.packages ("PGEE") }

cv <- CVfit (formula=formula,id = id, data = data, family = family,

fold = 4, lambda.vec = lambda.vec, pindex = c(1,2), eps = 107-6, maxiter = 30,
tol = 107-3)

cv$lam.opt
print (cv)

lambda <- cv$lam.opt

pgee fit = PGEE (formula = formula, id = id, data = data, na.action = NULL,
family = family, corstr = "AR-1", Mv = NULL,

beta int = NULL, R = NULL, scale.fix = TRUE,

scale.value = 1, lambda = lambda, pindex = c¢(1,2), eps = 10%°-6, maxiter = 30,
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tol = 10"-3, silent = FALSE)

pgee fit = pgee fit
save (pgee fit,file ="C:/Users/PARTSON/pgee fit.rda")
#HHHE A

# #
# EXTRACTION OF RESULTS #
i #

ifddsasssssssaaasisasiissaaRiissanissi

# load results

rm(list= 1s() [! (1s() %in% c(""))]1) ; cat("\01l4") ;options (prompt = "R>")
load (file ="C:/Users/PARTSON/pgee fit2.rda")

load(file ="C:/Users/PARTSON/pgee fit3.rda")

load(file ="C:/UserS/PARTSON/pqeeifit4.rda")

load(file ="C:/UserS/PARTSON/pqeeifitB.rda")

load(file ="C:/Users/PARTSON/pgee fit.rda")

# #
# Table 3.3 #
# #
summary pgee = data.frame (
" Parameter = c("Optimal lambda" , "Number of selected covariates"),
phase2=
c(summary (pgee_fit2) [[10]],length (which (abs (coef (summary (pgee_fit2)) [, "Estimate"]) > 107-3))),
phase3=
c(summary (pgee fit3) [[10]],length (which (abs (coef (summary (pgee fit3)) [, "Estimate"]) > 107-3))),
phased=
c(summary (pgee_fit4) [[10]],length (which (abs (coef (summary (pgee_fitd)) [, "Estimate"]) > 107-3))),
phaseb=
c(summary (pgee fit5) [[10]],length (which (abs (coef (summary (pgee fit5)) [, "Estimate"]) > 107-3))),
Overall=c (summary (pgee_fit) [[10]],length (which (abs (coef (summary (pgee_fit)) [, "Estimate"]) >
107=3))))

setnames (summary pgee,c("phase2","phase3", "phased", "phaseb"),c("2-Acute","3-Early","4-Est", "5~
ART"))

if (!require (xlsx)) {install.packages ("xlsx")}
write.xlsx (summary pgee,file ="C:/Users/PARTSON/summary pgee.xlsx"
,row.names = FALSE, showNA=FALSE)

# Prepare Table 3.4

# Sort the estimates and add the rank column
coef2 a = summary(pgee fit2) [[7]][-1,c(1,5)] %>%as.data.frame()
coef2 b = as.data.frame (setDT(coef2 a, keep.rownames = TRUE))%>%
arrange (-abs (Estimate))
pgee coef2 = subset(coef2 b[,-3],rn!="time")%>%
mutate (Rank =1:n()) %>% as.data.frame ()
coef2 apndx = pgee_coef2
setnames (coef2 apndx,c("rn","Estimate", "Rank"),c("covariate","Estimate2", "Rank2"))
save (pgee_coef2, file ="C:/Users/PARTSON/pgee coef2.rda")

coef3 a = summary(pgee fit3) [[7]][-1,c(1,5)] %>%as.data.frame()
coef3 b = as.data.frame (setDT(coef3 a, keep.rownames = TRUE))%>%
arrange (-abs (Estimate))
pgee coef3 = subset(coef3 b[,-3],rn!="time")%>%
mutate (Rank =1:n()) %>% as.data.frame ()
coef3 apndx = pgee coef3
setnames (coef3 apndx,c("rn","Estimate","Rank"),c("covariate", "Estimate3", "Rank3"))
save (pgee_coef3, file ="C:/Users/PARTSON/pgee coef3.rda")

coefd a = summary(pgee fitd) [[7]][-1,c(1,5)] %>%as.data.frame()
coefd b = as.data.frame (setDT(coefd_a, keep.rownames = TRUE))3$>%
arrange (-abs (Estimate))
pgee coefd = subset(coefd b[,-3],rn!="time")%>%
mutate (Rank =1:n()) %>% as.data.frame ()

coef4 apndx = pgee coef4
setnames (coef4 apndx,c("rn","Estimate","Rank"),c("covariate","Estimated", "Rank4"))
save (pgee_coef4, file ="C:/Users/PARTSON/pgee coefd.rda")

coef5 a = summary (pgee fit5) [[7]][-1,c(1,5)] %>%as.data.frame/()
coef5 b = as.data.frame(setDT(coef5 a, keep.rownames = TRUE))$>%
arrange (-abs (Estimate) )
pgee coef5 = subset(coefb b[,-3],rn!="time")%>%
mutate (Rank =1:n()) %>% as.data.frame ()

coef5 apndx = pgee coefb
setnames (coef5 apndx,c("rn","Estimate","Rank"),c("covariate","Estimateb", "Rank5"))
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save (pgee_coef5, file ="C:/Users/PARTSON/pgee coef5.rda")

%>%as.data.frame ()
keep.rownames = TRUE)) $>%

coef a = summary(pgee fit) [[7]]1([-1,c(1,5)]

coef b = as.data.frame (setDT (coef a,
arrange (-abs (Estimate))

pgee coef(0 = subset(coef b[,-3],rn!="time")%>%

mutate (Rank =1:n¢())

coef apndx = pgee coef(
setnames (coef apndx,c("rn

","Estimate", "Rank"),

%>% as.data.frame ()

c("covariate","EstimateO","Rank0"))

save (pgee_coef0, file ="C:/Users/PARTSON/pgee coef(.rda")

#

# Table 3.4:

Combine all phase tables

e S

#

pgee_coefs

arrange (-RankO0)

Reduce (function (x,vy)
list(coef2 apndx,coef3 apndx ,

merge (x X, y =
coef4 apndx,

y, by "covariate", sort
coef5 apndx,coef apndx)) %>%

FALSE) ,

save (pgee_coefs, file ="C:/Users/PARTSON/pgee coefs.rda")

rm(list= 1s () [!(1ls()

%in% c(""))]1)

cat("\014") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/pgee coefs.rda")

pgee_coefs apndx
pgee coefs apndx$covariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate
pgee coefs apndxScovariate
pgee coefs apndxScovariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate
pgee coefs apndxScovariate
pgee coefs apndxScovariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate
pgee coefs apndxScovariate
pgee coefs apndxScovariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate
pgee coefs apndxScovariate
pgee coefs apndxScovariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate

pgee coefs%>%arrange (Rank0)

gsub ("lymphocytes", "Lymphocytes",pgee coefs_apndx$covariate)
gsub ("basophils", "Basophils",pgee coefs_ apndxS$Scovariate)
gsub ("albumin", "Albumin", pgee coefs_apndxScovariate)

gsub ("haematocrit", "Haematocrit",pgee coefs_apndxS$Scovariate)
gsub ("alkaline phos","ALP",pgee coefs apndxS$Scovariate)
gsub("mcv","MCV",pgee_coefs_apndx$covariate)

gsub ("platelet"”,"Platelet"”,pgee coefs_apndxScovariate)

gsub ("potassium", "Potassium",pgee coefs apndxScovariate)
gsub ("monocytes", "Monocytes",pgee coefs_ apndx$Scovariate)
gsub ("protein","Total protein",pgee coefs apndxScovariate)
gsub ("lactate dehyd","LDH",pgee coefs_ apndxScovariate)

gsub ("folate","Folate",pgee coefs_apndxScovariate)

gsub ("magnesium", "Magnesium",pgee coefs apndxS$covariate)
gsub ("glucose","Glucose",pgee coefs apndx$Scovariate)

gsub ("calcium","Calcium",pgee coefs_ apndxScovariate)

gsub ("mchc", "MCHC", pgee_coefs_apndxS$Scovariate)

gsub ("red cells","Red blood cells",pgee_coefs_apndx$covariate)
gsub("sodium","Sodium",pgee_coefs_apndx$covariate)

gsub ("vitbl2","Vitamin B12",pgee coefs apndxS$Scovariate)

gsub ("triceps skin","Triceps skin

fold",pgee coefs apndxScovariate)

pgee coefs apndxScovariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate
pgee coefs apndxScovariate
pgee coefs apndxScovariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate
pgee coefs apndxScovariate
pgee coefs apndxScovariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate
pgee coefs apndxScovariate
pgee coefs apndxScovariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate
pgee coefs apndxScovariate
pgee coefs apndxScovariate
pgee coefs apndx$covariate
pgee coefs apndx$covariate

if (!require (x1lsx)) {install.

; TOW.names

gsub ("triglycerides","Triglycerides",pgee coefs apndxScovariate)
gsub ("neutrophils", "Neutrophils",pgee coefs apndxS$Scovariate)
gsub ("ast got","AST (GOT)",pgee coefs apndxScovariate)

gsub ("eosinophils", "Eosinophils",pgee coefs apndxScovariate)
gsub ("height m","Height",pgee coefs apndx$covariate)

gsub ("chloride","Chloride",pgee coefs apndxScovariate)

gsub ("fe","Fe (Iron)",pgee coefs apndxS$Scovariate)

gsub ("waist circum","Waist circum",pgee coefs apndxScovariate)
gsub ("1d1", "LDL", pgee coefs apndx$covariate)

gsub ("bmi", "BMI", pgee coefs apndx$covariate)

gsub ("bp systolic","BP(systolic)",pgee coefs apndxScovariate)
gsub ("bilirubin","Bilirubin", pgee coefs apndxScovariate)

gsub ("arm right","Arm(right) circum",pgee coefs apndx$covariate)
gsub ("glutamyl trans","GGT",pgee coefs apndx$covariate)

gsub ("bp diastolic","BP(diastolic)",pgee coefs apndxScovariate)
gsub ("rdw", "RDW",pgee_coefs apndxScovariate)

gsub ("pulse bpm", "Pulse",pgee coefs apndx$covariate)

gsub ("urea", "Urea",pgee_coefs apndx$covariate)

gsub ("alt gpt","ALT (GPT)",pgee coefs apndxScovariate)

gsub ("axillary temp","Axillary Temp",pgee coefs apndxScovariate)

packages ("xlsx") }
write.xlsx (pgee coefs apndx,file ="C:/Users/PARTSON/pgee coefs apndx.xlsx"

FALSE,

showNA=FALSE)

ifddssasis s isissasiiisastiissastssi

#
# PLOT RANKS
#

#
#
#

ifddssssis s isissasiiissstiisssstssi

# Prepare Figure 3.4 #
FHE

# load the results
rm(list= 1s () [! (1s()

#in% c(""))]) ;

cat("\014") ;options (prompt "R>")

load(file ="C:/Users/PARTSON/pgee coef2.rda")
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load(file ="C:/Users/PARTSON/pgee coef3.rda")
load(file ="C:/Users/PARTSON/pgee coefd.rda")
load(file ="C:/Users/PARTSON/pgee coef5.rda")
load(file ="C:/Users/PARTSON/pgee coef(.rda")

# add the effect column

pgee coef2Seffect2 = ifelse(pgee coef2$Estimate2>0,"positive", "negative")
pgee coef3Seffect3 = ifelse (pgee coef3$Estimate3>0,"positive", "negative")
pgee coefd4Seffectd = ifelse(pgee coefdSEstimated>0, "positive", "negative')
pgee coefb5$effect5 = ifelse(pgee coef5$Estimate5>0, "positive", "negative')
pgee coeflOSeffect0 = ifelse (pgee coefO$Estimate0>0, "positive", "negative)

# Plot the estimates within each phase and overall
format plot pgee=(

theme bw () + # Background fill
theme ( # Format all the items on the graph
plot.title = element text (color="black", size=9, face="bold",
hjust = 0.5,margin = margin(t = 10, b = -10)),

axis.title.x = element text (size=9,color="black", face="plain",angle=0),
axis.text.x = element text (size=8,angle=90,color="black", hjust=1, vjust=0.5),
axis.title.y = element text(size=9,color="black", face="plain"),
axis.text.y = element text (size=8,angle=0,color="black",vjust=0.25),
legend.position="none",
legend.background = element rect (fill="bisque",size=0.2,linetype="solid",colour
="lightblue"),
legend.title = element text (colour="black",size=8, face="bold"),
legend.text = element text (colour="black",6size=7,face="plain")
))
pgee plot2 =ggplot (pgee coef2,
aes (covariate, Estimate2)) +
geom col (aes(fill = factor(effect2)),width=.7) +
scale_fill manual (values=c("red", "green3"),

name="") +
scale x discrete(limits=pgee coef2$covariate)+
labs ( x=bguote(""),
y="Penalized estimates", title="2-Acute"
)+

geom_hline (yintercept= 10"-3, color ="orange", lty =2)+
geom hline(yintercept= -107-3, color ="orange'", lty =2)+
format _plot pgee

pgee plot3 =ggplot (pgee coef3,
aes (covariate, Estimate3)) +
geom_col (aes (fill = factor(effect3)),width=.7) +
scale_fill manual (values=c("red", "green3"),
name="") +
scale x discrete(limits=pgee coef3$covariate)+
labs ( x=bquote(""),
y="Penalized estimates",title="3-Early"
)+
geom_hline (yintercept= 10"-3, color ="orange", lty =2)+
geom_hline (yintercept= -107-3, color ="orange", lty =2)+
format _plot pgee

pgee plotd4 =ggplot (pgee coef4,
aes (covariate, Estimated)) +
geom col (aes(fill = factor(effectd)),width=.7) +
scale_fill manual (values=c("red", "green3"),
name="") +
scale x discrete(limits=pgee coef4d$covariate)+
labs ( x=bquote(""),
y="Penalized estimates",title="4-Est"
)+

geom _hline (yintercept= 107"-3, color ="orange", lty =2)+
geom_hline (yintercept= -107-3, color ="orange", lty =2)+
format plot pgee

pgee plotb5 =ggplot (pgee coef5,
aes (covariate, Estimate5)) +
geom col (aes(fill = factor(effectb)),width=.7) +
scale fill manual (values=c("red", "green3"),

name="") +
scale x discrete(limits=pgee coefb$covariate)+
labs( x="",
y="Penalized estimates" ,title="5-ART"
)+

geom hline (yintercept= 107"-3, color ="orange", lty =2)+
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geom_hline (yintercept= -107-3, color ="orange", lty =2)+
format plot pgee

pgee plot overall =ggplot (pgee coefl,
aes (covariate, EstimateO)) +
geom col (aes(fill = factor(effect0)),width=.7) +
scale fill manual (values=c ("red", "green3"),

name="") +
scale x discrete(limits=pgee coefOScovariate)+
labs ( x=bquote ("Desirable <<-—-—---—-—-———--——- Clinical covariates of CD4"""+"*"count ----

77777777777 >> Undesirable"),
y="Penalized estimates" ,title="Overall"
)+
geom hline(yintercept= 107-3, color ="orange", lty =2)+
geom hline (yintercept= -107-3, color ="orange'", lty =2)+
format plot pgee

# Append the graphs
load(file ="C:/Users/PARTSON/multiplot.rda™)
multiplot (
pgee plot2 , pgee plot3, pgee plotd4 ,pgee plot5,
cols=1)
pgee_plot overall

if (!require (magick)) {install.packages ("magick") }

if (!require (rsvg)) {install.packages ("rsvg'") }

pgee vipl 5 = image read("C:/Users/Partson/pgee vipl 5.tiff") ;pgee vipl 5
pgee vip overall = image read("C:/Users/Partson/pgee vip overall.tiff") ;pgee vip overall
# #

# Plot Figure 3.4: combine the estimate plots #

# f

pgee vip est = image_append(c(pgee vipl 5 , pgee vip overall), stack = TRUE) ;pgee vip
image write (pgee vip est,"C:/Users/Partson/pgee vip est.tiff", format = "tiff")

FHEHAFHE AR AR

# #
# PLOT ESTIMATES #
# #

R R
# Prepare Figure 3.5 #
FhEHEF AR

# Reshape wide to long
rm(list= 1s() [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/pgee coefs.rda")
if (!require (reshape?2)) {install.packages ("reshape2")}
coefs rank long <- melt (pgee coefs,
# ID variables - all the variables to keep but not split apart on
id.vars=c ("covariate"),
# The source columns
measure.vars=c ("Rank2", "Rank3", "Rank4", "Rankb5","Rank0" ),
# Name of the destination column that will identify the original
# column that the measurement came from
variable.name="Rank",
value.name="value"

)

if (!require (car)) {install.packages ("car")}

coefs rank long$Rank<-recode (coefs rank long$Rank,"'Rank(O'='Overall';
'Rank2'='2-Acute';
'Rank3'= '3-Early';

'Rank4'='4-Est"';

'Rank5'='5-ART'")
#
#Plot Figure 3.5
#
if (!require (ggplot2)) {install.packages ("ggplot2")}
if (!require (Rcmdr)) {install.packages ("Rcmdr") }

S oW e

format plot coefs rank=(

#theme bw () + # Background fill
theme ( # Format all the items on the graph
plot.title = element text (color="black", size=9, face="bold",
hjust = 0.5,margin = margin(t = 0, b = -0)),

axis.title.x = element text (size=9,color="black", face="plain",angle=0),
axis.text.x = element text(size=9,angle=0,color="black", hjust=1l, vjust=0.5),
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axis.title.y = element text(size=9,color="black", face="plain"),
axis.text.y = element text (size=9,angle=0,color="black",vjust=0.25),
legend.position="top",
legend.background = element rect (fill="bisque",size=0.2,linetype="solid"
,colour ="lightblue"),

legend.title = element text (colour="black",size=8,face="bold"),
legend.text = element text (colour="black",size=7,face="plain")

))

ggplot (coefs rank long, aes(x=covariate, y=value)) + geom line(color="black") +
geom _point (aes (fill = factor(Rank)),size=4, shape=21) +
scale fill manual (values=c("green3", "blue","red", "orange", "cyan"),
name="Infection phase:")+
scale x discrete(limits=pgee coefs$covariate)+
labs ( x=bquote ("Clinical covariates of CD4"""+"*"count"),
y="1l=Most- - - - - - - - - - - - - Desirability rank (PGEE) - - - - - = = = — — =
- - Least=40" ,title=""
)+
coord flip()+
format plot coefs rank

FHEAHFHE AR AR #
# #
# SPLS #
# #

ifddsssssssssasssissasiiisaasiisaantssi

rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/bal complt.rda")

FHEHAFHH AR R R R R R R R R R R
# CORRELATIONS OF CD4 AND PREDICTORS WITH P-VALUES #
iaadsaasssissanaiiaasiiisaaaiiisaaniiiasasiissantiisantiisanttt:

# Force BMI into model
load(file ="C:/Users/PARTSON/bal reducedata.rda")
# From DataManipFinal237
load(file ="C:/Users/PARTSON/bal complt.rda")
# From DataManipFinal237
reduced pls = data.frame(bal reducedata, bmi=bal complt[,"bmi"])
save (reduced _pls, file ="C:/Users/PARTSON/reduced pls.rda")

## Summary statistics and correlation with response (CD4)
load(file ="C:/Users/PARTSON/reduced pls.rda")
no_summary = c("patientid","visitdate", "phase"

,"phase num", "time"

#,"bmi" # release if you wish to exclude

)
data2summary = reduced pls[, !names (reduced pls)%in%no_summary]
if (!require (Hmisc)) {install.packages ("Hmisc") }
corr summary =rcorr (as.matrix(data2summary), type="pearson")

# finding correlations

rpvalues = corr summaryS$P

rvalues = corr summary$r

corr _cd4d_r = rvalues|[,"cd4d"] # correlation values

corr cd4 p = rpvalues[,"cd4"] # P-values for the correlations
corr cd4 = data.frame(corr cd4 r, corr cd4 p)

# merge r and p-values for CD4 with predictors
corr pred cd4 a = round(corr cd4,4) # round of values to 4dp

if (!require (data.table)) {install.packages ("data.table')}

corr pred cd4 b = as.data.frame (setDT (corr pred cd4 a, keep.rownames = TRUE))
setnames (corr pred cd4 b, "rn","covariate")
corr pred cd4 = corr pred cd4 b[-which(corr pred cd4 bScovariate == "cd4"),]

# drop row with CD4

save (corr_pred cd4,file ="C:/Users/PARTSON/corr pred cd4.rda")
#****************

FHHd A F AR F AR A AR A AR A AR A FF SRR AF SRR H
# Fit model to whole data #
FHHd A AR A F AR AR A F AR A AR FF SRR F SRR H

rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

if (!require (dplyr)) {install.packages ("dplyr")}
if (!require (mixOmics)) {install.packages ("mixOmics") }
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load(file ="C:/Users/PARTSON/reduced pls.rda")
redumodel pls = reduced pls #

# check a multilevel design is ok:
table (redumodel plsSpatientid, redumodel plsSphase)
design = data.frame (redumodel pls[,c("patientid", "phase","time")])
save (design, file ="C:/Users/PARTSON/design.rda")
# set up predictor and response matrices
no X = c(
"patientid","visitdate", "phase"
,"phase num","time","cd4"
#, "omi" # release if you wish not to force into model
)
X=redumodel pls[, !names (reduced pls) %in%no_X]
Y=redumodel pls[,"cd4"]
ncomp = round (ncol (X)) # set the number of components to number of predictors
ncomp

Xw = withinVariation (X, design)
# first, learn the model on the whole data set

spls = spls(X,Y,
ncomp = ncomp, # number of components. Should be lower than
#the number of columns of variates
keepX = c(rep (ncol (X),ncomp)), # for each comp select 10 X-variables
keepY = c(rep(ncol (Y),ncomp)), # for each comp select 4 Y-variables
scale = TRUE,
mode = c("regression"), #"canonical","invariant","classic",
# details in ?pls
tol = le-06,
max.iter = 500, # changed from 100
near.zero.var = TRUE,
logratio = "none",
multilevel = design,
all.outputs = TRUE)

save (spls,file ="C:/Users/PARTSON/spls.rda")

perf.spls = perf (spls,
criterion = c("all"), # "MSEP", "R2", "Q2"
validation = c("loo"), # "Mfold"", no need to repeat the process for "loo"
folds = 20,
progressBar = TRUE,
setseed = 123)

# Throws some warning messages of non-convergence
# May ingore because tuned model will be error free
save (perf.spls,file ="C:/Users/PARTSON/perf.spls.rda")

B
# Prepare Table 3.5: Extract dataset of performance measures #

# of the fitted PLS model #
FHEHARH AR H AR AR ER AR A AR A A
rm(list= 1s() [!(1s() %in% c("datafinal","reduced Data","spls","X","Y","design"))1])
# clear environment and leave the selected
#if (!is.null (dev.list())) dev.off () # clear all plots
cat ("\014") # clear console

load(file ="C:/Users/PARTSON/spls.rda")
load(file ="C:/Users/PARTSON/perf.spls.rda")

## Extract performance data

if (!require (data.table)) {install.packages ("data.table')}
MSEP = data.frame (MSEP = t(perf.spls[["MSEP"]]))
setnames (MSEP, c ("Y"),c ("MSEP"))

R2 = data.frame (R2 = t(perf.spls[["R2"]1]))
setnames (R2,c("Y"),c("R2"))

Q2.total = perf.spls[["02.total"]]

PRESS = perf.spls[["PRESS"]]

Explained variance =as.data.frame(spls$explained variance)

amount of variance explained per component (note that
contrary to PCA, this amount may not decrease as the
aim of the method is not to maximise the variance, but
the covariance between data sets

setnames (Explained variance ,c("X","Y"),c("X-Expl.Var","Y-Expl.Var"))

H 3
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#
# Table 3.5
#
data perf a = data.frame (MSEP,PRESS,R2,Q2.total,Explained variance)
data perf b = as.data.frame (setDT (data perf a, keep.rownames = TRUE))
setnames (data perf b ,"rn","Component")
if (!require(dplyr)) {install.packages ("dplyr")}
data perf c =data perf b %>%

mutate (Component =1:n()) %>% as.data.frame/()
data perfb4tuning = data perf c
save (data perfb4tuning,file ="C:/Users/PARTSON/data perfbd4tuning.rda™)

H= W e

rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/data perfb4tuning.rda")

data perfb4tuning table = data perfbd4tuning
data perfb4tuning tableSComponent = as.character (data perfb4tuning tableSComponent)
data perfbd4tuning table =data perfbdtuning table%>%
mutate if (is.numeric, function(x) {
sprintf ("%.4f",round(x,4))})
if (!require (xlsx)) {install.packages ("x1lsx")}

write.xlsx (data_ perfb4tuning table,file ="C:/Users/PARTSON/data perfbdtuning table.xlsx"
,row.names = FALSE
)

idssssssassassaaadasdsdadsadddadadddsdddddddsdddddddddddddddddiii
# Visualise performance measures of the fitted PLS model #
# Plot performance graphs before tuning #
idssssssasdassasadasdstadassddadddddadddddddsddddddddaddddddddiii

rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/data perfb4tuning.rda")

# Prepare Figure 3.6

# Convert data from wide to long
if (!require (reshape?2)) {install.packages ("reshape2")}

x = colnames (data_perfbdtuning([,-11]) # Removes the first(-1) column, i.e. "ID"
W2L diagnostic b4 = melt(data perfb4tuning,id.vars = "Component",
# id.vars - additional variables to keep in
# the output
measure.vars = X , # Variables to be reshaped

variable.name="diagnostic",
# Name of variable used to store measured
# variable names
value.name="value", # Name of variable used to store values
na.rm = TRUE) # The rm=Remove the "NA". If set to FALSE the
# NA will appear
save (W2L_diagnostic_b4,file ="C:/Users/PARTSON/W2L_diagnostic b4.rda")

# Set up graph format

rm(list= 1s() [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/W2L diagnostic b4.rda")

if (!require (ggplot?2)) {install.packages ("ggplot2'")}

if (!require (Rcmdr)) {install.packages ("Rcmdr") }

format plot perf=(

theme bw () + # Background fill

theme ( # Format all the items on the graph
plot.title = element text (color="black",size =9 , face ="bold" ,hjust = 0.5),
axis.title.x = element text (color="black",size =9 , face ="bold" ,angle =0),
axis.text.x = element text(color="black",size =8 ,angle=90, hjust=0.5 ,vjust =0.5),
axis.title.y = element text(color="black",size =9 , face ="bold"),
axis.text.y = element text (color="black",size =9 ,angle=0 ,vjust =0.25) ,
legend.position ="top",
legend.background = element rect (fill ="bisque" ,size =0.2,

linetype="solid" ,colour ="lightblue"),
legend.title element text (colour="black",size=8, face="bold"),
legend.text = element text(colour="black",size=8,face="plain")

))
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#
# Plot Figure 3.6
#
ggplot (W2L diagnostic b4,
aes (Component, value, group = diagnostic)) +
facet grid(diagnostic~., scales="free")+
scale x continuous (breaks = round(seq(min(W2L diagnostic b4S$Component),
max (W2L diagnostic b4SComponent), by = 1),0)) +
geom line(color ="blue",lwd=0.7) +
labs ( x="SPLS components",
y='Performance measures of the fitted SPLS model'
,title=" "
)+
#coord flip()+
geom vline (xintercept= 2, color ="red", lty =2)+
format_plot perf

H= W e

# Extract values of components 1 and 2

load(file ="C:/Users/PARTSON/data perfb4tuning.rda")

data compl 2 = round(subset(data perfb4tuning, 02.total>0.09|X.Expl.Var>0.7|Y.Expl.Var>0.7),4)
#select components 1 and 2 for details to 4 digits

data compl 2

ncomp.tuned = nrow(data_ compl 2)

save (data_compl 2,file ="C:/Users/PARTSON/data compl 2.rda")

save (ncomp.tuned, file ="C:/Users/PARTSON/ncomp.tuned.rda")

# Save detailed diagnostics for comp 1 and 2
if (!require(xlsx)) {install.packages ("xlsx")}
write.xlsx(data _compl 2,file ="C:/Users/PARTSON/data compl 2.xlsx",row.names = FALSE )

FHEH AR H AR A AR AR AR R
# Re-fit the tuned model with tuned number of components #
FHEHHHH AR R
rm(list= 1s() [!(1s() %in% c("datafinal","reduced Data","spls","X","Y",
"design", "ncomp.tuned")) 1)
# clear environment and leave the selected
cat ("\014") # clear console

if (!require (mixOmics)) {install.packages ("mixOmics") }
load(file ="C:/Users/PARTSON/design.rda")

load(file ="C:/Users/PARTSON/ncomp.tuned.rda")
load(file ="C:/Users/PARTSON/reduced pls.rda")
redumodel pls = reduced pls

no X = c(
"patientid", "visitdate", "phase"
,"phase num","time","cd4"
)
X=redumodel pls[, !names (reduced pls) %$in%no_X]
Y=redumodel pls[,"cd4"]

spls2 = spls(X,Y,
ncomp = ncomp.tuned,
keepX = c(rep(ncol (X),ncomp.tuned)), # for each comp select all X-variables
keepY = c(rep(ncol (Y),ncomp.tuned)), # for each comp select all Y-variables
scale = TRUE,
mode = c("regression"),# "canonical", "invariant", "classic",
tol = le-06,
max.iter = 100, #changed from 500
near.zero.var = TRUE,
logratio = "none",
multilevel = design,
all.outputs = TRUE)
# NB: No warnings here and sounds good
perf.spls2 = perf (spls2,
criterion = c("all"), # "MSEP", "R2", "Q2"
validation = c("loo"), #, "loo"
folds = 20, # changed from 20
progressBar = TRUE,
setseed = 123)

save (spls2,file ="C:/Users/PARTSON/spls2.rda")
save (perf.spls2,file ="C:/Users/PARTSON/perf.spls2.rda")

# Confirm explained variances

rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/spls2.rda")

load(file ="C:/Users/PARTSON/perf.spls2.rda")
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Explained variance2 =as.data.frame (spls2Sexplained variance)
Explained variance2

if (!require (data.table)) {install.packages ("data.table")}
MSEP = data.frame (MSEP = t(perf.spls2[["MSEP"]]1))
setnames (MSEP,c ("Y"),c ("MSEP"))

R2 = data.frame (R2 = t(perf.spls2[["R2"]1))
setnames (R2,c("Y"),c("R2"))

02.total = perf.spls2[["02.total"]]

PRESS = perf.spls2[["PRESS"]]

Explained variance =as.data.frame (spls2$explained variance)

amount of variance explained per component (note that
contrary to PCA, this amount may not decrease as the
aim of the method is not to maximise the variance, but
the covariance between data sets

setnames (Explained variance ,c("X","Y"),c("X-Expl.Var","Y-Expl.Var"))

HH= = = H

data perf2 a = data.frame (MSEP, PRESS,R2,Q2.total,Explained variance)
data perf2 b as.data.frame (setDT (data perf2 a, keep.rownames = TRUE))
setnames (data perf2 b ,"rn","Component™)
if (!require (dplyr)) {install.packages ("dplyr")}
data_perf tuned table =data perf2 b %>%

mutate (Component =1:n()) %>% as.data.frame()

data perf tuned tableSComponent = as.character (data perf tuned tableSComponent)
data_perf tuned table = data perf tuned table%>%
mutate if (is.numeric, function(x) {
sprintf ("%.4f",round(x,4))})
if (!require (xlsx)) {install.packages ("xlsx") }
write.xlsx (data_ perfb4tuning table,file ="C:/Users/PARTSON/data perfbdtuning table.xlsx"
,row.names = FALSE

)

FHEH A AR
# Extract final results from re-fitted tuned model #
FHEH AR H AR A AR AR AR
rm(list= 1s () [!(1s() %in% c("datafinal","reduced Data","spls","X","Y",
"design", "ncomp.tuned","spls2"))])
# clear environment and leave the selected
cat("\014") # clear console

if (!require (dplyr)) {install.packages ("dplyr")}
if (!require (mixOmics)) {install.packages ("mixOmics") }
load(file ="C:/Users/PARTSON/spls2.rda")

## VIP
vip a = as.data.frame (vip(spls2))
# computes the influence on the Y-responses of
#every predictor X in the mode
# VIP coefficients thus represent the importance of
# each X variable in fitting both the X- and Y-variates
# large VIP>1, are the most relevant for explaining Y

if (!require (data.table)) {install.packages ("data.table™)}
vip b = as.data.frame (setDT (vip_a, keep.rownames = TRUE))
setnames (vip b ,"rn","covariate™)

vip = data.frame (vip b[,c("covariate","comp 2")])
setnames (vip ,2,"VIP")

# loadings values: contribution of each variable for each component
loadings_a =selectVar(spls2, comp = 2)$ X $value # outputs the loading value
# for each selected variable, the loadings are
# ranked according to their absolute value

loadings a # OR loadings = data.frame(loadings = spls2$loadings$ X [,2])
loadings b = as.data.frame (setDT (loadings a, keep.rownames = TRUE))
setnames (loadings_b,c("rn","value.var"),c("covariate", "Loadings"))

loadings =loadings b

# Regression coefficients

coef a = data.frame (Coefficients =spls2Smat.c[,2]) # matrix of coefficients from the
regression of X

coef a

coef b = as.data.frame (setDT (coef a, keep.rownames = TRUE))

setnames (coef b ,"rn","covariate")
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coef = coef b

vip_ load
vip load coef =

full join(vip ,
full join(vip_load, coef

c("covariate"))
c("covariate"))

loadings, by =
, by =

save (vip_load coef, file ="C:/Users/PARTSON/vip load coef.rda")

rm(list= 1s () [!(1ls()

%in% c(""))]1)

cat("\014") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/vip load coef.rda")
load (file ="C:/Users/PARTSON/corr pred cd4.rda")

results pls =

full join(

vip load coef
,corr_pred cd4
c("covariate")

by

)

save (results pls,file ="C:/Users/PARTSON/results pls.rda")

# Prepare Table 3.6
rm(list= 1s () [! (1s()

%in% c(""))1)

cat ("\014") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/results pls.rda")
results pls a= results pls

results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls _aScovariate
results pls aScovariate
results pls aScovariate
results pls_aScovariate
results pls_aScovariate
results pls aScovariate
results pls aScovariate
results pls _aScovariate
results pls _aScovariate
results pls aScovariate
results pls aScovariate
results pls _aScovariate
results pls _aScovariate
results pls aScovariate
results pls aScovariate
results pls_aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate
results pls aScovariate

#

gsub ("lymphocytes", "Lymphocytes", results_pls_aScovariate)
gsub ("basophils", "Basophils", results_pls_aScovariate)

gsub ("albumin®, "Albumin", results_pls_aScovariate)

gsub ("haematocrit", "Haematocrit",results_pls_aScovariate)
gsub ("alkaline phos","ALP",results_pls_aScovariate)
gsub("mcv","MCV",results_pls_a$covariate)
gsub("platelet","Platelet",results_pls_a$covariate)

gsub ("potassium","Potassium", results_pls_aScovariate)

gsub ("monocytes", "Monocytes", results_pls_aScovariate)

gsub ("protein","Total protein",results pls_aScovariate)
gsub("lactateidehyd","LDH",results_pls_a$covariate)

gsub ("folate","Folate", results_pls_aScovariate)

gsub ("magnesium", "Magnesium", results_pls_aScovariate)
gsub("glucose","Glucose",results_pls_a$covariate)
gsub("calcium","Calcium",results_pls_a$covariate)

gsub ("mchc", "MCHC" , results_pls_aScovariate)

gsub ("red cells","Red blood cells",results_pls_aScovariate)
gsub("sodium","Sodium",results_pls_a$covariate)

gsub ("vitbl2", "Vitamin B12",results_pls_a$covariate)

gsub ("triceps skin","Triceps skin fold",results_pls_aScovariate)
gsub ("triglycerides","Triglycerides", results_pls_aScovariate)
gsub ("neutrophils", "Neutrophils",results_pls_aScovariate)
gsub("astigot","AST(GOT)",results_pls_a$covariate)

gsub ("eosinophils", "Eosinophils", results_pls_aScovariate)
gsub ("height m","Height",results pls_aScovariate)

gsub ("chloride", "Chloride", results pls a$covariate)

gsub ("fe","Fe (Iron)",results pls aScovariate)

gsub ("waist circum","Waist circum",results pls_aScovariate)
gsub ("1dl","LDL", results_pls_aScovariate)

gsub ("bmi", "BMI", results_pls_aScovariate)

gsub ("bp systolic","BP(systolic)",results pls a$covariate)
gsub ("bilirubin", "Bilirubin", results pls_aScovariate)

gsub ("arm right","Arm(right) circum",results_pls_aScovariate)
gsub ("glutamyl trans","GGT",results_pls_aScovariate)

gsub ("bp diastolic","BP(diastolic)", results pls _aScovariate)
gsub ("rdw", "RDW", results pls_aScovariate)

gsub ("pulse bpm","Pulse",results pls_aScovariate)

gsub ("urea","Urea",results pls_aScovariate)

gsub ("alt gpt","ALT (GPT)",results_pls a$covariate)

gsub ("axillary temp","Axillary Temp",results pls_aScovariate)

# Table 3.6: Results of

variable selection based on the second component

#

H o

if (!require (dplyr)) {install.packages ("dplyr"

results _pls table =
mutate if (is.numeric,
(

write.xlsx (results pls table,file ="C:/Users/PARTSON/results pls table.xlsx",row.names =

)

)}
results_pls a %>% arrange (-VIP) %>%

function (x) {
sprintf ("%.4f", round(x,4))})
if (!require (data.table)) {install.packages ("data.table')}
setnames (results_pls table,c("corr cd4 r","corr cd4 p"),c("Correlation","p-value"))
if (!require (xlsx)) {install.packages ("xlsx") }
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FHEH A AR
# Visualize the results of the selected variables #
FHEHA AR

rm(list= 1s() [!(1s() %in% c(""))]) ; cat("\014") ;options(prompt = "R>")
load(file ="C:/Users/PARTSON/results pls.rda")
results plsd4vip = results pls

save (results plsdvip,file ="C:/Users/PARTSON/results plsdvip.rda")
[didaE LR L L EEE
# Prepare Figure 3.7 #
[dERa s SR LR LR L EEE
# Convert data from wide to long
if (!require (reshape2)) {install.packages ("reshape2")}
x = colnames (results pls4vip[,-1]) # Removes the first(-1) column, i.e. "ID"
W2L results plsd4vip a = melt (results plsdvip,id.vars = "covariate",
# id.vars - additional variables to keep in
# the output
measure.vars = X , # Variables to be reshaped
variable.name="result",
# Name of variable used to store measured
# variable names
value.name="value", # Name of variable used to store values
na.rm = TRUE) # The rm=Remove the "NA". If set to FALSE the
# NA will appear
W2L results_plsd4vip = W2L results plsdvip_a
W2L results plsd4vip$value cutoff =
ifelse (W2L_results pls4vipSvalue< 0 ,"Negative", "Positive")

# Recode and control order in graph

W2L_results_plsd4vipS$result <- gsub ("VIP" ,"a) VIP"
,W2L results plsd4vipS$result)
W2L results_pls4vip$Sresult <- gsub("Loadings" ,"b) Loadings"

,W2L results plsévipSresult)

W2L_results_plsé4vip$result <- gsub("Coefficients","c) Reg coeffs"
,W2L results plsdvipS$result)

W2L results_plsd4vip$result <- gsub("corr cd4 r" ,"d) CD4 corr"
,W2L results plsévipSresult)

W2L_results_plsdvip$result <- gsub("corr cd4 p" ,"e) Corr p-
value",W2L results pls4vip$Sresult)

save (W2L_results plsdvip, file ="C:/Users/PARTSON/W2L results plsdvip.rda")

load(file ="C:/Users/PARTSON/W2L results pls4vip.rda")
if (!require (dplyr)) {install.packages ("dplyr")}
pls.vars.vip.order <-results plsd4vip%>%arrange (-VIP) # descending order
W2L vip plsdvip = subset(W2L results plsd4vip, result=="a) VIP")
W2L vip pls4dvipS$Svalue cutoff =
ifelsg(W2L_vip_pls4§ip$value<0‘8,"Weak", "Strong")
W2L_vip_pls4vip$result <- gsub("a) VIP","Variable Importance in Projection(VIP)"
,W2L vip plsévipSresult)

if (!require (ggplot?2)) {install.packages ("ggplot2'")}
#
# Plot Figure 3.7 : The strongest CD4+ count covariates based on VIP only
#
format plot vip4dvip=(
theme bw () + # Background fill
theme ( # Format all the items on the graph
plot.title = element text (color="black", size=9, face="bold",hjust = 0.5),
axis.title.x = element text (color="black", size=8, face="bold",angle=0),
axis.text.x = element text(size=8,angle=90,color="black", hjust=1, vjust=0.5),
axis.title.y = element text (color="black", size=8, face="bold"),
axis.text.y = element text (size=8,angle=0,color="black",vjust=0.25),
legend.position="top",
legend.background = element rect (fill="bisque",size=0.2,linetype="so0lid",colour
="lightblue"),
legend.title = element text (colour="black",size=8, face="bold"),
legend.text = element text (colour="black",size=7,face="plain")

))

H S

ggplot (W2L vip plsédvip,
aes (covariate, value, group = result)) +
facet grid(~result, scales="free")+
geom col (aes(fill = factor(value cutoff)),width=.7) +
scale fill manual (values=c("green3", "red"),
name="Covariate strength:")+
scale x discrete(limits=pls.vars.vip.order$covariate)+
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labs( x="CD4+ count clinical covariates",
y='Score'
)+
geom hline(yintercept = 0.8 , color = "orange" , 1ty =2)+
format plot vipdvip

FHEHAFFEAAEA AR A AR AR AR R R R R R R R

# Visualize VIP against loadings and regression coefficients #
FHEFHHHH A A R R
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/results pls.rda")
if (!require (ggplot2)) {install.packages ("ggplot2") }
if (!require (ggrepel)) {install.packages ("ggrepel'’) }
if (!require (Rcmdr)) {install.packages ("Rcmdr") }

# Set up graph format
format varselect=(

theme bw () + # Background fill

theme ( # Format all the items on the graph
plot.title = element text (color="black", size=9 , face="bold",hjust = 0.5),
axis.title.x = element text (color="black", size=10 , face="bold",angle = 0.0),
axis.text.x = element text(size =9 , angle=0),
axis.title.y = element text(color="black", size=9 , face="bold"),
axis.text.y = element text(size =10 ,angle=0) ,

legend.position="right",
legend.background = element rect (fill="white", size=0.2,linetype="solid"
,colour ="lightblue"),

legend.title = element text (colour="black" ,size=8.0,face="bold"),
legend.text = element_ text (colour="black" ,size=8.0, face="plain")
))
# #
# Figure 3.8: The scatter of VIP against the loadings #
# #
ggplot (results pls,
aes (x=Loadings, y=VIP))+
labs ( x='Loadings',
y="Variable Importance in the Projection (VIP)",
title="") +
scale_y continuous (breaks = round(seq(min(results_pls$VIP),
max (results plsSVIP), by = .2),1)) +
geom point (colour = "blue", size = 1)+
geom hline (yintercept = 1.5 , color = "green" , 1ty =2)+
geom hline(yintercept = 1.0 , color = "orange" , 1ty =2)+
geom_hline (yintercept = 0.8 , color = "red" , 1ty =2)+
geom vline (xintercept =-0.025, color = "grey" , 1ty =2)+
geom vline (xintercept = 0.025, color = "grey" , 1ty =2)+
geom text repel(data =results pls, aes(label=covariate),
size=3.5,box.padding = unit(0.75, "lines"))+
format varselect
# #
# Figure 3.9: Plot VIP vs regression coefficients #
# #

ggplot (results pls,
aes (x=Coefficients, y=VIP))+
labs ( x='Regression coefficients"',
y="Variable Importance in the Projection (VIP)",

title="") +
scale_y continuous (breaks = round(seq(min(results plsSVIP),
max (results pls$SVIP), by = .2),1)) +
geom point (colour = "blue", size = 1)+
geom hline (yintercept = 1.5 , color = "green" , 1ty =2)+
geom hline (yintercept = 1.0 , color = "orange" , 1ty =2)+
geom_hline (yintercept = 0.8 , color = "red" , 1ty =2)+
geom vline (xintercept =-0.025, color = "grey" , 1ty =2)+
geom vline (xintercept = 0.025, color = "grey" , 1ty =2)+
geom_text repel(data = results pls, aes(label=covariate),
size = 3.5,box.padding = unit(0.42, "lines")
,parse=TRUE,nudge x = 0, nudge y = 0.
, force = 1,direction = c( "both")
,arrow=arrow (length = unit(0.01, "npc")))+

format_varselect
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FHEH
# Prepare Figure 3.10: COMBINED PLOT OF ALL THE RESULTS #
FHEHA AR
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

if (!require (Rcmdr)) {install.packages ("Rcmdr")} # brings enlarged graphics window
load(file ="C:/Users/PARTSON/results pls.rda")

# Convert data from wide to long
if (!require (reshape?2)) {install.packages ("reshape2")}

x = colnames (results pls[,-1]) # Removes the first(-1) column, i.e. "ID"
W2L _results_pls a = melt(results pls,id.vars = "covariate",
# id.vars - additional variables to keep in

# the output
measure.vars = x , # Variables to be reshaped
variable.name="result",
# Name of variable used to store measured
# variable names
value.name="value", # Name of variable used to store values
na.rm = TRUE) # The rm=Remove the "NA". If set to FALSE the
# NA will appear
W2L results pls = W2L results pls_a
W2L_results pls$value cutoff =
ifelse (W2L_results plsSvalue< 0 ,"Negative", "Positive")

# Recode and control order in graph

W2L results plsSresult <- gsub("VIP" ,"a) VIP" ,W2L_results_pls$result)
W2L_results_pls$result <- gsub("Loadings" ,"b) Loadings" ,W2L results pls$result)
W2L_results_pls$result <- gsub("Coefficients","c) Reg coeffs" ,W2L results pls$result)
W2L results_plsSresult <- gsub("corr cd4 r" ,"d) CD4 corr" ,W2L results pls$result)

W2L results_plsSresult <- gsub("corr cdd4 p" ,"e) Corr p-value" ,W2L results pls$result)

save (W2L_results pls,file ="C:/Users/PARTSON/W2L results pls.rda")

if (!require (ggplot2)) {install.packages ("ggplot2')}
if (!require (dplyr)) {install.packages ("dplyr")}
pls.vars.vip.order <-results pls%>%arrange (VIP) # descending order

# #
# plot Figure 3.10 #
# #
format plot results=(

theme bw () + # Background fill

theme ( # Format all the items on the graph

plot.title = element text (color="black", size=9, face="bold",hjust = 0.5),

axis.title.x = element text (color="black", size=10, face="bold",angle=0),

axis.text.x = element text (size=9,angle=90,color="black", hjust=1l, vjust=0.5),

axis.title.y = element text (color="black", size=10, face="bold"),

axis.text.y = element text (size=9,angle=0,color="black",vjust=0.25),

legend.position="top",

legend.background = element rect (fill="bisque",size=0.2,linetype="so0lid", colour
="lightblue"),

legend.title = element text (colour="black",size=9, face="bold"),

legend.text = element text (colour="black",6size=8,face="plain")

))

ggplot (W2L results pls,
aes (covariate, value, group = result)) +
facet grid(~result, scales="free")+
geom_col (aes(fill = factor(value cutoff)),width=.7) +
scale fill manual (values=c("red", "green3"),
name="Associations: (b) to (d)")+
coord flip()+
scale x discrete(limits=pls.vars.vip.order$covariate)+
labs ( x="Covariate",
y="'Value'
#,title="Variable importance per phase "
)+
format_plot results

idsasiasssasiaasasiassasiasssasiasisasiasssasiasisasiatisndi
# Prepare FIGURE 3.11 VARIABLE IMPORTANCE BY CATEGORY #

ifdddsasiss s asssaR it issa Rt saatiiaaaiiisas it saniitssi

rm(list= 1s() [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
## Prepare data
load(file ="C:/Users/PARTSON/vars order.rda")

# Borrow this file for its ordered clinical attributes
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vars_dropped = c( "time" ,"weight kg"#, "bmi"
, "hb" , "mch" , "leucocyte"
,"cholesterol", "hip circum" )

if (!require(dplyr)) {install.packages ("dplyr")}

vars_order pls <-(filter(vars_order, !covariates%in%vars_dropped))

load(file ="C:/Users/PARTSON/W2L results pls.rda")
W2L results_pls grp = subset (W2L_results pls, result =="a) VIP")
W2L _results pls grp$value cutoff =

ifelse (W2L_results_pls_grpSvalue<0.8

, "Weak" ,
ifelse (W2L_results pls grpSvalue>0.8 & W2L results pls grpScovariate =="neutrophils."
,"Important/Not preditive",
ifelse (W2L results pls grpS$value>0.8 & W2L results pls grpScovariate =="protein."

, "Important/Not preditive",
ifelse (W2L results pls grpSvalue>0.8 & W2L results pls grpScovariate

=="alkaline phos.","Important/Not preditive",

ifelse (W2L results pls grpS$value>0.8 & W2L results pls grpScovariate =="arm right."
, "Important/Not preditive",

ifelse (W2L_results pls grpSvalue>0.8 & W2L results pls grpScovariate =="mchc."

, "Important/Not preditive"
"Strong"
))))))

W2L_results_pls_grp$result <- gsub("a) VIP" ,"Variable Importance in
Projection",W2L results pls grpSresult)

# #
# Plot Figure 3.11 #
# #
format plot grp=(

theme bw () + # Background fill

theme ( # Format all the items on the graph

plot.title = element text (color="black", size=9, face="bold",hjust = 0.5),

axis.title.x = element text (color="black", size=10, face="bold",angle=0),

axis.text.x = element text (size=9,angle=0,color="black", hjust=1, vjust=0.5),

axis.title.y = element text(color="black", size=10, face="bold"),

axis.text.y = element text (size=9,angle=0,color="black",vjust=0.25),

legend.position="top",

legend.background = element rect (fill="bisque",size=0.2,linetype="so0lid", colour
="lightblue"),

legend.title = element text (colour="black",size=9, face="bold"),

legend.text = element text (colour="black",6size=8, face="plain")

))

ggplot (W2L results pls grp,

aes (covariate, value, group = result)) +

facet grid(~result, scales="free")+

geom_col (aes(fill = factor(value cutoff)),width=.7) +

scale_fill manual (values=c("green3", "grey88", "greyl00"),

name="") +

geom vline (xintercept=35.
geom vline (xintercept=31.
geom vline (xintercept=30.
geom vline (xintercept=27.
geom vline (xintercept=24.
geom vline (xintercept=19.
geom vline (xintercept=14.
geom vline (xintercept=13.
geom vline (xintercept=11.
geom vline (xintercept=06.
geom vline (xintercept=05.

coord flip()+

scale x discrete(limits=vars order plsScovariates)+

labs ( x="Covariates categorised by clinical groups",
y='Score value'

#,title="Variable importance per phase
)+
format plot grp

color ="grey",lwd=0,1lty=2)+
color ="red",lwd=0,1lty=2)+
color ="grey",lwd=0,1lty=2)+
color ="grey",lwd=0,1lty=2)+
color ="grey",lwd=0,1lty=2)+
color ="grey",lwd=0,1lty=2)+
color ="red",lwd=0,1lty=2)+
color ="red",lwd=0,1lty=2)+
color ="red",lwd=0,1lty=2)+
color ="grey",lwd=0,1lty=2)+
color ="grey",lwd=0,1lty=2)+

~ ~ 0~ 0~

~

~ N~ 0~ 0~

[C2BNC, NG RN C RO B B C) B RGN, BN O]
~

~

##

# GET SELECTED VARIABLES

##

rm(list= 1s() [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/results pls.rda")
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selected vars = (results pls %>% filter (VIP>=0.8&Coefficients>0.025]
VIP>=0.8&Coefficients< -0.025)) $Scovariate
selected vars

# Create data for selected variables

load (file ="C:/Users/PARTSON/bal reducedata.rda")

if (!require(dplyr)) {install.packages ("dplyr")}

data2model a = bal reducedatal,c(

"patientid","visitdate", "phase", "phase num","time","cd4"

)]

dataZmodel_aStimeg = dataZmodel aStime-1

data2model a = dataZmodel al[,c(1:5,7,6)]

data2model b = round(bal reducedata[,names (bal reducedata) %in%selected vars],2)

data2model c = data.frame(data2model a, data2model b)

dataZ2model d = dataZmodel c %>%

tbl df %>%
group by (patientid) %>%
mutate (time =1l:n()) %>%

as.data.frame ()
# Time points to start from zero
data2model e = dataZ2model d
data2model eStime = data2model eS$time-1
data2model = dataZmodel e

save (data2model, file ="C:/Users/PARTSON/data2model.rda")
write.csv (data2model, file ="C:/Users/PARTSON/data’Zmodel.csv",na = "",row.names = FALSE)

C4: Chapter 4 codes

HHHHHHHHHHHAH A SAS Sample codes #HHHHHHHHHAHHHEHHHAHHEHHAAHEH

/*Import data from Excel*/

PROC IMPORT OUT = WORK.std mxd
DATAFILE= "C:/Users/PARTSON/std_mxd.csv"
DBMS = CSV REPLACE;

GETNAMES= YES;
DATAROW = 2;
RUN;
/*PROC STANDARD DATA=std mxdl MEAN=0 STD=1 OUT=std mxd; /*standardise variable 'timeg'*/*/
/* VAR timeg ;*/
/*RUN;

Libname mysas 'C:/Users/PARTSON/Modelling'; /*creating a libray call 'mysas' to and path to
permanent folder */

data mysas.std mxd; /*take dataset in 'mysas'*/
Set std mxd; /*and save it to permanent folder set with path linked to 'mysas'*/
Run; N
/*Set all the predictor variables to global xvars for convenience*/
/*All the variables are centred*/

%let xvarsl = timeg
red cells haematocrit mcv mche
platelet lymphocytes monocytes basophils
glucose alkaline phos calcium magnesium
potassium sodium protein albumin

lactate_dehyd folate ;

%let xvars2 = timeg|phase red cells|phase haematocrit|phase mcv |phase
mchc |phase platelet|phase lymphocytes |phase monocytes |phase
basophils|phase glucose|phase alkaline phos|phase calcium|phase
magnesium|phase potassium|phase sodium|phase protein|phase
albumin|phase lactate dehyd|phase folate|phase ;
PROC IMPORT OUT = WORK.std hpmxd
DATAFILE= "C:/Users/PARTSON/std hpmxd.csv"
DBMS = CSV REPLACE;

GETNAMES= YES;
DATAROW = 2;
RUN;
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FHEFHHHH AR A R
# Prepare Table 4.3 and Table 4.4 #
FHEH A H AR
ods graphics on;
proc hpmixed data=std hpmxd method=reml ;
class patientid phase time ; /*categorical variables*/
model c¢d4 = phase &xvars?2 / s ; /*define the response and
fixed part*/
random int &xvarsl /s type =un sub = patientid group =phase;
/*int and slopes per phase i.e group*/
TEST phase;
LSMEANS phase/DIFF;
Title "HPMIXED-UN";
ods output ParameterEstimates =fixef hpmx CovParms=covs_ hpmx
SolutionR = ranef hpmx LSMeans = lsmeans_hpmx
Diffs = diffs hpmx;
run;
ods graphics off;
/***Save csv files***/
$ds2csv (
data=fixef hpmx,
runmode=b,
csvfile= C:\Users\PARTSON\fixef hpmx.csv (Table 4.3)
)7
sds2csv (
data=covs_hpmx,
runmode=b,
csvfile= C:\Users\PARTSON\covs hpmx.csv

$ds2csv (

data=lsmeans_hpmx,

runmode=Db,

csvfile= C:\Users\PARTSON\lsmeans hpmx.csv (Table 4.4)

%ds2csv (

data=diffs hpmx,

runmode=b,

csvfile= C:\Users\PARTSON\diffs hpmx.csv (Table 4.4)
)i

iddddz iz itssdi
# Prepare Table 4.5 #
FHEH R E A
/****timeg*****/
ods graphics on;
proc mixed data=std mxd method=reml COVTEST plots=studentpanel (marginal conditional);
class patientid phase(ref="5-ART") time ; /*categorical
variables*/
model «cd4 = phase &xvars2 / s ; /*define the response and
fixed part*/
random int timeg /s type =un sub = patientid Gcorr group =phase;
/*int and slopes per phase i.e group*/
Repeated time/ type = ARMA(1,1) sub = patientid ; /*Account for corr between
repeated measurements*/
Title "UN:timeg ranef";
ods output SolutionF =fixef timeg CovParms=covs_timeg GCorr =
gcorr_ timeg
FitStatistics = fitstats timeg;
run; B
ods graphics off;
/***Save csv files**x/
$ds2csv (
data=fixef timeg,
runmode=b,
csvfile= C:\Users\PARTSON\fixef timeg.csv
)7
$ds2csv (
data=covs_timeg,
runmode=b,
csvfile= C:\Users\PARTSON\covs_ timeg.csv
)7
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$ds2csv (

data=gcorr_ timeg,

runmode=b,

csvfile= C:\Users\PARTSON\gcorr timeg.csv
)i

$ds2csv (
data=fitstats timeg,
runmode=b,
csvfile= C:\Users\PARTSON\fitstats timeg.csv
)7
#
Figure 4.1: From SAS output

B e e

B B B P S B B it 3 BB 0 B H B S b b i 1P 0

FHEAAFH AR AR R R R R R R R R R R R R R
# #

# MIXED MODELS #
# #
FHEAAFHE AR AR
# ________________________________________

# Load fit statistics from SAS out put
# * Merge
# * Prepare Table 4.2

rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\014") ;options (prompt = "R>")
if (!require (readr)) {install.packages ("readr")}
if (!require (dplyr)) {install.packages ("dplyr")}
fitstats fixed <- read csv("C:/Users/Partson/fitstats fixed.csv")
fitstats timeg <- read csv("C:/Users/Partson/fitstats timeg.csv")
fitstats_red cells <- read csv("C:/Users/Partson/fitstats red cells.csv")
fitstats haematocrit <- read csv("C:/Users/Partson/fitstats haematocrit.csv")
fitstats mcv <- read csv("C:/Users/Partson/fitstats mcv.csv")
fitstats mchc <- read csv("C:/Users/Partson/fitstats mchc.csv")
fitstats_platelet <- read csv("C:/Users/Partson/fitstats platelet.csv")
fitstats lymphocytes <- read csv("C:/Users/Partson/fitstats lymphocytes.csv")
fitstats monocytes <- read csv("C:/Users/Partson/fitstats monocytes.csv'")
fitstats basophils <- read csv("C:/Users/Partson/fitstats basophils.csv")
fitstats_glucose <- read csv("C:/Users/Partson/fitstats glucose.csv")
fitstats_alkaline phos <- read csv("C:/Users/Partson/fitstats alkaline phos.csv")
fitstats calcium <- read csv("C:/Users/Partson/fitstats calcium.csv")
fitstats magnesium <- read csv("C:/Users/Partson/fitstats magnesium.csv'")
fitstats_potassium <- read csv("C:/Users/Partson/fitstats potassium.csv")
fitstats_sodium <- read csv("C:/Users/Partson/fitstats sodium.csv")
fitstats protein <- read csv("C:/Users/Partson/fitstats protein.csv")
fitstats albumin <- read csv("C:/Users/Partson/fitstats albumin.csv")
fitstats_lactate dehyd <- read csv("C:/Users/Partson/fitstats lactate dehyd.csv")
fitstats_folate <- read csv("C:/Users/Partson/fitstats folate.csv")

## Add covariate column
fitstats fixedScovariate = rep ("fixed")
fitstats timegScovariate = rep("timeg")
fitstats red cells$covariate = rep("red cells")
fitstats haematocritScovariate = rep("haematocrit")
fitstats mcvScovariate = rep ("mcv'")
fitstats mchcScovariate = rep ("mchc™)
fitstats platelet$covariate = rep("platelet")
fitstats lymphocytes$Scovariate = rep("lymphocytes")
fitstats monocytesScovariate = rep ("monocytes™)
fitstats basophilsScovariate = rep ("basophils™)
fitstats glucoseScovariate = rep("glucose")
fitstats alkaline phosS$Scovariate = rep("alkaline phos")
fitstats calcium$covariate = rep("calcium")
fitstats magnesiumS$Scovariate = rep ("magnesium")
fitstats potassium$covariate = rep("potassium")
fitstats sodiumS$Scovariate = rep("sodium")
fitstats proteinScovariate = rep("protein")
fitstats albuminS$covariate = rep("albumin")
fitstats lactate dehydScovariate = rep("lactate dehyd")
fitstats folateScovariate = rep("folate'")
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fitstats _a = as.data.frame (rbind(
fitstats fixed
,fitstats timeg
,fitstats red cells
,fitstats haematocrit
,fitstats mcv
,fitstats mchc
,fitstats platelet
,fitstats lymphocytes
,fitstats monocytes
,fitstats basophils
,fitstats glucose
,fitstats alkaline phos
,fitstats calcium
,fitstats magnesium
,fitstats potassium
,fitstats_sodium
,fitstats protein
,fitstats albumin
,fitstats lactate dehyd
,fitstats folate
))

save (fitstats_a,file ="C:/Users/PARTSON/fitstats a.rda")

# FitStatitics Long to wide
rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\014") ;options (prompt = "R>")
options (prompt = "R>") # customize prompt

load(file ="C:/Users/PARTSON/fitstats a.rda")

long = fitstats a

if (!require (reshape?2)) {install.packages ("reshape2")}
if (!require (dplyr)) {install.packages ("dplyr")}

# #
# Table 4.2: The fit statistics for the covariate effect models #
# #
L2W_a = dcast (long,covariate~Description,value.var = "Value") # long to wide

if (!require (data.table)) {install.packages ("data.table')}
setnames (L2W_a, names (L2W_a) ,c("covariate","-2 Res Log Likelihood","AIC","AICC","BIC"))
L2W_b =L2W_a %>% arrange (AIC)

L2W b$info loss = exp ((min(L2W bSAIC)-L2W bSAIC) /2)

L2W ¢ = L2W b

L2W cScovariate <- gsub("lymphocytes","Lymphocytes",L2W cScovariate)
L2W_cScovariate <- gsub("basophils","Basophils",L2W cS$Scovariate)

L2W _cScovariate <- gsub ("albumin","Albumin", L2W cScovariate)

L2W cScovariate <- gsub("haematocrit","Haematocrit",L2W cS$covariate)
L2W _cScovariate <- gsub("alkaline phos","ALP",L2W cScovariate)

L2W cScovariate <- gsub("mcv","MCV",L2W cScovariate)

L2W _cScovariate <- gsub("platelet","Platelet"”,L2W cScovariate)

L2W cScovariate <- gsub ("potassium","Potassium",L2W c$covariate)

L2W _cScovariate <- gsub ("monocytes'", "Monocytes",L2W c$covariate)

L2W cScovariate <- gsub("protein","Total protein"”,L2W cScovariate)
L2W _cScovariate <- gsub("lactate dehyd","LDH",L2W cScovariate)

L2W _cScovariate <- gsub("folate","Folate",L2W c$covariate)
L2W_cScovariate <- gsub ("magnesium","Magnesium",L2W c$covariate)

L2W _cScovariate <- gsub("glucose","Glucose",L2W cS$Scovariate)

L2W cScovariate <- gsub("calcium","Calcium",L2W cS$Scovariate)

L2W _cScovariate <- gsub ("mchc", "MCHC",L2W cScovariate)

L2W cScovariate <- gsub("red cells","Red blood cells",L2W c$covariate)
L2W cScovariate <- gsub("sodium","Sodium",L2W cScovariate)

L2W _cScovariate <- gsub("fixed","Fixed",L2W cScovariate)

L2W _cScovariate <- gsub("timeg","Time",L2W cS$covariate)

setnames (L2W_c,c("covariate","info loss"),c("Covariate","Info loss"))
fitstats results = L2W c

save (fitstats_results,file ="C:/Users/PARTSON/fitstats results.rda")

if (!require (xlsx)) {install.packages ("x1lsx")}

write.xlsx(fitstats results, file :"C:/Users/PARTSON/fitstats_results.xlsx",row.names = FALSE )
#HHp-————— >>Then go to the Excel spreadsheet

# Load fixed only from SAS output
# * Merge
# * Prepare Table 4.3 (see SAS code)

rm(list= 1s() [!(1s() %in% c(""))]1) ; cat("\014") ;options(prompt = "R>")
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if (!require (dplyr)) {install.packages ("dplyr")
if (!require (readr)) {install.packages ("readr")

}
}

#
# Table 4.3 : Fixed effects - The cohort’s phase general trajectories
#
fixefhpmx _a <- read csv("C:/Users/Partson/fixef hpmx.csv'")%>%

as.data.frame ()
fixefhpmx a$Effect <- gsub('\\*phase',6 "", fixefhpmx aS$Effect) # the \\ forces the * to go
fixefhpmx aS$Effect <- gsub('timeg',6 "time", fixefhpmx aSEffect)
fixefhpmx aS$phase = ifelse (fixefhpmx aS$Effect=="Intercept"s
is.na(fixefhpmx a$phase), "1ART", fixefhpmx a$phase)
fixefhpmx a$Effect <- gsub("Intercept","phase", fixefhpmx aSEffect)
fixefhpmx a$phase <- gsub ("1ART" ,"5-ART" , fixefhpmx a$phase)
fixefhpmx aS$phase <- gsub("2Est" ,"4-Est" , fixefhpmx aS$phase)
fixefhpmx aS$phase <- gsub("3Early","3-Early" ,fixefhpmx a$phase)
fixefhpmx aSphase <- gsub("4Acute","2-Acute" ,fixefhpmx aSphase)

B e S

fixefhpmx = fixefhpmx al[-2,]
save (fixefhpmx, file="C:/Users/Partson/fixefhpmx.rda")

# long to wide

load (file="C:/Users/Partson/fixefhpmx.rda")

fixefhpmx b = fixefhpmx

if (!require (dplyr)) {install.packages ("dplyr")}

fixefhpmx bS$Estimate = sprintf ("%.4f",round (fixefhpmx bS$Estimate,4)) # round off to 4 with
trailing zeros

fixefhpmx b$"Pr > [t|" = pasteO(" (", fixefhpmx bS$"Pr > [t[",")") # bracket the values
fixefhpmx bS$Estimate = as.character (fixefhpmx bS$Estimate)

fixefhpmx bSest pvalue =paste (fixefhpmx bS$Estimate, fixefhpmx b$"Pr > |t|", sep="") # combine
columns

long = fixefhpmx b[,c(1:2,8)] %>% na.omit ()

if (!require (reshape2)) {install.packages ("reshape2")}
L2W a = dcast (long,Effect~phase,value.var = "est pvalue") # long to wide
L2W b = L2W alc(14,20,1:13,15:19),]

if (!require (data.table)) {install.packages ("data.table™)}
#Setnames(L2W7b,"5—ART","5—ART(ref)")
fixed final results = L2W b

save (fixed final results,file ="C:/Users/PARTSON/fixed final results.rda")
if (!require (xlsx)){install.packages ("xlsx")}
write.xlsx (fixed final results,file ="C:/Users/PARTSON/fixed final results.xlsx"
,row.names = FALSE
)
load(file ="C:/Users/PARTSON/fixed final results.rda")
#HfH-———— >>Then go to the Excel spreadsheet

idddssasisssassiissaiiisaniiisaasiissantsdi

# Load LMEANS & DIFFS from SAS out put #
# * Results wrangling #
# * Prepare Table 4.4 (see SAS code) #

idadssasisssassiissaiiisaniiisaasiissantidi

rm(list= 1s() [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
if (!require (dplyr)) {install.packages ("dplyr")}

if (!require (readr)) {install.packages ("readr") }

#
# Table 4.4: Least squares means and differences
#
#lsmeans and diffs

lsmeans hpmx<- read csv("C:/Users/Partson/lsmeans hpmx.csv")%$>%

as.data.frame ()

H S

lsmeans hpmx$Sphase <- gsub ("1ART" ,"5-ART" ,lsmeans hpmx$phase)
lsmeans hpmx$Sphase <- gsub ("2Est" ,"4-Est" ,lsmeans hpmx$phase)
lsmeans hpmxSphase <- gsub ("3Early","3-Early" ,lsmeans hpmxSphase)
lsmeans hpmxSphase <- gsub ("4Acute","2-Acute" ,lsmeans hpmxSphase)

diffs_hpmx<- read csv("C:/Users/Partson/diffs hpmx.csv")$%$>%
as.data.frame ()

diffs hpmx$phase <- gsub("I1ART" ,"5-ART" ,diffs hpmx$phase

diffs hpmxS$phase <- gsub("2Est" ,"4-Est" ,diffs hpmx$phase

diffs hpmxS$phase <- gsub("3Early","3-Early" ,diffs hpmxSphase

diffs hpmxS$phase <- gsub ("4Acute","2-Acute" ,diffs hpmxSphase
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if (!require (xlsx)) {install.packages ("x1lsx")}

write.xlsx(diffs hpmx, file ="C:/Users/PARTSON/diffs hpmx.xlsx",row.names = FALSE )

write.xlsx (lsmeans hpmx,file ="C:/Users/PARTSON/lsmeans hpmx.xlsx",row.names = FALSE )
#H#H-—————- >>Then go to the Excel spreadsheet

FHEAAFHEAAEA AR AR AR R R R R R R R

# PREPARING SAMPLE RESULTS FOR COVARIATIONS #
FHEFHHHHAE A A A R R R R
# Load covariance parameters from SAS out put #
# * Merge #
# * Prepare Table 4.5 and Table 4.6: covariate data #

igddssasssssaanaiissasiiisaaRiiiasasiiasnsiiaaniiiRaniiiRanitstti

covs_timeg <- read csv("C:/Users/Partson/covs timeg.csv'")

covs_red_cells <- read _csv("C:/Users/Partson/covs red cells.csv")

covs haematocrit <- read csv("C:/Users/Partson/covs haematocrit.csv")
covs_mcv <- read csv("C:/Users/Partson/covs mcv.csv'")

covs _mchc <- read csv("C:/Users/Partson/covs mchc.csv")

covs_platelet <- read csv("C:/Users/Partson/covs platelet.csv")

covs lymphocytes <- read csv("C:/Users/Partson/covs lymphocytes.csv")
covs_monocytes <- read csv("C:/Users/Partson/covs monocytes.csv'")

covs basophils <- read csv("C:/Users/Partson/covs basophils.csv'")
covs_glucose <- read csv("C:/Users/Partson/covs glucose.csv'")
covs_alkaline phos <- read csv("C:/Users/Partson/covs alkaline phos.csv")
covs calcium <- read csv("C:/Users/Partson/covs calcium.csv'")

covs _magnesium <- read csv("C:/Users/Partson/covs magnesium.csv'")
covs_potassium <- read csv("C:/Users/Partson/covs potassium.csv'")
covs_sodium <- read csv("C:/Users/Partson/covs_ sodium.csv'")

covs protein <- read csv("C:/Users/Partson/covs protein.csv'")
covs_albumin <- read csv("C:/Users/Partson/covs albumin.csv'")

covs lactate dehyd <- read csv("C:/Users/Partson/covs lactate dehyd.csv")
covs_folate <- read csv("C:/Users/Partson/covs_ folate.csv")

# Add covariate column

covs_timegScovariate = rep ("timeg")

covs_red cellsScovariate = rep("red cells")
covs_haematocrit$covariate = rep("haematocrit™)
covs_mcvScovariate = rep ("mcv'")

covs_mchcScovariate = rep ("mchc™)
covs_plateletScovariate = rep("platelet™)
covs_lymphocytes$covariate = rep ("lymphocytes™)
covs_monocytesScovariate = rep ("monocytes")
covs_basophilsScovariate = rep ("basophils™)
covs_glucose$Scovariate = rep("glucose'")
covs_alkaline phos$covariate = rep("alkaline phos")
covs_calciumScovariate = rep("calcium")
covs_magnesiumScovariate = rep ("magnesium")
covs_potassiumScovariate = rep ("potassium")
covs_sodium$covariate = rep ("sodium")
covs_proteinScovariate = rep("protein'")
covs_albuminScovariate = rep ("albumin™)
covs_lactate dehydScovariate = rep("lactate dehyd")
covs_folate$covariate = rep("folate")

# Add "estimate" as % of total proportion
covs_timegSprop est = covs_timegSEstimate/sum(covs_timegl[, "Estimate"])*100

covs_red cellsS$prop est = covs red cells$Estimate/sum(covs red cells[,"Estimate"])*100
covs_haematocritS$prop est = covs haematocrit$Estimate/sum(covs haematocrit[, "Estimate"])*100
covs_mcvSprop est = covs mcvSEstimate/sum(covs mcv([, "Estimate"])*100

covs_mchcSprop est = covs mchcSEstimate/sum(covs mchc[, "Estimate"])*100
covs_plateletSprop est = covs platelet$Estimate/sum(covs platelet[,"Estimate"])*100
covs_lymphocytesS$prop est = covs lymphocytes$Estimate/sum(covs lymphocytes|[, "Estimate"])*100
covs_monocytesSprop est = covs monocytesS$Estimate/sum(covs monocytes|[, "Estimate"])*100
covs_basophilsSprop est = covs basophils$SEstimate/sum(covs basophils|[, "Estimate"])*100
covs_glucoseSprop est = covs glucoseS$Estimate/sum(covs glucosel[, "Estimate"])*100
covs_alkaline phosS$prop est =

covs_alkaline phosS$Estimate/sum(covs alkaline phos[, "Estimate"])*100
covs_calciumSprop est = covs calcium$Estimate/sum(covs calcium[, "Estimate"])*100
covs_magnesium$prop est = covs magnesium$Estimate/sum(covs magnesium[, "Estimate"])*100
covs_potassium$prop est = covs potassium$Estimate/sum(covs potassium[, "Estimate"])*100
covs_sodium$prop est = covs sodium$Estimate/sum(covs_ sodium[, "Estimate"])*100
covs_proteinSprop est = covs protein$Estimate/sum(covs protein([, "Estimate"])*100
covs_albuminSprop est = covs albumin$Estimate/sum(covs_albumin[, "Estimate"])*100

covs_ lactate dehydS$prop est =
covs_lactate dehyd$Estimate/sum(covs lactate dehyd[, "Estimate"])*100
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covs_folateSprop est = covs folateSEstimate/sum(covs folatel[, "Estimate"])*100

covs_a = as.data.frame (rbind(
covs_timeg
,covs_red cells
,covs haematocrit
, COVS _mcv
,covs mchc
,covs_platelet
,covs lymphocytes
, COvs monocytes
,covs basophils
,covs_glucose
,covs_alkaline phos
,covs calcium
, COvVs magnesium
,covs_potassium
,covs sodium
,COvs protein
,covs albumin
,covs_lactate dehyd
,covs_folate
))

save (covs_a, file ="C:/Users/PARTSON/covs_a.rda")

rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\014") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/covs a.rda")

if (!require (data.table)) {install.packages ("data.table')}

if (!require (dplyr)) {install.packages ("dplyr")}

setnames (covs_a,c("Cov Parm","Group","Pr Z"),c("covparm", "phase","pvalue"))
covs_aScovariate <- gsub("timeg","time",covs_aScovariate)

covs_aSpvalue <- gsub("<","0",covs_a$pvalue)

covs_aSpvalue = as.numeric(covs_aSpvalue)

covs_aS$sig =
ifelse (covs_aSpvalue <0.05 ,"Significant","Insignificant")

covs aS$sig[is.na(covs_a$sig)] = "Insignificant”

covs = covs_a

save (covs,file ="C:/Users/PARTSON/covs.rda")

write.csv(covs, file ="C:/Users/PARTSON/covs.csv",na = "",row.names = FALSE)
# #
# Table 4.5 #
# #
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load(file ="C:/Users/PARTSON/covs.rda")

covs_time a = subset(covs, covariate=="time")

covs_time aSprop est = sprintf("%.4f",round(covs_time aSprop est,4)) # round off to 4 with
trailing zeros

covs_time b = covs time al[,-c(8,10)]

covs_time ¢ = covs_time b[,c(2,3,1,4,8,5:7)]

covs_time cSphase <- gsub("phase ","",covs_time cSphase) # the \\ forces the * to go
covs_time c$Subject <- gsub("patientid","patient",covs time cS$Subject) # the \\ forces the *
to go

covs_time cScovparm <- gsub ("UN\\ (1,1\\)","Intr",covs_time cScovparm) # the \\ forces the * to
go

covs_time cScovparm <- gsub ("UN\\ (2,1\\)","Intr-Slope",covs_time cS$covparm) # the \\ forces
the * to go

covs_time_cScovparm <- gsub ("UN\\ (2,2\\)","Slope",covs_time cScovparm) # the \\ forces the *
to go

if (!require (data.table)) {install.packages ("data.table')}

setnames (covs_time c,c("prop est"), c("Estimate(%)"))

covs_time results = covs_time c

if (!require (xlsx)) {install.packages ("xlsx") }

# Table 4.5: Sample covariance parameter tests of time effect and the proportions

write.xlsx(covs time results,file ="C:/Users/PARTSON/covs time results.xlsx"
,row.names = FALSE, showNA=FALSE - -

#HfH-——————- >>The go to the Excel spreadsheet
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# #
# Table 4.6 #
# #
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
load (file ="C:/Users/PARTSON/covs.rda")

covs_red cells a = subset(covs, covariate=="red cells")

covs_red cells aS$prop est
4 with trailing zeros
covs_red cells b = covs_r
covs_red cells c = covs_r
covs_red cells cS$phase <-
covs_red cells c$Subject
forces the * to go
covs_red cells cScovparm
forces the * to go
covs_red cells c$covparm
forces the * to go
covs_red cells cScovparm
forces the * to go

if (!require (data.table)) {
setnames (covs_red cells c
covs red cells results =
if(!;equzre(xlgx)){instal
# Table 4.6: Sample covar

= sprintf ("%.4f", round(covs_red cells a$prop est,4)) # round off to

ed cells al,-c(8,10)]

ed cells b[,c(2,3,1,4,8,5:7)]

gsub ("phase ","",covs_red cells c$phase) # the \\ forces the * to go
<- gsub("patientid","patient",covs_red cells c$Subject) # the \\

<= gsub ("UN\\ (1, I\\)","Intr",covs_red cells c$covparm) # the \\

<= gsub ("UN\\ (2, 1\\) ", "Intr-Slope",covs_red cells c$covparm) # the \\
<- gsub ("UN\\ (2,2\\)","Slope",covs_red cells c$covparm) # the \\
install.packages ("data.table")}

;c("prop_est"), c("Estimate(%)"))

covs_red cells c

l.paEkages("xlsx")}
iance parameter tests of red blood cells effect and the proportions

write.xlsx (covs_red cells results,file ="C:/Users/PARTSON/covs red cells results.xlsx"
, row.names = FALSE, showNA=FALSE

Y >>The

[EE TS ELEEE
# Prepare Figure 4.2

FHEHAHHE AR
rm(list= 1s () [! (1s() %in$%
if (!require (ggplot2)) {ins
if (!require(scales)) {inst
if (!require (Rcmdr)) {insta

format plot=(
theme bw () +
theme (

plot.title = element text (color="black", size=9, face="bold",hjust

go to the Excel spreadsheet

#

#

#

c(""))1) ; cat("\014") ;options(prompt = "R>")
tall.packages ("ggplot2")}

all.packages ("scales")}

11.packages ("Rcmdr") }

# Background fill
# Format all the items on the graph

0.5),

axis.title.x = element text (color="black", size=10, face="bold",angle=0),
axis.text.x = element text (size=9,angle=90,color="black", hjust=1, vjust=0.25),
axis.title.y = element text (color="black", size=10, face="bold"),

axis.text.y = element text(size=9,angle=0,color="black", hjust=1,vjust=0.25),

legend.position="top"
legend.background = e
="lightblue"),

’

lement rect (fill="bisque",size=0.2,linetype="so0lid", colour

legend.title = element text (colour="black",size=9, face="bold"),
legend.text = element text (colour="black",6size=8,face="plain")

))

save (format_plot, file ="C
load(file ="C:/Users/PART

# UN(1,1)

:/Users/PARTSON/format plot.rda")

SON/covs.rda")

intr =ggplot (subset (covs,covparm=="UN(1,1)"& !is.na (phase)),
aes (x=covariate, y=prop est))+
geom_col (aes (fill = factor(sig)),width=.6)+
scale_fill manual (values=c("grey70","blue"),name="Covariance parameter test:")+

facet wrap (~phase) +
labs ( x="",

y="Intercept variation (%)"
)+ format plot

intr # plot it

# UN(2,2)
slope =ggplot (subset (covs

,covparm=="UN(2,2)"& !is.na (phase)),

aes (x=covariate, y=prop est))+
geom col (aes(fill = factor(sig)),width=.6)+
scale fill manual (values=c("grey70","blue"),name="Covariance parameter test:")+

facet wrap (~phase) +

labs( x="Covariate with random effect",
y="Slope variation(%)"
)+ format plot
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slope # plot it

# Combine multiple plots

if (!require (ggplot?2)) {install.packages ("ggplot2")}
if (!require (ggpubr)) {install.packages ("ggpubr") }
if (!require (Rcmdr)) {install.packages ("Rcmdr") }

# #
# Figure 4.2: Proportion of variation in intercepts and slopes. #
# #
theme set (theme pubr())
ggarrange (
intr, slope, ncol = 1,nrow =2,#labels = c("Intercept", "Slope"),
common.legend = TRUE, legend = "top"

)

FHEAAFFH A AR

# Load G correlations from SAS out put #
# and merge #
FHEf AR
rm(list= 1s() [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

if (!require (readr)) {install.packages ("readr")}

gcorr_timeg <- read csv("C:/Users/Partson/gcorr timeg.csv")

gcorr red cells <- read csv("C:/Users/Partson/gcorr red cells.csv")

gcorr haematocrit <- read csv("C:/Users/Partson/gcorr haematocrit.csv")
gcorr mcv <- read csv("C:/Users/Partson/gcorr mcv.csv'")

gcorr_mchc <- read_csv("C:/Users/Partson/gcorr mchc.csv")

gcorr platelet <- read csv("C:/Users/Partson/gcorr platelet.csv")

gcorr lymphocytes <- read csv("C:/Users/Partson/gcorr lymphocytes.csv")
gcorr monocytes <- read csv("C:/Users/Partson/gcorr monocytes.csv")

gcorr basophils <- read csv("C:/Users/Partson/gcorr basophils.csv")

gcorr glucose <- read csv("C:/Users/Partson/gcorr glucose.csv'")

gcorr alkaline phos <- read csv("C:/Users/Partson/gcorr alkaline phos.csv'")
gcorr calcium <- read csv("C:/Users/Partson/gcorr calcium.csv'")

gcorr magnesium <- read csv("C:/Users/Partson/gcorr magnesium.csv'")

gcorr potassium <- read csv("C:/Users/Partson/gcorr potassium.csv")

gcorr sodium <- read csv("C:/Users/Partson/gcorr sodium.csv")

gcorr protein <- read csv("C:/Users/Partson/gcorr protein.csv'")
gcorr_albumin <- read csv("C:/Users/Partson/gcorr albumin.csv")

gcorr lactate dehyd <- read csv("C:/Users/Partson/gcorr lactate dehyd.csv")
gcorr folate <- read csv("C:/Users/Partson/gcorr folate.csv")

# Extract and prepare Intercept and Slope correlations
if (!require (dplyr)) {install.packages ("dplyr")}
if (!require (data.table)) {install.packages ("data.table')}

#___

gcorr timeg a = gcorr timeg[-c(1,3,5,7),-c(6,8,10,12)]1%>% as.data.frame()%>%
transmute (phase, is_corr=rowSums (select(.,5:8)))

# NOTE: restart computer if there are any issues

gcorr timeg cor = data.frame(gcorr timeg[-c(1,3,5,7),-c(3,5:12)],1s cor=gcorr timeg al[,2])

setnames (gcorr timeg cor,c("Row","Effect"),c("covparm","covariate"))

gcorr timeg corS$covparm= rep ("UN(2,1)")

#___

gcorr _red cells a = gcorr red cells[-c(1,3,5,7),-¢(6,8,10,12)]1%>% as.data.frame()%>%
transmute (phase, is corr=rowSums (select(.,5:8)))

gcorr_red cells cor = data.frame(gcorr red cells[-c(1,3,5,7),-

c(3,5:12)]1,1is_cor=gcorr_red cells al[,2])

setnames (gcorr red cells cor,c("Row","Effect"),c("covparm","covariate"))

gcorr red cells corS$Scovparm= rep ("UN(2,1)")

#___

gcorr_haematocrit a = gcorr haematocrit[-c(1,3,5,7),-c(6,8,10,12)]1%>% as.data.frame()%>%
transmute (phase,is corr=rowSums (select(.,5:8)))

gcorr haematocrit cor = data.frame (gcorr haematocrit[-c(1,3,5,7),-

c(3,5:12)]1,1is_cor=gcorr_haematocrit al[,2])

setnames (gcorr_haematocrit cor,c("Row","Effect"),c("covparm","covariate™))

gcorr haematocrit cor$covparm= rep ("UN(2,1)")

fra—
gcorr mcv_a = gcorr mcv([-c(1,3,5,7),-¢(6,8,10,12)]1%>% as.data.frame()%>%

transmute (phase,is corr=rowSums (select(.,5:8)))
gcorr mcv_cor = data.frame(gcorr mcv([-c(1,3,5,7),-¢(3,5:12)],1is cor=gcorr mcv_al[,2])

setnames (gcorr mcv_cor,c("Row","Effect"),c("covparm", "covariate"))
gcorr mcv_cor$covparm= rep ("UN(2,1)")
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#___

gcorr_mchc_a = gcorr_mchc[-c(1,3,5,7),-c(6,8,10,12)]%>% as.data.frame()%>%
transmute (phase,is corr=rowSums (select(.,5:8)))

gcorr mchc cor = data.frame (gcorr mchc[-c(1,3,5,7),-c(3,5:12)],1is cor=gcorr mchc_al[,2])

setnames (gcorr_mchc_cor,c("Row", "Effect"),c("covparm", "covariate"))

gcorr_mchc_cor$covparm: rep ("UN(2,1)")

#___

gcorr platelet a = gcorr platelet([-c(1,3,5,7),-¢(6,8,10,12)]1%>% as.data.frame()%>%
transmute (phase,is corr=rowSums (select(.,5:8)))

gcorr_platelet cor = data.frame(gcorr platelet[-c(1,3,5,7),~

c(3,5:12)],1is_cor=gcorr platelet al[,2])

setnames (gcorr platelet cor,c("Row","Effect"),c("covparm","covariate"))

gcorr platelet corS$Scovparm= rep ("UN(2,1)")

#___

gcorr lymphocytes a = gcorr lymphocytes[-c(1,3,5,7),-¢(6,8,10,12)]1%>% as.data.frame()%>%
transmute (phase,is corr=rowSums (select(.,5:8)))

gcorr lymphocytes cor = data.frame (gcorr lymphocytes[-c(1,3,5,7),-

c(3,5:12)1,1is_cor=gcorr lymphocytes al[,2])

setnames (gcorr lymphocytes cor,c("Row","Effect"),c("covparm","covariate"))

gcorr lymphocytes cor$covparm= rep ("UN(2,1)")

#___

gcorr_monocytes a = gcorr monocytes[-c(1,3,5,7),-c(6,8,10,12)]1%>% as.data.frame()%>%
transmute (phase,is corr=rowSums (select(.,5:8)))

gcorr_monocytes_cor = data.frame(gcorr monocytes[-c(1,3,5,7),-

c(3,5:12)],1is_cor=gcorr_monocytes_al,2])

setnames (gcorr _monocytes cor,c("Row","Effect"),c("covparm","covariate'))

gcorr monocytes cor$covparm= rep ("UN(2,1)")

#___

gcorr_basophils_a = gcorr basophils[-c(1,3,5,7),-c(6,8,10,12)]1%>% as.data.frame()%$>%
transmute (phase, is corr=rowSums (select(.,5:8)))

gcorr basophils cor = data.frame(gcorr basophils[-c(1,3,5,7),-

c(3,5:12)]1,1is_cor=gcorr_basophils_al[,2])

setnames (gcorr_basophils_cor,c("Row","Effect"),c("covparm","covariate™))

gcorr basophils cor$covparm= rep ("UN(2,1)")

#___

gcorr_glucose_a = gcorr_glucose[-c(1,3,5,7),-¢c(6,8,10,12)]%>% as.data.frame()%>%
transmute (phase,is corr=rowSums (select(.,5:8)))

gcorr_glucose cor = data.frame (gcorr glucose[-c(1,3,5,7),-

c(3,5:12)1,1is_cor=gcorr glucose al[,2])

setnames (gcorr_glucose_cor,c("Row","Effect"),c("covparm", "covariate"))

gcorr_glucose corS$covparm= rep ("UN(2,1)")

#___

gcorr alkaline phos a = gcorr_alkaline phos([-c(1,3,5,7),-¢(6,8,10,12)]%>% as.data.frame () %>%
transmute (phase, is_corr=rowSums (select(.,5:8)))

gcorr_alkaline phos cor = data.frame (gcorr_alkaline phos[-c(1,3,5,7),-

c(3,5:12)]1,1is_cor=gcorr alkaline phos al[,2])

setnames (gcorr alkaline phos cor,c("Row","Effect"),c("covparm", "covariate"))

gcorr alkaline phos_corS$Scovparm= rep ("UN(2,1)")

#___

gcorr calcium a = gcorr_ calcium[-c(1,3,5,7),-¢c(6,8,10,12)]%>% as.data.frame () %>%
transmute (phase,is corr=rowSums (select(.,5:8))

gcorr calcium cor = data.frame(gcorr calcium[-c(1,3,5,7),—

c(3,5:12)1,1is_cor=gcorr_calcium al[,2])

setnames (gcorr calcium cor,c("Row","Effect"),c("covparm", "covariate'"))

gcorr calcium corScovparm= rep ("UN(2,1)")

#___

gcorr _magnesium a = gcorr magnesium[-c(1,3,5,7),-c(6,8,10,12)]%>% as.data.frame () $>%
transmute (phase,is corr=rowSums (select(.,5:8)))

gcorr magnesium cor = data.frame(gcorr magnesium([-c(1,3,5,7),-

c(3,5:12)1,1is_cor=gcorr magnesium al[,2])

setnames (gcorr_magnesium cor,c("Row","Effect"),c("covparm","covariate™))

gcorr magnesium corS$Scovparm= rep ("UN(2,1)")

#___

gcorr potassium a = gcorr potassium([-c(1,3,5,7),-c(6,8,10,12)]1%>% as.data.frame()%>%
transmute (phase,is corr=rowSums (select(.,5:8)))

gcorr potassium cor = data.frame(gcorr potassium[-c(1,3,5,7),-

c(3,5:12)],1is_cor=gcorr potassium al[,2])

setnames (gcorr potassium cor,c("Row","Effect"),c("covparm","covariate"))

gcorr potassium corS$Scovparm= rep ("UN(2,1)")

#___

gcorr sodium a = gcorr sodium[-c(1,3,5,7),-¢(6,8,10,12)]%>% as.data.frame()%>%
transmute (phase,is corr=rowSums (select(.,5:8)))

gcorr sodium cor = data.frame(gcorr sodium[-c(1,3,5,7),-¢(3,5:12)],1is cor=gcorr sodium al[,2])

setnames (gcorr_sodium cor,c("Row","Effect"),c("covparm", "covariate"))

gcorr sodium corScovparm= rep ("UN(2,1)")

#___

gcorr protein a = gcorr protein[-c(1,3,5,7),-c(6,8,10,12)]%>% as.data.frame()%>%
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transmute (phase,is corr=rowSums (select(.,5:8)))
gcorr protein cor = data.frame (gcorr protein[-c(1,3,5,7),—-
c(3,5:12)],1is_cor=gcorr protein al[,2])
setnames (gcorr protein cor,c("Row","Effect"),c("covparm","covariate"))
gcorr protein corS$covparm= rep ("UN(2,1)")
#___
gcorr albumin a = gcorr albumin[-c¢(1,3,5,7),-c(6,8,10,12)]1%>% as.data.frame()%>%
transmute (phase,is corr=rowSums (select(.,5:8)))
gcorr albumin cor = data.frame (gcorr albumin[-c(1,3,5,7),—
c(3,5:12)1,1is_cor=gcorr_albumin al[,2])
setnames (gcorr albumin cor,c("Row","Effect"),c("covparm","covariate"))
gcorr albumin cor$covparm= rep ("UN(2,1)")
#___

gcorr_ lactate dehyd a = gcorr_ lactate dehyd[-c(1,3,5,7),-c(6,8,10,12)]%>% as.data.frame()%>%

transmute (phase,is corr=rowSums (select(.,5:8)))
gcorr lactate dehyd cor = data.frame(gcorr lactate dehyd[-c(1,3,5,7),-
c(3,5:12)]1,1is_cor=gcorr lactate dehyd al[,2])
setnames (gcorr_lactate_dehyd cor,c("Row","Effect"),c("covparm","covariate"))
gcorr lactate dehyd cor$Scovparm= rep ("UN(2,1)")
#___
gcorr folate a = gcorr folate[-c(1,3,5,7),-¢(6,8,10,12)]%>% as.data.frame() %>%
transmute (phase, is corr=rowSums (select(.,5:8)))

gcorr_ folate cor = data.frame (gcorr_ folate[-c(1,3,5,7),-c(3,5:12)],1is cor=gcorr_folate al[,2])

setnames (gcorr_folate cor,c("Row","Effect"),c("covparm","covariate"))
gcorr_ folate corScovparm= rep ("UN(2,1)")
#___

# Merge the data sets

gcorrs_a = as.data.frame (rbind(
gcorr timeg cor
,gcorr red cells cor
,gcorr_haematocrit cor
,gCorr mcv_cor
,gcorr _mchc_cor
,gcorr platelet cor
,gcorr lymphocytes cor
,gcorr monocytes cor
,gcorr basophils cor
,gcorr glucose cor
,gcorr_alkaline phos_cor
,gcorr_calcium cor
,gcorr magnesium cor
,gcorr potassium cor
,gcorr_sodium cor
,gcorr protein cor
,gcorr albumin cor
,gcorr lactate dehyd cor
,gcorr_folate cor
))

save (gcorrs_a, file ="C:/Users/PARTSON/gcorrs a.rda")

gcorrs_a$covariate <- gsub("timeg","time",gcorrs_aScovariate)

gcorrs = gcorrs_a
save (gcorrs,file ="C:/Users/PARTSON/gcorrs.rda")
write.csv(gcorrs,file ="C:/Users/PARTSON/gcorrs.csv'",na = "",row.names = FALSE)

FHEF
# Prepare Table 4.7 #

# Gcorr and pvalues #
fEE TSI EE S
rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/gcorrs.rda")
load(file ="C:/Users/PARTSON/covs.rda")
covs$phase <- gsub ("phase","",covsS$phase)

pvalues a = subset(covs([,c(1,3,7,8)],covparm=="0UN(2,1)")%>%
na.omit () $>%arrange (covariate, phase)

gcorrs_a = gcorrs %>% arrange (covariate,phase)

#

# Table 4.7: Correlation between intercept and slope

#
gcorrs_pvalues a = data.frame(gcorrs al[,-1],pvalues_al,-1])
gcorrs_pvalues = gcorrs pvalues al[,-c(4,6)]

long = gcorrs pvalues

if (!require(dplyr)) {install.packages ("dplyr")}

o e

long$is cor = sprintf("%.4f",round(long$is cor,4)) # round off to 4 with trailing zeros
long$pvalue = sprintf ("%.4f", round (long$pvalue,4)) # round off to 4 with trailing zeros

longS$pvalue = paste0 (" (", longSpvalue,")") # bracket the values
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long$is cor = as.character (long$is cor)
long$is cor pvalue =paste (long$is cor, longS$pvalue, sep="") # combine columns
long = long[,-c(3:4)]

if (!require (reshape?2)) {install.packages ("reshape2")}

L2W a =
L2W b
L2W ¢ = L2W b

L2W cS$covariate
L2W cS$covariate
L2W_cScovariate
L2W_cScovariate
L2W cS$covariate
L2W cS$covariate
L2W_cScovariate
L2W_cScovariate
L2W cS$covariate
L2W cS$covariate
L2W_cScovariate
L2W_cScovariate
L2W cS$covariate
L2W cS$covariate
L2W_cScovariate
L2W_cScovariate
L2W_cScovariate
L2W_cScovariate
L2W_cScovariate
intr slope cor

save (intr_slope_|

dcast (long, covariate~phase,value.var = "is cor pvalue')
L2W afc(19,1:18),]

# long to wide

<- gsub ("lymphocytes", "Lymphocytes",L2W cS$Scovariate)
<- gsub ("basophils", "Basophils",L2W cS$Scovariate)

<- gsub("albumin", "Albumin",L2W c$covariate)

<- gsub("haematocrit", "Haematocrit",L2W c$covariate)
<- gsub("alkaline phos","ALP",L2W cScovariate)

<- gsub ("mcv","MCV",L2W cScovariate)

<- gsub("platelet","Platelet",L2W c$covariate)

<- gsub("potassium","Potassium",L2W cS$covariate)

<- gsub(”monocytes”,"Monocytes",L2W_c$covariate)

<- gsub("protein","Total protein",L2W cScovariate)
<- gsub("lactate dehyd","LDH",L2W c$covariate)

<- gsub("folate","Folate",L2W cS$covariate)

<- gsub ("magnesium", "Magnesium",L2W cS$covariate)

<- gsub("glucose","Glucose",L2W cScovariate)

<- gsub("calcium","Calcium",L2W cScovariate)

<- gsub ("mchc", "MCHC", L2W_cScovariate)

<- gsub("red cells","Red blood cells",L2W cScovariate)
<- gsub("sodium", "Sodium",L2W cS$covariate)

<- gsub("time","Time",L2W c$covariate)
L2W_c
cor,file ="C:/Users/PARTSON/intr slope cor.rda")

if (!require (xlsx)){install.packages ("x1lsx")}

write.xlsx (intr_slope cor,file ="C:/Users/PARTSON/intr slope cor.xlsx" ,row.names = FALSE )
[EE ST EEE
# Prepare Figure 4.3 #
FHHHEHH AR AR
rm(list= 1s () [! (1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
if (!require (ggplot2)) {install.packages ("ggplot2")}
if (!require (scales)) {install.packages ("scales")}
if (!require (Rcmdr)) {install.packages ("Rcmdr") }
save (format _plot, file ="C:/Users/PARTSON/format plot.rda")
load(file ="C:/Users/PARTSON/covs.rda")
# UN(2,1)
format plot=(
theme bw () + # Background fill
theme ( # Format all the items on the graph
plot.title element text (color="black", size=9, face="bold",hjust = 0.5),
axis.title.x = element text (color="black", size=10, face="bold",angle=0),
axis.text.x = element text (size=9,angle=90,color="black", hjust=1l, vjust=0.25),
axis.title.y = element text (color="black", size=10, face="bold"),
axis.text.y = element text (size=9,angle=0,color="black", hjust=1,vjust=0.25),
legend.position="top",
legend.background = element rect (fill="bisque",size=0.2,linetype="so0lid", colour
="lightblue"),
legend.title = element text (colour="black",size=9, face="bold"),
legend.text = element text (colour="black",size=8,face="plain")
))
# #
# Plot Figure 4.3 : Proportion of variation in intercept and slope covs. #
# #
ggplot (subset (covs, covparm=="UN(2,1)"& !is.na (phase)),
aes (x=covariate, y=prop est))+
geom col (aes(fill = factor(sig)),width=.6)+
scale_fill manual (values=c("grey70","blue"),name="Covariance parameter test:")+

facet wrap (~phase)+
labs( x="Covariate with random effect",

y="Intercept & slope covariation(%)"
)+ format plot
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C5: Chapter 5 codes

gz dddssssddssanddsssssdddssasddsdsasddsssssddsdsssdidsanddsdsanddsdaanddaddsadd
# #
# GENERALISED ADDITIVE MIXED MODELS #

# #
liddddaasaaaaaaadasadadadaaaasadaasdads
rm(list= 1s() [!(1s() %in% c(""))]) ; cat("\014") ;options(prompt = "R>")

load (file ="C:/Users/PARTSON/data2model.rda")
datagam = data2model

if (!require (mgcv) ) {install.packages ("mgcv'") }

memory.limit () # check memory size
memory.limit (size=10"12) # increase memory size
if (!require (itsadug)) {install.packages ("itsadug")} # call start event

datagam0 <- start event (datagam, column="time", event=c("patientid","phase"),
label.event="Event")
save (datagam0, file ="C:/Users/PARTSON/datagam0.rda")

# ____________

# Model 1

# ____________

bam ar0 <- bam(cd4 ~

s(red _cells ,phase,bs="fs",m=1, k=5)

+s (haematocrit ,phase,bs="fs", m=1,k=5)
+s (mcv ,phase,bs="fs",m=1, k=5)
+s (mchc ,phase,bs="fs",m=1, k=5)
+s (platelet ,phase,bs="fs",m=1, k=5)
+s (lymphocytes ,phase,bs="fs",m=1,%k=5)
+s (monocytes ,phase,bs="fs",m=1, k=5)
+s (basophils ,phase,bs="fs",m=1, k=5)
#+s (glucose,phase, bs="fs", m=1, k=4)

+s(alkaline phos,phase,bs="fs", m=1,k=5)

+s (calcium ,phase,bs="fs",m=1, k=5)
+s (magnesium ,phase,bs="fs",m=1, k=5)
+s (potassium ,phase,bs="fs",m=1, k=5)
+s (sodium ,phase,bs="fs",m=1, k=5)
+s (protein ,phase,bs="fs",m=1, k=5)
+s (albumin ,phase,bs="fs",m=1, k=5)
+s (lactate_dehyd, phase,bs="fs", m=1, k=5)
+s (folate ,phase,bs="fs",m=1, k=5)

,data = datagam0) # Ignore warning!
save (bam_ar0, file ="C:/Users/PARTSON/bam ar0.rda")

# Term significance
load(file ="C:/Users/PARTSON/bam ar0.rda")

#Inspection of the residuals of an AR0O model
if (!require (Rcmdr)) {install.packages ("Rcmdr") }
par (mfrow=c(1,2), cex=1.1)

acf (resid _gam(bam_ar0),main="")

# Account for autocorrelation

# we also ask to plot the ACF by specifying plot (FALSE by default):
bam rhol <- start value rho (bam_ar0, plot=TRUE);bam rhol

save (bam_rhol, file ="C:/Users/PARTSON/bam rhol.rda")

# ____________

# Model 2

# ____________

bam arl <- bam(cd4 ~

s (red cells ,phase,bs="£fs",m=1, k=5)

+s (haematocrit ,phase,bs="fs", m=1,k=5)
+s (mcv ,phase,bs="£fs",m=1, k=5)
+s (mchc ,phase,bs="fs",m=1, k=5)
+s (platelet ,phase,bs="fs",m=1, k=5)
+s (lymphocytes ,phase,bs="fs",m=1,k=5)
+s (monocytes ,phase,bs="£fs",m=1, k=5)
+s (basophils ,phase,bs="fs",m=1, k=5)
#+s (glucose,phase, bs="fs", m=1, k=4)
+s(alkaline_phos,phase,bs="fs", m=1, k=5)
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+s (calcium ,phase,bs="fs",m=1, k=5)
+s (magnesium ,phase,bs="fs",m=1, k=5)
+s (potassium ,phase,bs="£fs",m=1, k=5)
+s (sodium ,phase,bs="£fs",m=1, k=5)
+s (protein ,phase,bs="fs",m=1, k=5)
+s (albumin ,phase,bs="fs",m=1, k=5)
+s (lactate dehyd,phase,bs="fs",m=1,k=5)
+s (folate ,phase,bs="£fs",m=1, k=5)

,rho = bam rhol, AR.start = datagam0OS$start.event, data = datagamO)
AIC (bam ar0,bam arl)

save (bam_arl, file ="C:/Users/PARTSON/bam arl.rda")
# Add overall covariate smoothing

load (file ="C:/Users/PARTSON/datagam0O.rda")
load(file ="C:/Users/PARTSON/bam rhol.rda")

# ____________

# Model 3

# ____________

bam arls <- bam(cd4 ~

s(red cells ,m=1,k=5)

+s (haematocrit ,m=1,k=5)
+s (mcv ,m=1,k=5)
+s (mchc ,m=1,k=5)
+s (platelet ,m=1,k=5)
+s (lymphocytes ,m=1,%k=5)
+s (monocytes ,m=1,k=5)
+s (basophils ,m=1,k=5)

#+s (glucose,phase,m=1,k=5)
+s (alkaline phos,m=1,k=5)

+s (calcium ,m=1,k=5)

+s (magnesium ,m=1,k=5)

+s (potassium ,m=1,k=5)

+s (sodium ,m=1,k=5)

+s (protein ,m=1,k=5)

+s (albumin ,m=1,k=5)

+s (lactate dehyd,m=1, k=5)

+s (folate ,m=1,k=5) #17
+s(red_cells ,phase,bs="fs",m=1, k=5)
+s (haematocrit ,phase,bs="fs", m=1,k=5)
+s (mcv ,phase,bs="fs",m=1, k=5)
+s (mchc ,phase,bs="fs",m=1, k=5)
+s (platelet ,phase,bs="fs",m=1, k=5)
+s (lymphocytes ,phase,bs="fs",m=1,k=5)
+s (monocytes ,phase,bs="fs",m=1, k=5)
+s (basophils ,phase,bs="fs",m=1, k=5)

#+s (glucose,phase, bs="fs", m=1, k=4)
+s (alkaline_phos,phase,bs="fs", m=1, k=5)

+s (calcium ,phase,bs="£fs",m=1, k=5)
+s (magnesium ,phase,bs="fs",m=1, k=5)
+s (potassium ,phase,bs="fs",m=1, k=5)
+s (sodium ,phase,bs="fs",m=1, k=5)
+s (protein ,phase,bs="fs",m=1, k=5)
+s (albumin ,phase,bs="fs",m=1, k=5)
+s (lactate_dehyd, phase,bs="fs", m=1, k=5)
+s (folate ,phase,bs="fs",m=1, k=5)

,rho = bam rhol, AR.start = datagam0OSstart.event, data = datagamO)
load(file ="C:/Users/PARTSON/bam ar0.rda")
AIC(bam_ar0O,bam arl,bam arls)

save (bam_arls,file ="C:/Users/PARTSON/bam arls.rda")

# Add parametric terms
bam arlsp <- bam(cd4 ~
red cells

+haematocrit
+mcv
+mchc
+platelet
+lymphocytes
+monocytes
+basophils
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#+glucose,
+alkaline phos
+calcium
+magnesium
+potassium
+sodium
+protein
+albumin
+lactate dehyd
+folate #17
+s(red cells ,m=1,k=5)
s (haematocrit ,m=1,k=5)
+s (mcv ,m=1,k=5)
+s (mchc ,m=1,k=5)
+s (platelet ,m=1,k=5)
+s (lymphocytes ,m=1,%k=5)
+s (monocytes ,m=1,k=5)
+s (basophils ,m=1,k=5)
#+s (glucose ,m=1,k=5)
+s(alkaline phos,m=1, k=5)
+s (calcium ,m=1,k=5)
+s (magnesium ,m=1,k=5)
+s (potassium ,m=1,k=5)
+s (sodium ,m=1,k=5)
+s (protein ,m=1,k=5)
+s (albumin ,m=1,k=5)
+s (lactate dehyd,m=1, k=5)
+s (folate ,m=1,k=5)
+s(red _cells ,phase,bs="fs",m=1, k=5)
+s (haematocrit ,phase,bs="fs",m=1,k=5)
+s (mcv ,phase,bs="fs",m=1, k=5)
+s (mchc ,phase,bs="fs",m=1, k=5)
+s (platelet ,phase,bs="fs",m=1, k=5)
+s (lymphocytes ,phase,bs="fs",m=1,k=5)
+s (monocytes ,phase,bs="fs",m=1, k=5)
+s (basophils ,phase,bs="fs",m=1, k=5)
#+s (glucose ,phase,bs="fs",m=1, k=4)
+s (alkaline_phos,phase,bs="fs", m=1, k=5)
+s (calcium ,phase,bs="fs",m=1, k=5)
+s (magnesium ,phase,bs="£fs",m=1, k=5)
+s (potassium ,phase,bs="fs",m=1, k=5)
+s (sodium ,phase,bs="fs",m=1, k=5)
+s (protein ,phase,bs="fs",m=1, k=5)
s (albumin ,phase,bs="fs",m=1, k=5)
)

+s (lactate dehyd,phase,bs="fs", m=1, k=5
,phase,bs="£fs",m=
datagamOS$start.event,

+s (folate
,rho = bam_rhol,

AR.start =

1,k=5)

load(file ="C:/Users/PARTSON/bam ar0.rda")
load(file ="C:/Users/PARTSON/bam arl.rda")
load(file ="C:/Users/PARTSON/bam arls.rda")
AIC (bam ar0,bam arl,bam arls,bam arlsp)

save (bam_arlsp, file ="C:/Users/PARTSON/bam arlsp.rda")

# ________
# Model 5
# ________
# Tune ba

sis dimensions

load(file ="C:/Users/PARTSON/datagam0O.rda")
load(file ="C:/Users/PARTSON/bam rhol.rda")

bam_arlsk

<- bam(cd4 ~
s(red cells

s (haematocrit
+s(mcv
+s(mchc

s (platelet

s (lymphocytes
+s(monocytes

+s (basophils

#+s (glucose

+s (alkaline phos
+s (calcium

+s (magnesium

—_——_— e O— 0 O— O — —
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load(file
load(file
load(file
load(file

+s (potassium
+s (sodium
+s (protein
+s (albumin

+s (lactate dehyd,m=1, k=5)

s (folate

+s (red cells

s (haematocrit
+s (mcv
+s (mchc
+s (platelet

+s (lymphocytes
+s (monocytes
+s (basophils
#+s (glucose

+s(alkaline phos,phase,bs="fs"

+s (calcium
+s (magnesium
+s (potassium
+s (sodium
+s (protein
+s (albumin

+s (lactate_dehyd, phase,bs="fs",

+s (folate

, rho bam_rho
="C:
="C:
="C:
="C:

,m=1,k=5)
,m=1,k=5)
,m=1,k=10)
,m=1,k=10)
,m=1,k=10)
,phase,bs="£fs",m=1, k=5)
,phase,bs="fs",m=1, k=5)
,phase,bs="fs",m=1, k=5)
,phase,bs="£fs",m=1, k=5)
,phase,bs="£fs",m=1, k=5)
,phase,bs="£fs",m=1, k=5)
,phase,bs="fs",m=1, k=5)
,phase,bs="£fs",m=1, k=5)
,phase,bs="fs",m=1, k=4)
,m=1,k=5)
,phase,bs="fs",m=1, k=5)
,phase,bs="£fs",m=1, k=5)
,phase,bs="£fs",m=1, k=5)
,phase,bs="fs",m=1, k=5)
,phase,bs="fs",m=1, k=5)
,phase,bs="fs",m=1, k=5)
=1,%k=5)

,phase,bs="fs",m 1,%k=5)
AR.start datagam0OS$start.event,

1, data datagam0)

/Users/PARTSON/bam ar0.rda")
/Users/PARTSON/bam arl.rda")
/Users/PARTSON/bam arls.rda")
/Users/PARTSON/bam _arlsp.rda")

AIC (bam ar0,bam arl,bam arls,bam arlsp,bam arlsk)

save (bam_arlsk, file ="C:/Users/PARTSON/bam arlsk.rda")

#A#HFAAARFFFAAARFAAAAARFFFAAARS

# Prepare

Table 5.1

#

#HAAF AR AR A AR A AR AAAFAAFAAFAAFS
# Test to select the best models

m(list=
load(file
load(file
load(file
load(file
load (file
load (file

Is()[!

="C:
"C:
="C:
"C
="C:
="C:

(1s()

ins c("")) 1)
/Users/PARTSON/bam _ar0.rda")
/Users/PARTSON/bam arl.rda")
/Users/PARTSON/bam _arls.rda")
:/Users/PARTSON/bam_arlsp.rda")
/Users/PARTSON/bam arlsk.rda")
/Users/PARTSON/bam rhol.rda")

; cat("\014") ;options (prompt = "R>")

bam rhol=round (bam rhol, 4)
£ (!require (dplyr)) {install.packages ("dplyr")}
if (!require (itsadug)) {install.packages ("itsadug") }

# #
# Table 5.1 #
# #
model selection = data.frame (
Model = c("1im,"m2m, 3,4, 5"y,
Terms = c("sO0+s (x,phase) ", "sO0+s (x,phase) +AR", "s0+s (x) +s (x, phase) +AR",
"sO0+x+s (x) +s (x, phase) +AR", "sO+s (x) +s(x,phase)+AR"),
DF = (AIC(bam _ar0O,bam arl,bam arls,bam arlsp,bam arlsk))[1],
AIC = c(AIC(bam_ar0) ,AIC (bam_arl) ,AIC (bam_arls)
,AIC (bam arlsp),AIC(bam arlsk)),
R2 = c(summary (bam ar0)$r.sq ,summary(bam arl)Sr.sq,
summary (bam_arls)$r.sqg ,summary(bam_arlsp)$r.sq,summary(bam_arlsk)$r.sq)
,Dev.Expl = c(summary (bam_ar0) $dev.expl ,summary (bam arl)Sdev.expl,
summary (bam_arls) Sdev.expl, summary (bam arlsp) Sdev.expl,
summary (bam_arlsk) Sdev.expl),
Rho = c("",bam_rhol,bam rhol,bam_ rhol,bam rhol)

) >% mutate if (is.numeric,
round (x,

function (x) {
4)

b

if (!require (xlsx)) {install.packages ("xlsx") }

write.xlsx (model selection,file ="C:/Users/PARTSON/model_selection.xlsx",row.names

FALSE )

# f
# Figure 5.1: Inspection of autocorrelation #
# #
m(list= 1s () [!(1s() %in% c(""))]) ; cat("\014") ;options (prompt = "R>")

load(file ="C:/Users/PARTSON/bam ar0.rda")
load(file ="C:/Users/PARTSON/bam arls.rda")
if (!require (itsadug)) {install.packages ("itsadug")} # call start event
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if (!require (Rcmdr)) {

#Inspection of the r
#Uncorrected versus

par (mfrow=c (2,2), ce
acf resid(bam _ar0, m
start_value_rho (bam_

acf resid(bam arls, main="Corrected ACEF")

acf resid(bam arls,
# Prepare Table 5.2

gam.check (bam_arls)

install.packages ("Rcmdr') }

esiduals of an AR1 model
corrected residuals:
x=1.1)
ain="Uncorrected ACF")
ar0, plot=TRUE, main="ACF coeff
#corrected

#Uncorrected
(rho) ™)

split pred="AR.start")

# copy and paste to Notepad and read as csv

# Term significance
summary (bam arls) $p.
summary (bam_arls)$s.
# cop
#
rm(list= 1s () [!(1ls()
s_table txt <- read.
gam check txt <- rea

table
table
y and paste to Notepad and read as csv

%in% c(""))1) ; cat("\014") ;options (prompt
csv ("C:/Users/PARTSON/s table.txt", sep="")

d.csv("C:/Users/PARTSON/gam check.txt", sep="")

"R>M)

# #

# Table 5.2 #

# #
s_table a = merge(s_table txt, gam check txt[,c(1,2,4)], by=c("Covariate"), sort
all.x=TRUE) # bring all from "left" FIRST and update with "right"

if (!require (dplyr)) {
s_table a$p.value
zeros

s table aS$F
s_table aSedf
zeros

s_table a$k.index
zeros

s_table a$Covariate
s_table a$Covariate
s_table_a$Covariate
s_table_ a$Covariate
s_table a$Covariate
s_table a$Covariate
s_table_ a$Covariate
s_table_ a$Covariate
s_table a$Covariate
s_table a$Covariate
s_table_ a$Covariate
s_table_ a$Covariate
s_table_ a$Covariate
s_table a$Covariate
s_table a$Covariate
s_table_ a$Covariate
s_table_ a$Covariate
s_table a$Covariate
s_table s_table al

if (!require (xlsx)) {1
write.xlsx(s_table, f

# Prepare Figure 5.2

# Figure 5.2a: get Q

par (mfrow=c(2,2), ce

check resid(fit, spl
#save as tiff

# Figure 5.2b: get r

par (mfrow=c(2,2), ce

gam.check (bam_arls, o
type=c(

"devian

, "pearso

, "respon

) r
k.sample=5

install.packages ("dplyr") }
sprintf ("%.4f", round(s_table aS$p.value ,4))

sprintf ("%.
sprintf ("%.

4f",round(s_table a$F ,4))
4f",round(s_table aSedf ,4))

sprintf ("%.2f", round(s_table aS$k.index ,2))

<- gsub ("lymphocytes", "Lymphocytes",s_table a$Covariate)
<- gsub("basophils","Basophils",s_table_a$Covariate)

<- gsub("albumin","Albumin",s_table aS$Covariate)

<- gsub("haematocrit","Haematocrit",s_table aS$Covariate)
<- gsub("alkalineiphos","ALP",s_table_a$Covariate)

<- gsub("mcv","MCV",s table aSCovariate)

<- gsub("platelet","Platelet",s_table_aSCovariate)

<- gsub("potassium","Potassium",s_table aSCovariate)

<- gsub ("monocytes", "Monocytes",s_table a$Covariate)

<- gsub("protein","Total protein",s table aSCovariate)
<- gsub("lactate dehyd","LDH",s table aSCovariate)

<- gsub("folate","Folate",s table aS$Covariate)

<- gsub ("magnesium", "Magnesium",s_table aS$Covariate)

<- gsub("glucose","Glucose",s table aSCovariate)

<- gsub("calcium","Calcium",s table aSCovariate)

<- gsub ("mchc","MCHC",s_table aS$Covariate)

<- gsub("red cells","Red blood cells",s_table_aSCovariate)
<- gsub("sodium","Sodium",s_ table a$Covariate)

rc(1,6,2,4,5,7)]

nstall.packages ("xlsx")}

ile ="C:/Users/PARTSON/s_table.xlsx" ,row.names = FALSE
Q and res density

x=1.1)

it pred="AR.start",select = c(2,4,1,3), ask = FALSE)

esponse vs fitted

x=1.1)
1d.style=T,
ce"

n"

se"

000, k.rep=200,
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rep=0, level=.9, rl.col=2, rep.col="gray80")
#save as tiff

if (!require (magick)) {install.packages ("magick") }
if (!require (rsvg)) {install.packages ("rsvg") }
if (!require (Rcmdr)) {install.packages ("Rcmdr") }

Figure5.2a = image read("C:/Users/Partson/Figure5.2a.tiff");Figureb5.2a
Figure5.2a crop =image crop (Figureb5.2a, "255x");Figure5.2a crop # crop from right

Figure5.2b = image read("C:/Users/Partson/Figure5.2b.tiff");Figure5.2b
Figure5.2b crop =image crop (Figure5.2b, "-295x");Figure5.2b crop # crop from left

# #
# Figure 5.2 : Combine Figure 5.laé&b: crop and merge graphs #
# #

Figure5.2 crop = image append(c (Figure5.2a crop , Figure5.2b crop), stack =
FALSE) ;Figure5.2 crop
image write (Figure5.2 crop,"C:/Users/Partson/Figure5.2 crop.tiff", format = "tiff")

idaaasasasasaadasdasaadadasaaaasasadadasasasasdsaddd
## Define macro for the GAM random smooth plots #

## Preparing Figure 5.3 to 5.8 #
(ddddazdasdaddsaddaddaddaddssdasdsadsaddaddasdaddaiad
rm(list= 1s() [!(1s() %in% c(""))]) ; cat("\01l4") ;options (prompt = "R>")
if (!require (gtools)) {install.packages ("gtools")}
#
gam.plot= defmacro( x = ,
x lab = ,
legendbox = F, # check whether header needed in first row
# functions to be evaluated start here
expr={

# load the required packages
if (!require (Rcmdr)) {install.packages ("Rcmdr") }
if (!require (itsadug)) {install.packages ("itsadug") }

if (legendbox==F) {

inspect random(bam arls,select=x, fun=mean,col="yellow",lwd=2,xlab="",ylab="",main="",h0=0)
title(xlab=x_lab, ylab=bgquote ("CD4"""+"*"count [s(x)+s(x,2z)]"),line=2.2)

inspect random(bam_arls, select=x, add=TRUE)

} else if (legendbox==T) {

plot (0, type="n',axes=FALSE, ann=FALSE) # draw empty plot

legend ("top",inset=c(0,0),legend = c("Overall [s(x)]",
"2-Acute [z:g=1]1",
"3-Early [z:g=2]",
"4-Est [z:g=3]",
"5-ART [z:g=4]")
, title="INFECTION PHASE" # setup legend
,bty = "n", col = c("yellow","black","red","green", "blue")

,horiz=FALSE, 1ty = ¢(1,1,2,3,6), 1lwd = c¢(2,1,1,1,1),cex=.9,xpd=TRUE)
}
})

load(file ="C:/Users/PARTSON/bam arls.rda")

# #
# Figure 5.3 --- Significant difference -overall upward trend #
# #
par (mfrow=c(2,3),mar = ¢(3.2,3.2,1.5,1),cex=0.7)

gam.plot ( x= ;X _lab = , legend = T)

gam.plot ( x= 23 ,x lab =bquote ("Lymphocytes (x10"""9"*"/L)"), legend = F)
gam.plot( x= 19 ,x lab ="Haematocrit (Hct/100)" , legend = F)

gam.plot ( x= 22 ,x lab =bquote("Platelet (x10"""9"*"/L,)") , legend = F)
gam.plot ( x= 32 ,x lab ="Albumin(g/L)" ,legend = F)

gam.plot ( x= 26 ,x lab ="ALP(IU/L)" ,legend = F)

# #
# Figure 5.4 --- Significant difference -overall downward trend #
# #
par (mfrow=c(1l,3),mar = ¢(3.2,3.2,1.5,1),cex=0.7)

gam.plot ( x= ;X lab = ;legend = T)

gam.plot ( x= 31,x lab ="Total protein(g/L)" , legend = F)

gam.plot ( x= 30,x lab ="Sodium(mEg/L)" ,legend = F)
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# #
# Figure 5.5 --- Significant difference -overall irregular trend #
# #
par (mfrow=c(1l,3),mar = ¢(3.2,3.2,1.5,1),cex=0.7)

gam.plot ( x= ;X _lab = ,legend = T)

gam.plot ( x= 33,x lab ="LDH(U/L)" ,legend = F)

gam.plot ( x= 18 ,x lab =bquote("Red blood cells (x10"""6"*"cells/mm"""3"*""), legend = F)
# #
# Figure 5.6---Insignificant difference-overall upward trend #
# #
par (mfrow=c(1l,3),mar = ¢(3.2,3.2,1.5,1),cex=0.7)

gam.plot ( x= ;X lab = , legend = T)

gam.plot ( x= 20 ,x lab ="MCV(fL)" , legend = F)

gam.plot ( x= 25 ,x lab =bquote ("Basophils (x10"~"9"*"/1)") , legend = F)

# #
# Figure 5.7 ---Insignificant difference-general downward trend #
# #
par (mfrow=c(1,3),mar = ¢(3.2,3.2,1.5,1),cex=0.7)

gam.plot ( x= ;X lab = , legend = T)

gam.plot ( x= 24 ,x lab =bquote ("Monocytes (x10"""9"*"/L)"),legend = F)
gam.plot ( x= 34,x lab ="Folate (nmol/L)" ,legend = F)

# #
# Figure 5.8 ---Insignificant terms #
# #
par (mfrow=c(2,3),mar = ¢(3.2,3.2,1.5,1),cex=0.7)

gam.plot ( x= ,X_lab = ,legend = T)

gam.plot ( x= 29,x lab ="Potassium (mmol/L)",legend = F)

gam.plot ( x= 28,x lab ="Magnesium(mmol/L)",legend = F)

plot (0, type="n"',axes=FALSE, ann=FALSE) # draw empty plot

gam.plot ( x= 27,x lab ="Calcium(mmol/L)" ,legend = F)

gam.plot ( x= 21 ,x lab ="MCHC (g/dL) " ,legend = F)

C6: Chapter 6 codes

gz adadssasdddsasddsdsssdddssaadasdsasddsdsasddsdsssdddssaddddssaddsdasaddaddssdd

# #

# SEGMENTED #

# #

#EAAFAAFHAFAAFHAFRAAFAAFAAF S A A RAAHA

# ____________________________

# 2-Acute

# ____________________________

rm(list= 1s () [!(1ls() %in% c(""))]) # clear environment and leave the selected
cat ("\014") # clear console

options (prompt = "R>") # customize prompt

load(file ="C:/Users/PARTSON/data2model.rda")
if (!require (segmented)) {install.packages ("segmented") }

out.glm<-glm(cd4~

red cells + haematocrit + mcv + mchc +
platelet + lymphocytes + monocytes + basophils +
glucose + alkaline phos + calcium + magnesium +
potassium + sodium + protein + albumin +
lactate_dehyd + folate,
data=subset (data2model, phase=="2-Acute"))
glm2 = out.glm
save (glm2,file ="C:/Users/PARTSON/glm2.rda")
#plot (out.glm)
seg.control = seg.control(
toll = le-04 ,it.max =10 ,display = FALSE, stop.if.error = TRUE
,K = 2 ,quant =FALSE ,last = TRUE , maxit.glm = 25
,h = 500 ,n.boot =20 ,size.boot= NULL , gap = FALSE
,Jjt = FALSE ,nonParam=TRUE ,random =TRUE , powers = c(l,1)
,seed= 100 ,fn.obj =NULL ,digits =NULL)
o<-segmented (out.glm, seg.zZ=~
red cells + haematocrit + mcv + mchc +
platelet + lymphocytes + monocytes + basophils +
glucose + alkaline phos + calcium + magnesium +
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potassium + sodium + protein + albumin +

lactate dehyd + folate

,psi=list(
red cells =c(4.551,4.772)
,haematocrit =c(0.327,0.420)
, mcv =(90.348 )
,mchc =c(32.529,32.714) #Already a straight line though
,platelet =c(287.424,487.099)
, lymphocytes =c(0.725,3.459 )
,monocytes =c(0.4375) #misbehaving-work better fixed with all covariates
,basophils =c(0.035,0.0795) # rely on auto
#,g9lucose =NA#c( )
,alkaline phos=c(97.249,110.982)
,calcium =c(2.518) #2.2, work better fixed with all covariates
,magnesium =c(0.75,0.875,0.945) #work better fixed with all covariates
,potassium =c(3.084,3.586) #work better fixed with all covariates
, sodium =c(133.,140) #work better fixed with all covariates
,protein =c(70) #,82.5work better fixed with all covariates
,albumin =c(36.5)#29.920,35.685
,lactate dehyd=c(327.809,607.043)
,folate =c(17.5,25) #work better fixed with all covariates
) , visual=TRUE
,control = seg.control
)

#***

02 = o0

save (02, file ="C:/Users/PARTSON/o02.rda")

FHAAF ——me > change end too

#-common-—-——=——=——————————————————

psi_aa =confint.segmented (o, level=0.95, rev.sgn=FALSE, var.diff=FALSE,

digits=max (4, getOption("digits") - 1))

psi a =do.call(rbind.data.frame, psi aa) # convert list to data frame
psi b = tibble::rownames to column(psi_a, "covariate')
psi ¢ = psi b

psi cScovariate([psi cScovariate=="red cells"] <-"red cells.psil.red cells"

psi c$covariate([psi cScovariate=="haematocrit"] <-"haematocrit.psil.haematocrit"

psi c$covariate([psi cScovariate=="mcv"] <-"mcv.psil.mcv"

psi cScovariate[psi cScovariate=="mchc"] <-"mchc.psil.mchc"

psi c$covariate([psi cScovariate=="platelet"] <-"platelet.psil.platelet"

psi c$covariate([psi cScovariate=="lymphocytes"] <-"lymphocytes.psil.lymphocytes"

psi c$covariate([psi cScovariate=="monocytes"] <-"monocytes.psil.monocytes"

psi cScovariate[psi cScovariate=="basophils"] <-"basophils.psil.basophils"
psi_c$covariate[psi_c$covariate=="alkaline phos"]<-"alkaline phos.psil.alkaline phos"
psi c$covariate([psi cScovariate=="calcium"] <-"calcium.psil.calcium"

psi c$covariate([psi cScovariate=="magnesium"] <-"magnesium.psil.magnesium"

psi c$covariate([psi cScovariate=="potassium"] <-"potassium.psil.potassium"
psi_c$covariate[psi_c$covariate=="sodium"] <-"sodium.psil.sodium"
psi_cScovariate[p51 c$covariate=="protein"] <-"protein.psil.protein"

psi c$covariate([psi c$covariate=="albumin"] <-"albumin.psil.albumin"

psi c$covariate([psi cScovariate=="lactate dehyd"]<-"lactate dehyd.psil.lactate dehyd"
psi c$covariate[psi cScovariate=="folate"] <-"folate.psil.folate"

psi d =psi_c

psi _d$Est. = sprintf ("%.2f",round(psi d$Est.,2)) # round off to 4 with trailing zeros

psi dS$Est. =ifelse((psi d$"CI(95%).1")* (psi d$"CI(95%) .u")<0
,pastel ("",psi dSEst.,"*"),psi dS$Est.)

if (!require (data.table)) {install.packages ("data.table™)}

#***
setnames (psi d,"Est.","2-Acute")
pAAH -
psi2 = psi d[,1:2]
#*** -
save (psi2, file ="C:/Users/PARTSON/psi2.rda")
FHAAF —— e > change end too

£ (!require (dplyr)) {install.packages ("dplyr")}
psi e =psi c $>% mutate if(is.numeric, function(x) {
sprintf ("%.2f",round(x,2))})

psi_e$"CI(95%).1" = pasteO (" (",psi_e$"CI(95%).1"," ; ") # bracket and ;

psi e$"CI(95%).u" = paste0("",psi eS$"CI(95%) .u",")")

psi e$CI =paste(psi e$"CI(95%) .1",psi e$"CI(95%).u", sep="") # combine columns
#*** #***

psi e$"2-Acute" =paste(psi_eS$"2-Acute",psi e$CI, sep="") # combine columns

psi e$"2-Acute" =ifelse((psi d$"CI(95%).1")* (psi d$"CI (95%) .u")<0
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,pastel ("",psi_e$"2-Acute","*"), psi_e$"2-Acute")

#***
psizapx = psi e[,1:2]
save (psi2apx, file ="C:/Users/PARTSON/psi2apx.rda")

FHRAX —mm e > change end too
slope =slope (o) # show slope sig using C.I.
slope_a =do.call (rbind.data.frame, slope)
slope aa = tibble::rownames to column(slope a,'"covariate')
slope b = slope aa
slope bSEst. =ifelse((slope b$"CI (95%).1")* (slope bS$"CI(95%) .u")>0
,pastel("",slope b$Est.,"*"),slope b$SEst.)
#***

setnames (slope b, "Est.","2-Acute")

#***

slope2 = slope b[,1:2]

#***

save (slope2,file ="C:/Users/PARTSON/slope2.rda")
FHRAX —mm e > change end too

# Appendix

if (!require(dplyr)) {install.packages ("dplyr")}
slope c =slope aa %>% mutate if(is.numeric, function(x) {
sprintf ("%.2f",round(x,2))})

slope cS$"CI(95%).1" = pasteO(" (",slope c$"CI(95%).1"," ; ") # bracket and ;

slope cS$"CI(95%) .u" = pastel("",slope cS$"CI(95%).u",")")

slope cSCI =paste(slope c$"CI(95%) .1",slope cS$"CI(95%).u", sep="") # combine columns
#*** #***

slope c$"2-Acute" =paste(slope c$"2-Acute",slope cSCI, sep="") # combine columns
#***

slope c$"2-Acute" =ifelse ((slope bS$S"CI (95%) .1")* (slope bS"CI (95%) .u")>0

,pastel ("",slope c$"2-Acute","*"),slope c$"2-Acute")
- HAAA - HAAA

#***

slopezapx = slope c[,1:2]

save (slope2apx, file ="C:/Users/PARTSON/slope2apx.rda")
FHRAA —— e > change end too

summary (o) # 'U.' is put before the name of the segmented variable to
# mean the difference-in-slopes coefficient.

rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\01l4") ; options (prompt = "R>") #
customize prompt

#psi

load(file ="C:/Users/PARTSON/psi2.rda")
load(file ="C:/Users/PARTSON/psi3.rda")
load(file ="C:/Users/PARTSON/psid.rda")
load(file ="C:/Users/PARTSON/psi5.rda")

psi_a =Reduce (function(x, y) merge (x, y,by=c("covariate"),sort = TRUE, all=TRUE)
, list(psi2, psi3, psi4,psib))

if (!require (splitstackshape)) {install.packages ("splitstackshape”)}
psi b = cSplit(psi a, "covariate™, ".")

if (!require (data.table)) {install.packages ("data.table")}

setnames (psi_b,c("covariate 1","covariate 2"),c("covariate","changepoint"))
psi ¢ = psi b[,c(5:6,1:4)]
psi_c$changepoint <- gsub('psi',
psi d = psi c

,psi_c$changepoint)
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psi_d$covariate
psi_d$covariate
psi d$covariate
psi d$covariate
psi_d$covariate
psi_d$covariate
psi d$covariate
psi d$covariate
psi_d$covariate
psi_d$covariate
psi d$covariate
psi d$covariate
psi_d$covariate
psi_d$covariate
psi d$covariate
psi d$covariate
psi_d$covariate
psi_d$covariate
psi = psi d

if (!require (xlsx)) {install.packages ("x1lsx")}
write.xlsx (psi,file ="C:/Users/PARTSON/psi.xlsx", row.names

#H#HAAAARAAAAAARAA A ARSI AARAA ARSI AAARASFAAAAS

gsub ("lymphocytes", "Lymphocytes", psi_d$covariate)
gsub ("basophils","Basophils",psi_d$covariate)
gsub ("albumin", "Albumin",psi d$covariate)

gsub ("haematocrit", "Haematocrit",psi d$covariate)
gsub ("alkaline phos","ALP",psi _d$covariate)

gsub ("mcv'", "MCV",psi_d$covariate)

gsub ("platelet","Platelet",psi d$covariate)
gsub ("potassium", "Potassium",psi _dS$covariate)
gsub("monocytes","Monocytes",psi_d$covariate)
gsub ("protein","Total protein",psi_d$covariate)
gsub ("lactate dehyd","LDH",psi d$covariate)

gsub ("folate","Folate",psi dScovariate)

gsub ("magnesium", "Magnesium",psi_d$covariate)
gsub ("glucose","Glucose",psi_d$covariate)
gsub ("calcium", "Calcium",psi d$covariate)

gsub ("mchc", "MCHC" ,psi d$covariate)

gsub ("red cells","Red blood cells",psi_d$covariate)

gsub ("sodium", "Sodium",psi_d$covariate)

## Model diagnostics

#A#FFRAARAFFAAARAFFAAARFFFAARBAFAAARAS AR AARAF RS

= FALSE, showNA=FALSE )

rm(list= 1s () [!(1ls() %in% c(""))]) ; cat("\014") options (prompt = "R>") #
customize prompt

load(file ="C:/Users/PARTSON/data2model.rda™)

# Load the glm models

load(file ="C:/Users/PARTSON/glm2.rda")

load(file ="C:/Users/PARTSON/glm3.rda")

load(file ="C:/Users/PARTSON/glm4.rda")

load(file ="C:/Users/PARTSON/glm5.rda")

# Load the segmented models

load (file ="C:/Users/PARTSON/o02.rda")

load (file ="C:/Users/PARTSON/o03.rda")

load (file ="C:/Users/PARTSON/o4.rda")

load (file ="C:/Users/PARTSON/o5.rda")

if (!require (Rcmdr)) {install.packages ("Rcmdr™) }

# #
# Table 6.1 #
# #

# Diagnostics plots for comparing GLM and segmented models

if (!require (dplyr)) {install.packages ("dplyr")}

pcw_diagnostics

summary (03) $deviance,
summary (glm5) $deviance,

data.frame (

Phase = c("2-Acute","","3-Early","","4-Est","", "5-ART",""),

Model = c("GLM", "Segmented","GLM", "Segmented", "GLM", "Segmented", "GLM", "Segmented") ,

"NULL" =c (summary (glm2) $null, summary (02) $null, summary (glm3) $null, summary (03) $null,
summary (glm4) $null, summary (04) $null, summary (glm5) $null, summary (05) $null),

Deviance =c (summary (glm2)$deviance, summary (02) $deviance, summary (glm3) $deviance,

summary (glm4) $deviance, summary (04) $deviance,
summary (05) $deviance),

AIC =c(summary (glm2) $aic, summary (02) $aic, summary (glm3) $aic, summary (03) $aic,
summary (glmé) $Saic, summary (04) $aic, summary (glm5) $aic, summary (0o5) $aic)
) >% mutate if (is.numeric, function (x)

round (x,2)

if(!require (xlsx)) {install.packages ("xlsx")}

b

write.xlsx (pcw_diagnostics,file ="C:/Users/PARTSON/pcw diagnostics.xlsx"
, TOW.names

)
#

FALSE, showNA=FALSE

# Figure 6.1
#

S oW e

par (mfrow=c(2,2)) #

plot (glm2,which
plot (glm3,which
plot (glm4,which
plot (glm5,which

main="Acute phase'")
main="Early phase'")
main="Est phase™)
main="ART phase™)

c(3.2,3.2,1.5,1) ,cex=0.7)
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#
# Table 6.2
#
#PSI-APPENDIX

rm(list= 1s() [!(1s() %in% c(""))]) ; cat("\01l4") ; options (prompt = "R>") #
customize prompt

H= W e

load(file ="C:/Users/PARTSON/psi2apx.rda")
load(file ="C:/Users/PARTSON/psi3apx.rda")
load(file ="C:/Users/PARTSON/psidapx.rda™)
load(file ="C:/Users/PARTSON/psibapx.rda")

psi_apx_aa =Reduce (function(x, y) merge(x, y,by=c("covariate"),sort = TRUE, all=TRUE)
, list(psi2apx, psi3apx, psidapx,psibapx))

if (!require (splitstackshape)) {install.packages ("splitstackshape™) }
psi apx_a = cSplit(psi_apx_aa, '"covariate", ".'")

if (!require (data.table)) {install.packages ("data.table")}

setnames (psi_apx a,c("covariate 1","covariate 2"),c("covariate","Point"))
psi apx b = psi apx al[,c(5:6,1:4)]
psi_apx b$changepoint <- gsub('psi',
psi apx ¢ = psi apx b

,psi_apx b$changepoint)

psi_apx_c$covariate <- gsub ("lymphocytes","Lymphocytes",psi_apx c$covariate)
psi_apx c$covariate <- gsub ("basophils","Basophils",psi apx c$covariate)
psi_apx c$covariate <- gsub("albumin',"Albumin",psi apx c$covariate)
psi_apx_c$covariate <- gsub("haematocrit","Haematocrit",psi apx c$covariate)
psi_apx_c$covariate <- gsub("alkaline phos","ALP",psi apx c$covariate)
psi_apx_c$covariate <- gsub("mcv'","MCV'",psi apx c$covariate)

psi_apx c$covariate <- gsub("platelet","Platelet",psi apx c$covariate)
psi_apx_c$covariate <- gsub ("potassium","Potassium",psi_apx c$covariate)
psi_apx_c$covariate <- gsub ("monocytes'","Monocytes'",psi_apx c$covariate)
psi_apx_c$covariate <- gsub("protein',"Total protein",psi apx c$covariate)
psi_apx c$covariate <- gsub("lactate dehyd","LDH",psi apx c$covariate)
psi_apx_c$covariate <- gsub("folate","Folate",psi_apx c$covariate)
psi_apx_c$covariate <- gsub ("magnesium","Magnesium",psi_apx c$covariate)
psi_apx c$covariate <- gsub("glucose","Glucose",psi apx c$covariate)

psi_apx c$covariate <- gsub("calcium","Calcium",psi apx c$covariate)
psi_apx_c$covariate <- gsub ("mchc","MCHC",psi apx c$covariate)
psi_apx_c$covariate <- gsub("red cells","Red blood cells",psi apx c$Scovariate)
psi_apx c$covariate <- gsub("sodium","Sodium",psi apx c$covariate)

psi apx clis.na(psi apx c)] ="-" # replace all NA with dash

psi_apx = psi_apx c

if (!require (xlsx)) {install.packages ("xlsx")}
write.xlsx (psi_apx,file ="C:/Users/PARTSON/psi apx.xlsx"
,row.names = FALSE, showNA=FALSE
)

#slope
rm(list= 1s() [!(1s() %in% c(""))]1) ; cat("\014") ; options (prompt = "R>") #
customize prompt

load(file ="C:/Users/PARTSON/slope2.rda")

load(file ="C:/Users/PARTSON/slope3.rda")

load(file ="C:/Users/PARTSON/sloped.rda")

load(file ="C:/Users/PARTSON/slope5.rda")

slope =Reduce (function (x, y) merge(x, y,by=c("covariate"),sort = TRUE, all=TRUE)
, list(slope2, slope3, sloped,sloped))

if (!require (xlsx)) {install.packages ("xlsx")}
write.xlsx(slope,file ="C:/Users/PARTSON/slope.xlsx",row.names = FALSE, showNA=FALSE)

# #
# Table 6.3 - manually done from Table 6.2 and 6.4 #
# #
# Table 6.4 #
# #

# slope appendix

rm(list= 1s () [!(1s() %in% c(""))]1) ; cat("\01l4") ; options (prompt = "R>") #
customize prompt

load(file ="C:/Users/PARTSON/slope2apx.rda")

load(file ="C:/Users/PARTSON/slope3apx.rda")

load(file ="C:/Users/PARTSON/slopedapx.rda™)
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load(file ="C:/Users/PARTSON/slope5apx.rda")
slope_apx =Reduce (function(x, y) merge (x, y,by=c("covariate"),sort = TRUE, all=TRUE)
, list(slope2apx, slope3apx, slopedapx,slopebapx))

slope apxScovariate <- gsub ("lymphocytes", "Lymphocytes", slope apxS$Scovariate)
slope apxScovariate <- gsub ("basophils", "Basophils", slope apxS$Scovariate)
slope apx$covariate <- gsub("albumin', "Albumin", slope apxS$Scovariate)

slope apx$covariate <- gsub ("haematocrit","Haematocrit",slope apxS$covariate)
slope apxScovariate <- gsub("alkaline phos","ALP",slope apxScovariate)

slope apxScovariate <- gsub ("mcv","MCV",slope apxScovariate)

slope apx$covariate <- gsub("platelet","Platelet",slope apx$covariate)

slope apx$covariate <- gsub ("potassium","Potassium",slope apx$covariate)
slope apxScovariate <- gsub ("monocytes", "Monocytes", slope apxS$Scovariate)
slope apxScovariate <- gsub ("protein","Total protein",slope apxScovariate)
slope apx$covariate <- gsub("lactate dehyd","LDH",slope apx$covariate)

slope apx$covariate <- gsub("folate","Folate",slope apx$covariate)

slope apxScovariate <- gsub ("magnesium","Magnesium",slope apxScovariate)
slope apxScovariate <- gsub("glucose","Glucose",slope apxS$Scovariate)

slope apx$covariate <- gsub("calcium","Calcium",slope apxS$Scovariate)

slope apx$covariate <- gsub ("mchc","MCHC",slope apx$Scovariate)

slope apxScovariate <- gsub("red cells","Red blood cells",slope apxScovariate)
slope apxScovariate <- gsub ("sodium","Sodium",slope apxScovariate)

if (!require (splitstackshape)) {install.packages ("splitstackshape™)}
slope apndx a = cSplit(slope apx, "covariate", ".'")

if (!require (data.table)) {install.packages ("data.table')}

setnames (slope_apndx_a ,c("covariate 1","covariate 2"),c("Covariate","Slope"))
slope_apndx b = slope apndx al[,c(5:6,1:4)]

slope apndx bS$Slope <- gsub('slope',"",slope apndx b$Slope)

slope apndx bl[is.na(slope apndx b)] ="-" # replace all NA with dash

slope apndx c = slope apndx b

slope apndx c$Slope = as.numeric(slope apndx c$Slope) -1

slope apndx = slope apndx c

if (!require(xlsx)) {install.packages ("xlsx")}
write.xlsx (slope apndx,file ="C:/Users/PARTSON/slope apndx.xlsx"
, row.names = FALSE, showNA=FALSE
)

#AHAFAAARAFFAAARAAFAAARFFFAARBFFAAARFS AR AARFFFAAARS

## Define macro for the Segmented plots #
## Prepare Figure 6.2 to 6.6 #
iddzaziddassdsdaatiddasaddaaaiddaaatdddaaaddddsid
rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\014") ; options (prompt = "R>") # customize prompt
if (!require (gtools)) {install.packages ("gtools")}
#
pcw.plot= defmacro( x = ,
x lab = ,

header = F, # check whether header needed in first row
# functions to be evaluated start here
expr={

# load the required packages
if (!require (segmented)) {install.packages ("segmented") }
if (!require (Rcmdr)) {install.packages ("Rcmdr") }

if (header==F) {
plot.segmented (02, term=x
,dens.rug =TRUE,col="red",interc=FALSE, xlab="",ylab="")
title(xlab = x lab, ylab=bquote("Effect on CD4"""+"),line=2.2) # line controls distance
from axis
plot.segmented (03, term=x
,dens.rug =TRUE,col="red",interc=FALSE, xlab="",ylab="")
title(xlab = x lab , ylab=bquote ("Effect on CD4"""+"),line=2.2)
plot.segmented (04, term=x
,dens.rug =TRUE,col="red",interc=FALSE, xlab="",ylab="")
title(xlab = x lab, ylab=bquote("Effect on CD4"""+"),line=2.2)
plot.segmented (05, term=x
,dens.rug =TRUE,col="red", interc=FALSE, xlab="",ylab="")
title(xlab = x lab, ylab=bquote ("Effect on CD4"""+"),6 line=2.2)

} else if (header==T) {

plot.segmented (02, term=x
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,dens.rug =TRUE,col="red",interc=FALSE, xlab="",ylab="")
title(xlab = x lab, ylab=bquote("Effect on CD4"""+"),line=2.2)
title (main = "2-Acute",line=0.15,cex=0.4)
plot.segmented (03, term=x
,dens.rug =TRUE,col="red",interc=FALSE, xlab="",ylab="")
title(xlab = x lab , ylab=bgquote ("Effect on CD4"""+"),line=2.2)
title (main = "3-Early",line=0.15,cex=0.4)
plot.segmented (o4, term=x
,dens.rug =TRUE,col="red",interc=FALSE, xlab="",ylab="")
title(xlab = x lab, ylab=bquote ("Effect on CD4"""+"),6 line=2.2)
title (main = "4-Established",line=0.15,cex=0.4)
plot.segmented (05, term=x
,dens.rug =TRUE,col="red",interc=FALSE, xlab="",ylab="")
title(xlab = x lab, ylab=bquote ("Effect on CD4"""+"),6 line=2.2)
title (main = "5-ART",line=0.15,cex=0.4)
}
1)

# Load the segmented models

load (file ="C:/Users/PARTSON/o02.rda")
load (file ="C:/Users/PARTSON/0o3.rda")
load (file ="C:/Users/PARTSON/o4.rda")
load(file ="C:/Users/PARTSON/o5.rda")

#
# Figure 6.2: Desirable effects (in at least two phases)
#
par (mfrow=c(4,4),mar = ¢(3.2,3.2,1.5,1),cex=0.7)

#(bottom, left, top,right)
pcw.plot (x="lymphocytes" ,x lab = bquote ("Lymphocytes (x10"~"9"*"/L)"), header=T)
pcw.plot (x="albumin" ,x lab = "Albumin(g/L)", header=F)
pcw.plot (x="platelet” ,%_lab bguote ("Platelet (x10"~"9"*" /L) "), header=F)
pcw.plot (x="basophils" ,x_lab = bguote ("Basophils (x10"~"9"*"/1)"), header=F)
# Save as Figure 6.2

o S

# #
# Figure 6.3: Desirable effects (in at least one phase) #
# #
par (mfrow=c (4,4) ,mar = ¢(3.2,3.2,1.5,1),cex=0.7)

pcw.plot (x="calcium" , X _lab = "Calcium(mmol/L)", header=T)

pcw.plot (x="red cells" , x_lab = bguote ("RBC (x10"""6"*"cells/mm"~"3"*") "), header=F)
pcw.plot (x="alkaline phos", x lab = "ALP(IU/L)", header=F)

# Save as Figure 6.3

# #
# Figure 6.4: Alternating desirable and undesirable effects #
# #
par (mfrow=c(4,4),mar = ¢(3.2,3.2,1.5,1),cex=0.7)

pcw.plot (x="lactate dehyd", x lab = "LDH(U/L)", header=T)

pcw.plot (x="mchc" , x lab = "MCHC (g/dL)", header=F)

# Save as Figure 6.4

# #
# Figure 6.5: Undesirable effects #
# #
par (mfrow=c(4,4),mar = ¢(3.2,3.2,1.5,1),cex=0.7)

pcw.plot (x="folate" , X lab = "Folate(nmol/L)", header=T)

pcw.plot (x="protein" , x_lab = "Total protein(g/L)", header=F)

pcw.plot (x="sodium" , x lab = "Sodium (mEq/L)", header=F)

pcw.plot (x="monocytes" , x_lab = bqguote ("Monocytes (x10"~"9"*"/1,) "), header=F)
# Save as Figure 6.5

# #
# Figure 6.6: Insignificant relationships #
# #
par (mfrow=c(4,4) ,mar = ¢(3.2,3.2,1.5,1),cex=0.7)

pcw.plot (x="mcv" , x_lab = "MCV (fL)", header=T)

pcw.plot (x="haematocrit" , x lab = "Haematocrit (Hct/100)", header=F)
pcw.plot (x="magnesium" , X _lab = "Magnesium(mmol/L)", header=F)

pcw.plot (x="potassium" , X _lab = "Potassium(mmol/L)", header=F)

# Save as Figure 6.6
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C7: Chapter 7 codes

FHEAAFHE AR AR AR R R R R R R R R R R R R R

# #
# PREPARING LAGGED DATA # SEM
# #
[fddddddsgas s Ea AL AL LR L EEEEEEEEEEE
rm(list= 1s()[!(1ls() %in% c(""))])
# clear environment and leave the selected
cat("\014") # clear console

load(file ="C:/Users/PARTSON/data2model.rda")

# shorten variable names
sem a = data2Zmodel
if (!require (data.table)) {install.packages ("data.table")}

colnames (sem_a) [colnames (sem_a)=="cd4"] <= "cd4"
colnames (sem_a) [colnames (sem_a)=="red cells"] <- "red"
colnames (sem_a) [colnames (sem_a)=="haematocrit"] <- "hae"
colnames (sem_a) [colnames (sem_a)=="mcv"] <= "mcv"
colnames (sem_a) [colnames (sem_a)=="mchc"] <- "mch"
colnames (sem_a) [colnames (sem a)=="platelet"] <- "pla"
colnames (sem_a) [colnames (sem_a)=="lymphocytes"] <= "lym"
colnames (sem_a) [colnames (sem_a)=="monocytes"] <- "mon"
colnames (sem_a) [colnames (sem_a)=="basophils"] <- "bas"
colnames (sem_a) [colnames (sem_a)=="glucose"] <- "glu"
colnames (sem_a) [colnames (sem_a)=="alkaline phos"] <- "alk"
colnames (sem_a) [colnames (sem_a)=="calcium"] <= "cal"
colnames (sem_a) [colnames (sem_a)=="magnesium"] <- "mag"
colnames (sem_a) [colnames (sem_a)=="potassium"] <- "pot"
colnames (sem_a) [colnames (sem_a)=="sodium"] <- "sod"
colnames (sem_a) [colnames (sem_a)=="protein"] <- "pro"
colnames (sem_a) [colnames (sem_a)=="albumin"] <= "alb"
colnames (sem_a) [colnames (sem_a)=="lactate dehyd"] <- "lac"
colnames (sem_a) [colnames (sem_a)=="folate"] <- "fol"

if(!require (dplyr)) {install.packages ("dplyr")}
data _sem a = sem_a %>%
tbl df %>%
group_by (patientid, phase) %>%
mutate (timeg =1:n()) %>%
as.data.frame ()

if (!require (data.table)) {install.packages ("data.table")}

data_sem b = setDT(data_sem al[,c(1,3,6,7:25)])

data _sem c = dcast(data sem b, patientid+phase ~ timeg,sep = " ",
value.var = names (data sem b[,c(4:22)]))

semdata = data sem c
save (semdata, file ="C:/Users/PARTSON/semdata.rda")
write.csv (semdata,file ="C:/Users/PARTSON/semdata.csv",na = "",row.names = FALSE )

iasassssssaiiasssasiasssassansssndi

# Prepare data sets #
FHAH AR HA AR
rm(list= 1s () [!(1s() %in% c(""))]1) ; cat("\01l4") ; options (prompt = "R>") #

customize prompt
load(file ="C:/Users/PARTSON/semdata.rda")

semdata?2 = subset (semdata,phase =="2-Acute")
semdata3 = subset (semdata, phase "3-Early")
semdata4 = subset (semdata,phase =="4-Est")
semdatab = subset (semdata,phase =="5-ART")

save (semdata2, file ="C:/Users/PARTSON/semdata?.rda")
write.csv(semdata2,file ="C:/Users/PARTSON/semdata?.csv",na = "",row.names = FALSE )

save (semdata3, file ="C:/Users/PARTSON/semdata3.rda")
write.csv(semdata3,file ="C:/Users/PARTSON/semdata3.csv",na = "",row.names = FALSE )

save (semdata4, file ="C:/Users/PARTSON/semdata4.rda")
write.csv (semdata4,file ="C:/Users/PARTSON/semdatad.csv",na = "",row.names = FALSE )
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save (semdatab, file ="C:/Users/PARTSON/semdata5.rda")
write.csv(semdatab,file ="C:/Users/PARTSON/semdata5.csv",na = "",row.names = FALSE )

FHEAAFHH A AR AR R R R R R

# #
# SEM MODELLING IN AMOS: #
# *save the the datasets in SPSS #
# *use them in AMOS to obtain Figures 7.3 and 7.4 #
# *save the regression weights, covs and corr as csv #
FHEFHHHH A A A A R R R

#

#

#

# 0+ 4
## 4

#
FHEE AR R R R R
# #
# Load csv datasets from AMOS and merge phases #
# * Diagnostics #
# * Correlations #
# * Regression weights #
FHEH AR R R
# #
# Table 7.1 : Manually obtained from Excel spreadsheets #
# #

# load standardised regression weights

rm(list= 1Is () [!(1s() %in% c(""))]1) ; cat("\01l4") ; options (prompt = "R>") # customize prompt
if (!require (readr)) {install.packages ("readr")}

if (!require (dplyr)) {install.packages ("dplyr")}

if (!require (data.table)) {install.packages ("data.table')}

srw2_a <- read csv("C:/Users/Partson/srw2.csv")%$>%
setnames (.,c("X1","X3"),c("var2","varl")) %$>%
mutate (phase =rep ("2-Acute'")) %>%
subset (.,select=c(5,3,1,4))

srw3_a <- read csv("C:/Users/Partson/srw3.csv")$>%
setnames (.,c("X1","X3"),c("var2","varl")) %$>%
mutate (phase =rep ("3-Early'"))%>%
subset (.,select=c(5,3,1,4))

srw4_a <- read csv("C:/Users/Partson/srwid.csv")$>%
setnames (.,c ("X1","X3") ,c("var2","varl"))%>%
mutate (phase =rep ("4-Est"))%$>%
subset (.,select=c(5,3,1,4))

srw5_a <- read csv("C:/Users/Partson/srw5.csv") $>%
setnames (.,c("X1","X3"),c("var2","varl"))%>%
mutate (phase =rep ("5-ART")) %$>%
subset (.,select=c(5,3,1,4))

# Merge all regression weights
srw_a = rbind(srw2_a,srw3_a,srwé4 _a,srwb_a)

srw_a$Estimate <- gsub("," , ".",srw aSEstimate)

srw_aSEstimate = as.numeric(srw_aSEstimate)

srw_aSpath =paste (srw_aSvarl,srw aSvar2, sep=" -> ") # combine columns
srw_ b = srw_a

srw_bSpath <- gsub("cd4","CD4", srw_bSpath)

srw_bSpath <- gsub("red", "Red blood cells",srw bSpath)
srw_bS$path <- gsub("hae","Haematocrit",srw b$path)
srw_bS$path <- gsub ("mcv'","MCV",srw _b$path)

srw_b$path <- gsub(”mch”,”MCHC”,srw_b$path)

srw_b$path <- gsub(”pla”,”Platelet”,srw_b$path)
srw_bSpath <- gsub ("lym", "Lymphocytes", srw bSpath)
srw_bSpath <- gsub ("mon", "Monocytes", srw_bS$path)
srw_b$path <- gsub(”bas”,”Basophils”,srw_b$path)
srw_b$path <- gsub(”glu”,”Glucose”,srw_b$path)
srw_bSpath <- gsub("alk","ALP",srw bSpath)
srw_bSpath <- gsub("cal","Calcium",srw bS$path)
srw_bS$path <- gsub ("mag", "Magnesium",srw bS$path)
srw_bSpath <- gsub ("pot", "Potassium", srw bSpath)
srw_bSpath <- gsub("sod", "Sodium", srw bSpath)
srw_bS$path <- gsub ("pro","Total protein",srw bSpath)
srw_bSpath <- gsub("alb","Albumin", srw_bS$path)
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srw_bSpath <- gsub("lac","LDH",srw bSpath)
srw_bSpath <- gsub("fol","Folate",srw bSpath)

Srw = srw_b
save (srw,file ="C:/Users/PARTSON/srw.rda")

# load correlations

rm(list= 1s() [!(1s() %in% c(""))]) ; cat("\014") ; options (prompt = "R>") #
customize prompt

if (!require (readr)) {install.packages ("readr") }

if (!require (dplyr)) {install.packages ("dplyr")}

cor2 a <- read csv("C:/Users/Partson/cor2.csv")%$>%
setnames (.,c("X1","X3","P"),c("varl","var2", "pvalue") ) %$>%
mutate (phase =rep ("2-Acute'")) %>%
subset (., select=c(6,1:5))

cor3 a <- read csv("C:/Users/Partson/cor3.csv")%$>%
setnames (.,c("X1","X3","P"),c("varl","var2","pvalue"))%$>%
mutate (phase =rep ("3-Early"))%>%
subset (., select=c(6,1:5))

cord4_a <- read csv("C:/Users/Partson/cord.csv")%$>%
setnames (.,c("X1","X3","P"),c("varl","var2","pvalue"))%>%
mutate (phase =rep ("4-Est"))%>%
subset (.,select=c(6,1:5))

cor5 a <- read csv("C:/Users/Partson/cor5.csv")%$>%
setnames (.,c("X1","X3","P"),c("varl","var2","pvalue"))%>%
mutate (phase =rep ("5-ART") ) %>%
subset (.,select=c(6,1:5))

# Merge all regression weights
cor_a = rbind(cor2_a,cor3 _a,cor4_a,cor5_a)
cor aSEstimate <- gsub("," , ".",cor aSEstimate)
cor aSEstimate = as.numeric(cor aS$Estimate)
cor_aScorr =paste(cor_a$varl,cor_aSvar2, sep=" <-> ") # combine columns
cor aSpvalue <- gsub("," , ".",cor aSpvalue)
cor aSpvalue <- gsub ("\\*\\*\\*",0.001,cor aSpvalue) # \\ forces * one at a time
cor_a$Spvalue = as.numeric(cor_a$pvalue)
cor b = cor_al,c(1,2,4,7,5,6)]
cor_b$sig =
ifelse(cor bSpvalue <0.05 ,"Sig.","Insig.")
cor = cor b
save (cor, file ="C:/Users/PARTSON/cor.rda")

#

rm(list= 1s () [!(1s() %in% c(""))]1) ; cat("\01l4") ; options (prompt = "R>") #
customize prompt

load (file ="C:/Users/PARTSON/cor.rda")

cor_c = cor

cor c$var _a = cor_cSvarl
cor cSvar b = cor cSvar2

if (!require (splitstackshape)) {install.packages ("splitstackshape")}
cor d = cSplit(cor c, c("varl","var2"), " ")

if (!require (data.table)) {install.packages ("data.table")}

setnames (cor_d,c("varl 2" ,"var2_ 2" , "varl 1", "varz 1"),
c("varl time","var2 time", "varl" , "var2"))
cor e = cor_d[,-c(6,7)]

if (!require (data.table)) {install.packages ("data.table")}
cor_e$corr <- gsub(" ","", cor e$corr)

cor_eS$corr <- gsub
cor_e$corr <- gsub
cor_e$corr <- gsub
cor_e$corr <- gsub
cor_eS$corr <- gsub
cor_eS$corr <- gsub
cor_e$corr <- gsub
cor_e$corr <- gsub

"cd4","CD4 ", cor_eS$corr)

"red","Red blood cells ",cor_e$corr)
"hae", "Haematocrit ",cor_eS$corr)
"mcv","MCV_",cor_e$corr)

"mch", "MCHC ",cor_eS$corr)
"pla","Platelet ",cor_eS$corr)
"lym","Lymphocytes ",cor e$corr)
"mon", "Monocytes ", cor_e$corr)

294



Appendix C: Programming codes

cor_eScorr <- gsub("bas","Basophils ",cor e$Scorr)
cor_eScorr <- gsub("glu","Glucose ",cor e$Scorr)
cor_e$corr <- gsub("alk","ALP ",cor eS$corr)
cor_eScorr <- gsub("cal","Calcium ",cor_eScorr)
cor_e$corr <- gsub("mag”,"Magnesium_”,cor_e$corr)
cor_eScorr <- gsub("pot","Potassium ",cor eScorr)
cor_eScorr <- gsub("sod","Sodium ",cor_eScorr)
cor_e$Scorr <- gsub("pro","Total protein ",cor eS$corr)
cor_eScorr <- gsub("alb","Albumin ",cor eScorr)
cor eS$corr <- gsub("lac","LDH ",cor e$Scorr)
cor_eScorr <- gsub("fol","Folate ",cor_eScorr)

cordata = cor_e
save (cordata, file="C:/Users/Partson/cordata.rda")

0
# Plotting of the SEM AMOS results #
FHE

# Standardised regression weights

rm(list= 1s() [!(1s() %in% c(""))]) ; cat("\014") ; options (prompt = "R>")
customize prompt

load(file ="C:/Users/PARTSON/srw.rda")

data srw_a = srw
if (!require (data.table)) {install.packages ("data.table')}
data srw b = setDT(data srw al,])
data srw ¢ = dcast(data srw b, phase ~ path,
value.var = names (data_srw b[,c(4)]))

data_srw = data_srw_c
dim(data_srw)
if (!require (lattice)) {install.packages ("lattice')}

# #
# Figure 7.5 #
# #
parallelplot (~data_srw[,c(2:23,28:51)] | factor(phase), #2:23,28:51 #zeros 24:27,52:55

data srw,

groups = phase,

scales=list (cex=.7),

layout = c (4, 1),

xlab="Standardised regression weights",

ylab="Regression paths",

main=""

)
# #
# Figure 7.6 #
# #
parallelplot (~data srw[,c(56:93)] | factor(phase), # 56:93 {#zeros 24:27,52:55

data_srw,

groups = phase,

scales=list (cex=.7),

layout = c(4, 1),

xlab="Standardised regression weights",

ylab="Regression paths",

main=""

)
ey =

rm(list= 1s () [!(1s() %in% c(""))]) ; cat("\014") ; options (prompt = "R>")
customize prompt
load(file ="C:/Users/PARTSON/srw.rda")
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format plot srw=(

theme bw () + # Background fill

theme ( # Format all the items on the graph
plot.title = element text (color="black", size=9, face="bold",hjust = 0.5),
axis.title.x = element text (color="black", size=10, face="bold",angle=0),
axis.text.x = element text (size=9,angle=90,color="black", hjust=1, vjust=0.25),
axis.title.y = element text (color="black", size=10, face="bold"),
axis.text.y = element text (size=8,angle=0,color="black", hjust=0.5,vjust=0.25),
legend.position="top",
legend.background = element rect (fill="bisque",size=0.2,linetype="s0lid", colour

="lightblue"),

legend.title = element text (colour="black",size=9, face="bold"),
legend.text = element text (colour="black",6size=8, face="plain")

))

srw_prep = subset(srw, abs(Estimate)>.40) %>% arrange (Estimate)

#

# Figure 7.7

#

H oW

ggplot (srw prep[,] , aes(fill=phase, y=Estimate, x=path)) +

geom bar (aes (fill = factor (phase)),width=.75,position="dodge", stat="identity")+

scale fill manual (values=c("blue","greenl","yellow", "red"), name="Phase:")+
coord flip()+
labs ( x="Regression paths ( Time)",

y='Standardised regression weights > 0.40' ,

title=""

)+ format plot srw

rm(list= 1s () [!(1s() %in% c(""))]1) ; cat("\01l4") ; options (prompt = "R>")
customize prompt
load (file="C:/Users/Partson/cordata.rda")

if (!require (ggplot2)) {install.packages ("ggplot2")}
if (!require (scales)) {install.packages ("scales")}
if (!require (Rcmdr)) {install.packages ("Rcmdr") }

format plot cor=(

theme bw () + # Background fill

theme ( # Format all the items on the graph
plot.title = element text (color="black", size=9, face="bold",hjust = 0.5),
axis.title.x = element text (color="black", size=10, face="bold",angle=0),
axis.text.x = element text (size=9,angle=90,color="black", hjust=1, vjust=0.25),
axis.title.y = element text (color="black", size=10, face="bold"),
axis.text.y = element text (size=8,angle=0,color="black", hjust=0.5,vjust=0.25),
legend.position="top",
legend.background = element rect (fill="bisque",size=0.2,linetype="so0lid", colour

="lightblue"),

legend.title = element text (colour="black",size=9, face="bold"),
legend.text = element text (colour="black",size=8, face="plain")

))

if (!require (dplyr)) {install.packages ("dplyr")}
cordata$varl = as.character (cordatas$varl)

cordataS$var?2 = as.character (cordata$var2)
# #
# Figure 7.8: correlations of the same variable #
# #
corsame prep = subset(cordata, abs(Estimate)>.40 &

varl==var2 &

sig=="Sig."

) %>% arrange (Estimate)

ggplot (corsame prep[,] , aes(fill=phase, y=Estimate, x=corr)) +

geom_bar (aes (fill = factor (phase)),width=.75,position="dodge", stat="identity")+
scale fill manual (values=c("blue","greenl","yellow", "red"), name="Phase:")+
coord flip()+
labs ( x="Same covariate at different time points",
y='Significant correlations > 0.40' ,
title=""
)+ format plot cor
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# #
# Figure 7.9: correlations of different variables #
# #
cordiff prep = subset(cordata,

varl!=var2 &

sig=="Sig."

) %>% arrange (Estimate)
ggplot (cordiff prep[,] , aes(fill=phase, y=Estimate, x=corr)) +

geom bar (aes (fill = factor (phase)),width=.75,position="dodge", stat="identity")+
scale fill manual (values=c("blue","greenl","yellow", "red"), name="Phase:")+
coord flip()+
labs( x="Different covariates at different time points",

y='Significant correlations' ,

title=""

)+ format plot cor

297



