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Abstract
Children’s immune systems develop over the first 20 years of life and are fundamentally different to adults’ in terms of lymphocyte numbers, turnover rates
and population structure. Children perinatally infected with the human immunodeficiency virus (HIV) can expect their infection and any antiretroviral
therapy (ART) administered to affect the developing population dynamics of
the immune system and long-term immunological health in adulthood. Describing, understanding and predicting these effects is important for guiding
individualised treatment regimes, public health policy and future research.
The work described here develops an empirical model for CD4 T-cell reconstitution in HIV-infected children starting ART based on a monophasic,
asymptotic recovery function and applied to data in a nonlinear mixed-effects
framework. The model quantifies effects of age on both pre-ART and longterm CD4 count, and an association between poor pre-ART and poor long-term
immune status. It allows prediction, by extrapolation, of CD4 counts in adulthood given ART initiation at different ages and CD4 levels. These predictions
suggest that current ART initiation guidelines preserve potential for good longterm CD4 numbers in young children, but that this potential is progressively
damaged as age increases. The model also identifies groups of children with
qualitatively different CD4 trajectories and illustrates fundamental differences
between recovery in children and adults probably due to children’s more active
thymuses.
Next, a mechanistic model of T-cell homeostasis is described, aiming to
develop a biological understanding of some of the effects identified using the
empirical model. A model of homeostasis in HIV proves a valid, useful tool for
understanding pathogenesis and the reasons for incomplete recovery on ART,

Abstract

4

and illustrates the power of mixed-effects modelling for gleaning information
about differences between children’s T-cell dynamics. In the future, more complex and complete models building on this foundation will help understanding
of the interactions between development, HIV and ART.
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Chapter 1

Introduction
1.1

The Immune System and its Components

When vertebrates detect an invading organism, they initiate a double-pronged
attack. The first of two interacting lines of defence is provided by the innate immune system, which supplies non-specific, fast-acting protection against many
pathogens. Interacting and co-operating with the innate immune system, the
adaptive immune system provides a second line of defence. It has components
specific to individual infectious agents, a feature which allows immunological
memory: the phenomenon by which the body can respond more efficiently to
pathogens it has previously encountered. Immunological memory is the basis
of vaccine action.
Both the innate and adaptive immune systems are mediated by white
blood cells (leukocytes). Like the other cells found in the blood (red blood cells,
and megakaryocytes which produce platelets), leukocytes are produced from
pluripotent stem cells in the bone marrow. These pluripotent stem cells divide
and differentiate to become myeloid or lymphoid progenitor cells. Myeloid
progenitors give rise to red blood cells, megakaryocytes and a number of other
cell types with various functions in innate and acquired immunity. Lymphoid
progenitors divide and differentiate to become B and T lymphocytes (B and Tcells), which are essential to acquired immunity. B-cells are responsible for the
production of antibodies. T-cells belong to two main classes: cytotoxic (CD8)
T-cells which kill cells infected with a virus, and helper (CD4) T-cells which
help to orchestrate the immune response.
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The adaptive immune system is able to recognize and respond to specific
pathogens because B and T-cells carry receptors specific to particular fragments of pathogen-derived proteins. The T-cell receptor (TCR) is a protein
bound in the T-cell membrane, and each TCR has an affinity for a particular small peptide when it is presented by an antigen-presenting cell (APC), in
combination with a major histocompatability complex (MHC) molecule. B-cells,
similarly, bear receptors with affinity for foreign proteins: the B-cell receptor
is a membrane-bound version of the antibody which that B-cell will produce
when appropriately stimulated. The body’s overall population of T-cells has a
very diverse repertoire of TCRs — that is, any individual has T-cells with affinities for a wide range of peptide-MHC complexes. The T-cell receptor allows
detection of pathogen-derived peptides, triggering an immune response which
can eradicate the infection.

B- and T-cells, which circulate in the blood, are the main mediators of
adaptive immunity at the cellular level. However, their function relies on a
network of lymphoid tissues distributed throughout the body. The central
lymphoid organs are the sites of lymphocyte development: the bone marrow,
where all blood cells originate, and the thymus — an organ near the heart
where T-cells mature. The peripheral, or secondary, lymphoid organs are the
sites where B and T-cells encounter foreign peptides and the immune response is
triggered. These include the spleen, adenoids, tonsils, lymph nodes, structures
known as Peyer’s patches in the small intestine, and more diffuse tissues in the
respiratory system. The lymphoid system also includes an extensive network of
lymphatic vessels which drain extracellular fluid (lymph) from tissue and carry
it to lymph nodes, whence it is returned to the blood. Cells bearing samples
of pathogenic proteins gathered from sites of infection travel via lymphatic
vessels to the lymph nodes, where they present their proteins to lymphocytes
circulating continuously between the blood and the lymphoid tissues. This
is how lymphocytes encounter foreign antigens, triggering initiation of the
immune response.
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T-cell Development

Both B and T-cells originate from progenitor cells in the bone marrow. Bcell development occurs entirely in this environment but T-cell progenitors
migrate at an early stage to the thymus, where their maturation is completed.
Maturation in the thymus occurs in three stages, characterised by particular
sets of cell-surface markers and localised to particular regions of the thymic
architecture.
The first stage of maturation in the thymus is TCR gene re-arrangement
and receptor expression. Immature T-cells enter the thymus expressing neither
CD4 nor CD8 and without a T-cell receptor or, perhaps surprisingly, a gene exactly encoding it. They begin to differentiate, proliferate and express markers
of their T-cell lineage and become double negative (DN) thymocytes (so called
because they lack CD4 or CD8 expression) which gather in the subcapsular
region, the part of the thymus nearest the capsule forming its outer boundary.
The TCR is formed of a pair of protein chains: either an α and a β or a γ and
a δ chain. Each of these chains is formed of sections known as the V, J and C
(α and γ) or V, D, J and C (β and δ) segments. A number of different TCR V, J
and D genes are present on chromosomes 14 (α chain) and seven (β chain), and
these now recombine randomly to produce DNA encoding the α and β chains.
The joining is not precise, so a variable number of bases may be added or lost
at the junctions. In this way, unique DNA sequences for TCRs are generated,
in which the essential signalling functions of the receptor are preserved but the
properties of the part with peptide affinity vary. T-cell receptors are generated
by transcription and translation of these re-arranged genes, and cells are triggered to express CD4 and CD8, becoming double positive (DP) thymocytes and
migrating inwards from the outer region with its high density of DN thymocytes, towards the centre of the thymic tissue. During the re-arrangement of the
TCR gene, a section of DNA (containing the unused V, D, J and C sections) is
excised from the genome and remains in the nucleus. This T-cell receptor excision
circle (TREC) is not copied during cell division, but neither is it degraded. The
concentration of cells containing a TREC can therefore be used to help indicate
thymic activity, although interpretation is complicated because it also depends
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on rates of peripheral T-cell expansion and death, and on division history.
Re-arrangement of the TCR genes results in T-cell precursors with varying
degrees of affinity for a range of peptides derived from both pathogenic and
self proteins. If T-cells with this diversity of affinities were released into the
periphery, they would include those whose receptors had an affinity for free
peptides encountered in any context, not only those presented by an APC in
conjunction with MHC. They would also include those with receptors with
strong affinities for self peptide-MHC (sp-MHC), causing an immune response
to self proteins — an autoimmune reaction. Developing thymocytes must
therefore be screened to ensure that T-cells which leave the thymus will form
an effective, functional immune system. The first stage in this selection process
is positive selection for T-cells which recognise one of the two types of MHC
molecule: MHC class I or II. The selection process occurs via sp-MHC molecules
on the thymic epithelium, and T-cells which do not encounter an MHC molecule
for which they have a specificity die in the thymus within a few days. The cells
which survive are thus only those which recognise MHC I or II. This positive
selection also determines whether cells will become CD4 or CD8 T-cells. Those
cells with affinity for MHC I lose CD4 expression and become single-positive
(SP) CD8 T-cells, and those with MHC II affinity lose CD8 expression to become
SP CD4 T-cells. Positive selection is also accompanied by a migration further
into the thymic cortex (the outer region) towards the medulla (inner region).
The positive phase of selection is followed by a second, negative phase
which can take place in both the thymic cortex and the medulla. The function
of negative selection is to remove T-cells specific for self antigens, which would
cause an autoimmune reaction. Interestingly, like positive selection it is also mediated by contact with self peptide-MHC complexes in the thymus. However,
whereas during positive selection only those T-cells which were stimulated by
MHC survive, during negative selection those cells with too high an affinity for
self-peptide are driven to apoptosis. How positive and negative selection can
both arise from interactions with the same set of sp-MHC complexes is not fully
understood. What is clear, however, is that the signals in the two phases must
be different, in order that the entire set of T-cells surviving positive selection
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should not be lost in the negative selection phase.
Following positive selection, mature T-cells are exported from the thymus to the blood and begin to circulate between the blood and the secondary
lymphoid organs. TCR gene re-arrangement and positive and negative selection result in an exported T-cell population with a diversity of T-cell receptors,
showing affinity for a variety of foreign peptide-MHC complexes. The thymus
is thus the source of TCR diversity, which is important for sustaining effective
immunity to a range of pathogens. The thymus is fully developed at birth,
but the volume of the thymic epithelial space, where T-cell maturation occurs,
increases to a maximum at around one year of age and then falls over the rest
of an individual’s lifetime [1]. A decrease in thymic production of new T-cells,
with new TCR diversity, was initially inferred from this change in volume.
More recently an explicit method has been developed for quantifying thymic
output and has confirmed the fall in thymic activity with age, in parallel with
the reduction in volume of the TES [2]. These age-related changes are thought
to be fundamental to some of the changes in the immune system — including
changes in TCR repertoire diversity — which are observed with development
and ageing.
New T-cells emerging from the thymus belong to a sub-population of
the overall T-cell pool known as naive T-cells, meaning that they and their
ancestors have never previously encountered the antigen (foreign peptide) for
which their receptors have affinity. As the focus of the following chapters is on
CD4+ T-cells, this description considers naive CD4 T-cells leaving the thymus,
though CD8+ T-cells are similar in many respects. Naive CD4 T-cells enter
the bloodstream and circulate between the blood and secondary lymphoid
organs until they encounter the peptide-MHCII complex for which they have
affinity. On encountering the complex, cells are triggered to enter a phase of
multiple rapid proliferations to produce a population of effector cells which
mount an immune response and clear the infection fast and efficiently. Once
the infection has been eradicated, the number of effector cells falls but a smaller
population of central memory T-cells remain in circulation, allowing a faster and
more efficient immune response to be mounted as and when the same pathogen
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is encountered again. This is the mechanism for immunological memory. As an
individual ages he or she becomes more immunologically experienced, having
encountered a greater range of antigens. This results in a shift in the proportions
of naive and memory T-cells: as naive cells are recruited to the memory pool,
the naive subset is diminished and the memory subset grows.

1.3

T-cell Homeostasis

How does the body maintain the correct total number of naive CD4 T-cells, and
the correct balance between TCR specificities? To do so, it must offset rates
of T-cell proliferation and death in the periphery against thymic production
of new T-cells. Work in mice in recent years has shown that this fine-tuning
appears to be achieved via feedback mechanisms controlling what are described
as homeostatic cell division and cell death rates [3, 4].

1.3.1

Naive CD4 T-cell survival

The homeostatic naive T-cell death rate is controlled by the cells’ requirement
for stimulation by sp-MHC and the cytokine IL-7 in order to survive. The
processes of positive and negative selection mean that naive cells leave the
thymus with a low affinity for sp-MHC, and stimulation of this low-level selfreactivity is required for long-term survival [5, 6]. Contact with sp-MHC is
delivered by specialised structures in the lymph nodes, and the limited amount
of signal available limits the size of the T-cell pool. Competition for survival
signal either within or between self peptide TCR specificities may also help
maintain the diversity of specificities and the proportions in which they are
present [7]. Naive T-cells also require contact with IL-7 for survival. Like
contact with sp-MHC, this occurs in lymph nodes where IL-7 is thought to be
attached to the tissues, or at least to remain localised close to the fibroblastic
reticular cells which produce it [8]. The T-cell’s response to IL-7 occurs via
an IL-7 receptor which can up-regulate an anti-apoptotic pathway or downregulate a pro-apoptotic pathway [4]. IL-7 signals may also interact with other
signalling pathways to prevent naive T-cell atrophy, alter T-cell trafficking and
promote cell cycle progression [4].
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Homeostatic naive T-cell division

Counter-intuitively, the same molecules which regulate homeostatic T-cell
death — sp-MHC and IL-7 — also regulate homeostatic division. In fact, there
are at least three different types of homeostatic naive T-cell proliferation [3]. The
first is lymphopaenia-induced proliferation (LIP), readily observed in experiments in which a small number of T-cells are transferred to a mouse with few or
absent T-cells, or in clinical situations such as bone marrow transplants where
a patient’s immune system is eliminated artificially and then repopulated from
a graft of donor cells. LIP depends on the presence of both MHC and IL-7: it is
thought that contact with the sp-MHC ligands provides TCR signals which are
amplified by the increased IL-7 availability in lymphopaenia. The second type
of homeostatic proliferation is cytokine-induced, driven by elevated amounts
of cytokines including IL-2 and IL-15. This is mainly restricted to regulatory
and CD8 T-cells, as opposed to CD4 T-cells. Finally, chronically lymphopaenic
individuals seem to experience significant homeostatic proliferation driven by
foreign antigens — probably largely due to increased numbers of bacteria in
the body as a result of chronic immune suppression.
The tuning of homeostatic rates of both naive T-cell division and death
relies on signals delivered by specialised and highly adapted structures in the
lymph nodes. Damage to the lymph nodes can therefore be a serious clinical
problem, as it may interfere with T-cell homeostasis and thus affect the balance
of T-cell numbers which is so crucial to immune function.

1.3.3

T-cell homeostasis in children

An important issue within the field of T-cell homeostasis is the development of
a healthy immune system over the first 20 years of life, with appropriate dynamics, population structure and TCR diversity. Cross-sectional studies using
blood from healthy children of different ages have found complex changes in
the concentrations of the various T-cell subsets investigated [9, 10]. Underlying
these observations are changing rates of T-cell production, division and death
which have only recently been quantified [11]. One important aspect of these
changes is certainly the fall in thymic activity with age. Since T-cell popula-
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tions are most often quantified in terms of the concentration of cells in blood,
another factor affecting changes in T-cell population structure in children is
their growth and the corresponding increase in blood volume. A third is the
increasing antigenic experience of the immune system as a developing child
encounters pathogens in daily life, resulting in increased size and diversity of
the memory T-cell pool. These factors begin to explain how age-related changes
in a childs T-cell concentrations and population structure might be determined.
However, any number of additional processes combine to fully control T-cell
dynamics and homeostasis.
The changes in T-cell dynamics which occur during childhood and adolescence mean that in terms of T-cell dynamics, children cannot be considered
simply as small adults: they have qualitatively and quantitatively different
T-cell population structure and dynamics. This is an advantage in trying to
understand T-cell dynamics and homeostasis. The inclusion of children in
our picture of T-cell homeostasis broadens understanding and the crucial differences between adults and children can provide clues as to the biological
processes at work. Just as the contrast between children and adults widens
our perspective on T-cell dynamics and homeostasis, so too can individuals in
whom dynamics have been disrupted by disease. Some examples of diseases
disrupting T-cell homeostasis are Di George syndrome (in which children are
born with an underdeveloped or absent thymus), cardiac surgery (in which the
thymus is largely removed to allow access to the heart), bone marrow transplant
(in which a patient’s immune system is repopulated from a graft) and HIV (in
which CD4 T-cell numbers are depleted as a result of the infection). Observing
how these conditions affect dynamics broadens our picture of the healthy system and, reciprocally, understanding how homeostasis is controlled in healthy
individuals could inform potential treatments for some of these disorders.

1.4

HIV and AIDS

The first cases of the acquired immune deficiency syndrome (AIDS) were reported as early as 1981, although a sample collected in 1959 has been found to
contain RNA from the human immunodeficiency virus (HIV). HIV was isolated
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and identified as the cause of AIDS in 1983. New infections occur most commonly through sexual contact, but HIV can also be transmitted from mother to
child (mother-to-child transmission) in utero, at birth or during breastfeeding.
Other, now less common, transmission routes include blood transfusions and
infection by hypodermic needles or other contaminated medical equipment.
HIV is a retrovirus which infects CD4+ cells (CD4 T-cells, macrophages and
dendritic cells). The term retrovirus describes a virus with a genome encoded
in RNA. The HIV particle comprises its RNA genome and a number of viral
enzymes, contained within a nuclear envelope. At the surface of the nuclear
envelope a complex of two proteins: gp120 and gp41 are expressed (Figure 1.1).
The gp120 protein has a high affinity for CD4, allowing the virus to bind to
CD4 on the cell surface. Once bound, gp41 allows the viral envelope to fuse
with the cell membrane, releasing the HIV genome and viral proteins into the
cell. One of these proteins is a reverse transcriptase enzyme, which uses free
nucleotides in the host cell to transcribe the viral genome from RNA into DNA.
A second viral enzyme, an integrase, integrates the resulting DNA into the DNA
of the host cell, and the cell’s own transcription and translation machinery then
synthesise the proteins encoded. These proteins self-assemble into new virus
particles which bud off from the infected cell and re-enter circulation, ready to
infect further cells.
Although HIV infects cells in the immune system, an adaptive immune
reponse can still be mounted. An adult newly infected with HIV usually suffers
an acute illness with flu-like symptoms, accompanied by high levels of virus in
the blood and a fall in the number of CD4+ T-cells. After a few weeks, however,
this acute stage is controlled by the adaptive immune response. The blood
concentration of CD4+ T-cells (CD4 count) returns to almost pre-infection levels,
and the concentration of free virus in the blood also falls, although circulating
virus is still present. However, patients now experience a slow decline in CD4
count over several years following the acute stage of infection (Figure 1.2).
As CD4 count falls, the adaptive immune system becomes less effective and
individuals are increasingly susceptible to opportunistic infections. After a
variable length of time, usually of the order of 10 years, the CD4 count reaches
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Figure 1.1: Electron micrograph (left) and schematic diagram (right) of the HIV particle.
(Taken from [12].)

200 cells µL−1 , the clinical definition of AIDS, and untreated patients die from
one of the opportunistic infections they are no longer able to fight successfully.

1.4.1

HIV infection in children

Without any intervention, rates of HIV transmission from mother to child are
between 15% and 45% [14]. Transmission risk can be significantly reduced by
measures including the use of antiretroviral drugs during pregnancy, delivery
by caesarean section, and the opportunity and choice not to breastfeed. Very
few babies born in industrialised countries are now HIV-infected: a study
of children born in the UK and Ireland between 2000 and 2006 estimated a
mother-to-child transmission rate of 1.2% [15]. Of those babies who do become
perinatally infected with HIV, at least 65% are thought to be infected during the
last six weeks of pregnancy or at delivery [16]. A study of 600 children born to
HIV-infected mothers before June 1990 found no significant clinical differences
at birth between HIV-infected and uninfected children, suggesting that HIV
infection does not affect pre-natal development [17].
In the era before widespread and effective HIV screening and treatment
programmes in industrialised countries, perinatally HIV-infected children presented with a broad spectrum of HIV-related disease. Without treatment,
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Figure 1.2: The typical course of HIV infection. (Taken from [13].)

around 23-26% showed a rapid deterioration and developed AIDS during the
first year of life. Others progressed more slowly over several years, most displaying some signs of HIV infection by six months of age, and 80-90% by one
year. Some children, however, had no symptoms of HIV infection even by the
age of 8-10 years [16]. In an analysis of 64 infected children from the European
Collaborative Study of HIV in pregnancy and childhood, 64% had some sign
of HIV infection at three months, 83% at six months and 90% at one year. At
one year of age, 17% had died of HIV-related causes, 29% had AIDS and 52%
had low CD4:CD8 ratio. Twenty-seven children (42%) were still free of AIDS
at 18 months [17]. Another analysis, of data from HIV-infected children in the
US and Puerto Rico, estimated that untreated children spent an average of 10
months from birth without HIV symptoms, 4 months with mild symptoms, 65
months with moderate symptoms and 34 months with severe symptoms. The
mean survival time from birth was 9.4 years [18].
As well as the different progression rates of disease, the infections suffered
by HIV-infected children in early studies in industrialised countries differed
from adults [16]. Pneumonia caused by Pneumocystis carinii (PCP) was even
more common in children than in adults, and half the children diagnosed with
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AIDS before one year had PCP. Serious bacterial infections and cytomegalovirus
were also more common in untreated, infected children than adults. Young
children rarely developed Kaposi’s sarcoma or other HIV-associated tumors,
perhaps because of their shorter duration of immunosuppression. The WHO
[19] and the US Centers for Disease Control and Prevention (CDC) [20] publish
clinical and immunological criteria for classifying the stages of AIDS progression in children.

1.4.2

Mechanisms of CD4 T-cell depletion in HIV

A number of mechanisms have been proposed which may contribute to the
slow decline in CD4 count during untreated HIV infection. They relate to
impaired T-cell production, faster cell death and altered distribution of T-cells
between the blood and secondary lymphoid organs. A complete picture of
T-cell population dynamics involves contributions from all three of these.
The earliest ideas about mechanisms of T-cell depletion in HIV proposed
a T-cell pool with an ever-expanding drain representing an increasing rate of
cell loss. Repeated rounds of T-cell infection and viral replication were thought
to result in higher and higher viral numbers and faster T-cell death until the
immune system was finally exhausted [21, 22]. Accelerated T-cell destruction
certainly does occur in HIV-infected individuals, and increased levels of both
T-cell proliferation and apoptosis have been observed in the lymphoid tissue
of HIV patients [23]. However, faster death of infected cells cannot be the full
story, since more cells are dividing and dying than are infected [24]. Destruction
also fails to explain the altered representation of the various T-cell subsets or
changes in T-cell function. A second mode of increased T-cell loss, then, is
death of uninfected cells, due to the state of chronic activation in which the
T-cell pool exists during HIV infection. Stimulation by HIV and other antigens,
and by cytokines released by the activated immune system, drives T-cells into
a state of increased activation. Naive T-cells are depleted by differentiation
into memory cells, or by the increased death rate which is observed in the
activated, dividing state. Memory T-cells, once activated, proliferate but then
die [25]. T-cell depletion will result if loss of naive cells to the memory pool is
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not compensated by thymic production, or if the chronic stimulation disrupts
normal homeostatic regulation of the size of the T-cell pool. This idea, of
activation as a significant mechanism for T-cell depletion, is backed up by the
observation that activation is associated with disease progression [26], and that
immune activation by other chronic diseases causes immunological symptoms
also often observed in HIV [27].
Impaired T-cell production is another mechanism of CD4 cell depletion.
The defect may originate in the bone marrow or thymus, altering de novo
production, or through changes in the peripheral expansion of T-cells. Bone
marrow biopsies from patients with advanced HIV infection are often abnormal,
indicating that the infection affects erythrocyte and/or leukocyte production
[28]. HIV infection also affects the thymus: postmortem studies of patients with
advanced HIV infection showed that the TES was often largely destroyed and
there was little evidence of active thymopoesis. Studies in children have also
concluded that thymic production is lowered by HIV infection, and that it may
be at least partially restored or preserved by treatment [29, 30, 31, 32]. Another
study showed that children with larger thymuses at treatment initiation had
better immune reconstitution [33]. Although peripheral expansion of T-cells
in HIV-infected children has been shown to be elevated compared to healthy
control subjects [34], this is likely to reflect the activation effect described above
rather than homeostatic proliferation in response to lower CD4 counts.
As described previously, homeostatic division of T-cells exported from the
thymus occurs in secondary lymphoid organs, stimulated by IL-7 and spMHC
presented by specialised structures towards which T-cells are guided by the
lymph node architecture. Individuals with advanced HIV infection exhibit
damage to these structures, particularly deposition of collagen and damage to
the follicular dendritic cell network [35, 36]. Coupled with the information that
the extent of this damage is correlated with the level of T-cell depletion, this
observation has led to a model of HIV pathogenesis with a key role for the
destruction of lymph node structures [37]. CD4 T-cell depletion, via reduced
levels of the protein lymphotoxin-β, results in the loss of the FRC network.
Without the structures to deliver division signals, CD4 T-cells fail to survive
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and divide, numbers become even lower, and the cycle is perpetuated.
A final cause for the change in CD4 count observed in HIV infection may
be an altered distribution of T-cells between the blood and lymphoid tissues.
When CD4+ T-cells are stimulated in lymph nodes they are retained in the
organ for a longer time [38], and chronic stimulation would thus result in a
greater proportion of CD4 cells remaining in the lymph nodes and a reduced
number in the blood, where concentration is measured.
A combination of damage to the bone marrow, thymus and secondary
lymphoid organs and the accompanying failure of CD4 T-cell production leads
to low CD4 count and an ineffective and poorly-regulated adaptive immune
response. This in turn allows an increased pathogen burden to take hold, including higher levels of HIV, gut bacteria and persistent infections such as CMV.
The higher pathogen burden causes increased inflammation and further damage to the structures that maintain CD4 T-cell numbers, closing a cycle which
may explain the slow decrease in CD4 count with advancing HIV infection [39].

1.5

Antiretroviral Therapy

In most patients, untreated HIV infection results in a slowly decreasing CD4
count, increasingly frequent opportunistic infections and, eventually, death.
The advent of antiretroviral therapy (ART), however, has significantly reduced
AIDS-related mortality and morbidity in those to whom it is available [40].
While universal access to ART is still an ongoing challenge, 23% of children
and 52% of adults in need of ART in low and middle-income countries now
receive it [41]. Therapy is designed to reduce patients’ viral loads, often to
undetectable levels, so that their own homeostatic mechanisms can repopulate
the CD4 T-cell pool and restore effective immune function. As well as restoring
CD4 count, by reducing viral load ART also reduces the risk of passing on HIV
infection, either by sexual contact or mother-to-child transmission.
Antiretroviral drugs are categorised according to their mode of action.
One of the earliest classes to be approved were the reverse transcriptase inhibitors. Reverse transcriptase inhibitors interrupt the HIV life cycle at reverse
transcription of the RNA genome. Nucleoside-analogue reverse transcriptase
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inhibitors (NRTIs) are analogues of the deoxynucleotides that form the “rungs”
of DNA’s ladder-like structure, but in which the 3’ hydroxyl group is missing.
During reverse transcription, the NRTI molecule may be incorporated into the
newly synthesized DNA, in place of a deoxynucleotide. When this occurs,
reverse transcription is halted because the terminal nucleoside-analogue has
no 3’ hydroxyl group to which the next deoxynucleotide can bind. NRTIs include zidovudine, lamivudine and abacavir (analogues of thymidine, cytidine
and guanosine, respectively). Non-nucleoside reverse transcriptase inhibitors
(NNRTIs) also inhibit reverse transcription, but in a different way: they bind
to the reverse transcriptase enzyme, restricting its movement and function.
NNRTIs include efavirenz and nevirapine. A second well-established class of
antiretrovirals are the protease inhibitors, which include ritonavir, lopinavir
and nelfinavir. They inhibit a protease enzyme required for the assembly of
new virus particles. A number of other antiretroviral classes exist including
cell entry (fusion) inhibitors, CCR5 receptor antagonists (which block another
protein involved in viral entry to the cell), integrase inhibitors and maturation
inhibitors. Finding drugs which inhibit HIV replication by novel mechanisms
is a subject of active and ongoing research.

Reverse transcription is a low-fidelity copying process, with none of the
proof-reading checks that accompany DNA replication in cells. HIV replication
is therefore extremely susceptible to mutation, and the HIV virus evolves very
fast. This fast evolution means that resistance to ART can emerge quickly, rendering a particular drug or class of drugs ineffective in an infected individual. To
combat the fast emergence of resistance, ART is now usually delivered as a combination of three or more drugs, from at least two classes. A mutation conferring
resistance to one drug, or class, will in general not be selected for because the
virus still lacks resistance to another. Combination ART is much more durable
than a single-drug regime, and with appropriate care HIV-infected adults now
live into old age.
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Immune reconstitution on ART

On successful ART viral production is suppressed, often to levels undetectable
using current assays, and HIV-infected individuals experience an increase in
CD4 count via changes in some of the processes described above, of T-cell
production and loss. Some of the changes brought about by HIV infection may
even be reversed: there is evidence that thymic activity improves on ART [29, 30,
31], that division rates normalise [42], and that cells sequestered in lymph nodes
return to circulation [43]. Even so, a substantial proportion of patients fail to
achieve a healthy CD4 count, even on very long term ART [44]. The reasons for
incomplete reconstitution are still poorly understood, but damage to the thymus
and lymphoid tissues, and ongoing inflammation and activation caused by
residual low levels of virus all seem likely candidates. Understanding the causes
and mechanisms of incomplete reconstitution is important because low CD4
counts are associated not only with increased risk of infections, but also higher
incidence of tumors [45] and cardiovascular problems [46, 47]. In addition,
knowledge of which of the effects of HIV infection can be reversed with ART
and which are permanent, adds to understanding of HIV pathogenesis. In
children, this is particularly important for two reasons. Firstly, children infected
perinatally with HIV now survive well into adulthood on ART, and thus have
longer than adults to develop and experience any ill-effects of below-healthy
CD4 counts and also side effects and long-term toxicities of drugs. Secondly,
multiple studies indicate that the age at which children start ART is strongly
associated with the speed of their recovery, and with long-term CD4 count
[48, 49, 50, 51, 52, 53, 54, 55]. This being the case, it is important to understand
the consequences of initiating ART at different ages, both superficially in terms
of measured CD4 count, and at the level of reversible and permanent damage
to the immune system, its homeostatic mechanisms, and the tissues and organs
that mediate them.

1.6

Aims and Structure

The work described in the following chapters had two objectives. Firstly, I
aimed to develop tools to describe CD4 T-cell reconstitution in HIV-infected
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children. These tools would enable prediction of long-term CD4 counts, which
in turn allow evaluation and comparison of ART regimes. The second aim
was to improve understanding of the mechanisms behind CD4 reconstitution
in children and the empirical observations which could be made using the tools
developed. This would add to understanding of T-cell dynamics and their
development in health and disease and suggest possible directions for further
research and potential strategies for improving management of HIV-infected
children.
The following chapters begin by introducing the datasets used for the
model development and analysis, and then introducing some general ideas
about the mathematical and statistical models used subsequently. Chapters 4
to 7 describe the main substance of the work: the development and first application of an empirical model of CD4 T-cell reconstitution using the PENTA
5 dataset; the further development and extension of the models to characterize qualitatively different reconstitution profiles using data from the ARROW
trial; the incorporation of immunological markers to augment and complement
model data, and finally, the development and application of a more mechanistic
model of reconstitution.

Chapter 2

Data Collection
The work presented here made use of data collected in the course of two studies: the Paediatric European Network for the Treatment of AIDS (PENTA) 5
and Antiretroviral Research for Watoto (ARROW) clinical trials. Both studies
involved HIV-infected children starting ART for the first time.

2.1

PENTA 5

2.1.1

Methods

PENTA 5 was a randomised, partly blinded multicentre comparative trial of
antiretroviral therapy in ART-naive children [56]. Its primary aim was to compare the activity and safety of three dual NRTI regimens, delivered with or
without a protease inhibitor. 130 children were enrolled, at 34 centres in Europe and Brazil, between January 1998 and April 1999. The main inclusion
criteria were age (between three months and 16 years), evidence of HIV infection, and no previous exposure to antiretroviral treatment except in utero or
up to six weeks after delivery. Exclusion criteria included current cytotoxic
treatment for malignant disease and contraindications to any of the trial drugs.
The children were randomised to receive two of the three NRTIs zidovudine,
lamivudine and abacavir (three groups, open-label). In addition, symptom-free
children were randomised to receive either the protease inhibitor nelfinavir or
a placebo, while children with more advanced infection all received open-label
nelfinavir. 127 children started therapy and were followed up at weeks 0, 2,
4, 8, 16, 20 and 24, and every eight weeks subsequently until the end of the
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primary phase of the study on 1 July 2000. Follow-up was by means of clinic
visits at which measurements including CD4 count, viral load, height, weight
and clinical markers were recorded. All of the 127 children followed to week
48 remained in a long-term follow-up study, with annual assessments until
November 2005.
The 26 children enrolled at centres where four-colour flow cytometry was
available also took part in an immunological substudy [57]. The substudy
aimed to probe further the nature and mechanisms of CD4 recovery when HIVinfected children start ART. In the substudy, naive (CD4+CD45RA+) and memory (CD4+CD45RO+) CD4+ T-cell counts were recorded at treatment weeks -2,
0, 2, 4, every 4 weeks to week 24 and every 8 weeks thereafter.
Raw data from the PENTA 5 trial are curated by the MRC Clinical Trials
Unit and were provided with the approval of the Trial Management Committee.

2.1.2

PENTA 5 patient characteristics

Figures 2.1 and 2.2 illustrate randomisation and drug delivery in the PENTA 5
trial, and Table 2.1 gives demographic characteristics of the entire cohort and in
the immunological substudy. In the main study, median (interquartile range;
IQR) follow-up was 5.7 (5.1, 6.5) years. 3311 CD4 counts were available in 127
children, with median (IQR) 26 (21, 30) CD4 counts per child. Median (IQR)
follow-up in the substudy was 137 (122, 152) weeks (2.6 (2.3, 2.9) years). 365
naive and 367 memory CD4 T-cell counts were available; median (IQR) 16 (9,
18) per child. Figure 2.3 illustrates correlations between pre-ART characteristics
in the trial and the substudy. In the main trial few children over 13 years were
enrolled, but below this age there was good follow-up at all ages, with no trend
(p = 0.35). Older children had lower CD4 count (p = 0.0001) and CD4-for-age
z-score (an age-standardised measure of CD4 count; p < 0.0001). There was
also a strong correlation between height-for-age and weight-for-age z-scores
(p < 0.0001). Similar relationships were observed in the subset of children who
took part in the immunology substudy.
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Figure 2.1: Flowchart illustrating recruitment, randomisation and ART maintenance in
PENTA 5. (Taken from [56].)
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Figure 2.2: Flowchart illustrating recruitment, randomisation and ART maintenance in
PENTA 5 (part A: randomisation to nelfinavir or placebo). (Taken from [56].)

are shown above the diagonal and Spearman’s ρ, with p-values, below the diagonal. Red lines show a smoothed fit to the data.

Figure 2.3: Correlations between pre-ART demographic characteristics in PENTA 5 (left) and the PENTA 5 immunology substudy (right). Data
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2.2. ARROW

2.2

ARROW

2.2.1

Methods
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Like PENTA 5, ARROW was a multi-centre trial designed to study children’s response to ART. Its aim was to compare ART induction and monitoring strategies
in a resource-limited setting and in particular, to ascertain whether continual
monitoring of CD4 count is necessary or whether children can be monitored
equally well using clinical indicators, significantly reducing the cost of therapy.
Figure 2.4 illustrates the planned recruitment and randomisation strategy. Children were enrolled at four centres — three in Uganda and one in Zimbabwe
— and randomised to one of two monitoring stategies: clinically driven monitoring (CDM) or laboratory and clinical monitoring (LCM). In both groups,
children had a routine full blood count, lymphocyte subsets (CD4, CD8) and
liver and renal function tests (bilirubin, urea, creatinine, AST, ALT) performed
every 12 weeks. However, test results were only returned to the clinician if
he or she requested them for clinical reasons, or in the event of a grade 4 adverse event as defined in the trial protocol [58]. No total lymphocyte or CD4
counts were ever returned for CDM participants. Independently of their monitoring randomisation, all children were also randomised to one of three ART
induction strategies. A control group received two NRTI drugs (lamivudine
and abacavir), with one NNRTI according to WHO guidelines — nevirapine
in under-threes and either nevirapine or efavirenz for older children, based on
clinician choice. The remaining children received these three drugs and also a
third NRTI, zidovudine. After 36 weeks, children who had started four-drug
ART dropped either zidovudine or their NNRTI (nevirapine or efavirenz). Criteria for failure of first-line ART and switch to second-line were clinical in both
monitoring groups, or immunological in the LCM group only, and followed
WHO guidelines [19]. Participants were followed under these monitoring/ART
strategies until the end of the trial, in March 2012. No HIV viral loads were
assayed in real-time, following national guidelines, although specimens were
stored for retrospective testing. As well as laboratory tests, clinical markers including height, weight, adverse events and WHO disease staging were recorded
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Figure 2.4: Flowchart, based on the ARROW trial protocol, illustrating planned recruitment and randomisation strategy. Haematology tests quantified haemoglobin
levels, red blood cell size, white blood cells, lymphocytes, neutrophils and platelets.
Biochemical analyses measured markers of liver and kidney function.

at clinic visits. Z-scores for height and weight were calculated relative to a reference population of UK children because, unlike WHO reference populations,
the UK standard covers the full age range represented in the trial [59].
A subset of the children recruited to the ARROW trial were also enrolled in
an immunophenotyping substudy. These children visited the clinic four weeks
after treatment initiation, as well as at all the time points in the main study.
In addition to the tests carried out for the main study, at each clinic visit two
three-colour flow cytometry panels were also used to identify the proportions
of CD4+ T-cells expressing CD45RA (a marker for naive cells), CD31 (a marker
for recent thymic emigrants), and either Ki67 (on the first panel; a marker for
dividing cells) or HLA-DR (on the second panel; a marker for activated cells).
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Data from the ARROW trial were again provided by the MRC Clinical
Trials Unit with the approval of the Trial Management Committee.

2.2.2

ARROW patient characteristics

Of 1206 children enrolled in the ARROW trial, 806 (67%) were recruited in
Uganda (Joint Clinical Research Centre, Kampala (26%); Paediatric Infectious
Diseases Centre, Mulago (25%); Medical Research Council/Uganda Virus Research Unit on AIDS, Entebbe (16%)), and 400 (33%) in Zimbabwe (University
of Zimbabwe Medical School, Harare). Pre-ART characteristics of the participants in the full trial and the substudy are given in Table 2.1. In the main trial
22 288 CD4 measurements were available, in 1206 children; median (IQR) 19
(18, 20) CD4s per child. Median (IQR) was 3.9 (3.7, 4.2) years. In the substudy
2063 time points were available in 199 children; median (IQR) 11 (10, 11) time
points in each child. Median (IQR) follow-up was 3.3 (3.2, 3.7) years. Pre-ART
characteristics are shown in Figure 2.5. In both cases, and as in PENTA 5, older
children had lower CD4 count and CD4 z-score. There is also strong evidence of
greater height and weight z-scores in older children. This may reflect a greater
mortality risk in children who fail to grow and gain weight in early life, or
may be due to differences between height and weight distributions in the UK
and in Africa. Using data from the full trial, there was marginal evidence that
children with lower CD4-for-age also had lower height-for-age, and these two
may both be indicators of a general failure to thrive. Generally similar patterns
of correlation were observed in the ARROW immunology substudy.

2.3

Comparing Data from the PENTA 5 and ARROW
Trials

There are some fundamental similarities between the PENTA 5 and ARROW
datasets. Both trials provide longitudinal CD4 trajectories in previously ARTnaive children starting antiretroviral therapy. In both cases, children were randomised or semi-randomised to different treatment groups. And in both cases,
children started ART at a range of ages and CD4 counts. Alongside these basic
similarities in the nature of the data there are, however, a number of important

above the diagonal and Spearman’s ρ, with p-values, below the diagonal. Red lines show a smoothed fit to the data.

Figure 2.5: Correlations between pre-ART demographic characteristics in ARROW and the ARROW immunology substudy. Data are shown
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5 (19%)
5 (19%)
14 (54%)
2 (8%)

N/1 (no symptoms)
A/2 (mild symptoms)
B/3 (moderate symptoms)
C/4 (severe symptoms)

CDC/WHO Disease stage1

Pre-ART viral RNA was unavailable in one child.
Pre-ART CD4 count was missing in two children.

5

In utero ART exposure in PENTA 5 was to zidovudine; in ARROW 96% of exposure was

to nevirapine.

-2.2 (-3.3, -1.3)

-2.4 (-3.4, -1.5)

Data on zidovudine exposure was unavailable in one child.

-0.6 (-1.3, 0.2)

-0.9 (-1.6, -0.2)

-2.0 (-3.1, -1.2)

-2.3 (-3.2, -1.4)

-3.1 (-6.1, -1.6)

-4.0 (-7.2, -2.3)5

4

-0.7 (-1.3, 0.4)

Weight-for-age z-score

3

-0.5 (-1.1, 0.1)

Height-for-age z-score

-2.7 (-4.3, -1.1)

488 (192, 880)

–

14 (7%)

26 (13%)

89 (45%)

79 (40%)

5 (2%)

91 (45%)

361 (164, 694)5

PENTA 5 recorded CDC disease stage; ARROW recorded WHO stage.

-3.5 (-5.8, -2.0)

CD4 z-score

545 (336, 985)

–

84 (7%)

169 (14%)

683 (57%)

334 (28%)

20 (2%)

596 (49%)

5.0 (2.1, 9.4)

Substudy (n=199)

Immunology

ARROW

6.0 (2.4, 9.3)

2

419 (160, 716)

CD4 count (cells µL−1 )

5.08 (4.48, 5.44)4

9 (7%)3

11 (9%)

53 (42%)

33 (26%)

30 (24%)

72 (57%)

5.3 (2.4, 8.6)

(n=1206)

Full Trial

1

5.10 (4.97, 5.73)

Plasma HIV-1 RNA (log10(copies mL−1 ))

3 (12%)

21 (81%)

Sex (male)

In-utero ART exposure2

5.4 (2.9, 8.5)

(n=127)

Substudy (n=26)

Age (years)

Full Trial

Immunology

PENTA 5

number (%) for categorical variables and median (IQR) for continuous variables. Viral loads from the ARROW trial are not currently available.

Table 2.1: Pre-ART characteristics of children enrolled in the PENTA 5 and ARROW clinical trials and their immunology substudies. Values are
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differences. Firstly, the studies had different aims which are reflected in the
differences in randomisation groups, cohort sizes, the balance of ethnicities of
participants (only 65% of children who started drugs in PENTA 5 were of black
African origin) and the nature of the data collected (richer immunological data
were gathered in ARROW, but no viral loads have been available to date because of cost). Secondly, there are significant environmental differences. Africa
presents a very different antigenic environment from Europe, which results in a
more activated immune system in both HIV+ and HIV- individuals [60, 61, 62].
HIV-infected children in Africa also experience a greater burden of co-infections
and a higher rate of malnutrition than those living in Europe. Children were
included in the ARROW trial on the basis of ART eligibility according to WHO
recommendations, which are quite broad, and include opportunistic infections
relatively common in African children in general [19]. Together with the larger
cohort size, this resulted in children with a wider range of CD4 counts and
z-scores being enrolled in ARROW (CD4 range (1, 7705) cells µL−1 ; CD4 z-score
range (-69.2, 4.9)) than in PENTA 5 ((0, 3498) and (-53.6, 1.2)).

Chapter 3

Modelling CD4 reconstitution in
HIV-infected children using
nonlinear mixed-effects models
Two long-term aims motivated the building of predictive models of CD4 T-cell
recovery in HIV-infected children starting ART. Firstly, these models could form
the basis of predictions of long-term CD4 levels, given pre-ART characteristics
including age and CD4 count. Such predictions provide a tool for assessing aspects of treatment strategies including thresholds for ART initiation, drugs and
their formulations and combinations, and approaches to patient management
including planned treatment interruptions. Secondly, the models would provide a framework in which to identify factors affecting children’s CD4 recovery,
and to gain insight as to the biological mechanisms behind them. Models should
ideally make maximal use of the information content in the data available (ie,
using all data, to the full accuracy with which it was recorded). They should
account for the longitudinal nature and clustered design of the datasets available, and they should deal appropriately with children’s age, which is likely to
play a key role in immune reconstitution and which varies continuously over
the course of a longitudinal recovery profile.
Building such a model requires an appropriate mathematical and statistical framework. The mathematical model encapsulates expectations about the
form of the CD4 response to ART, based on previous investigations and an
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understanding of the biological mechanisms at work. A statistical model embodies knowledge about the data’s structure and the mechanisms underlying
its variability.

3.1

Choice of Response Variable

One of the challenges in interrogating CD4 count data from children is that even
in healthy children, blood CD4 T-cell concentration decreases with age as part of
development (Figure 3.1a; [9]). The nonlinear decrease in expected CD4 count
means that a higher CD4 count may in fact indicate worse immunological status
if it is recorded in a younger child, while a decrease in CD4 count over time
is compatible with a rank-increase (ie with a child moving to a higher centile
of the distribution, given their age; Figure 3.1b). This problem is sometimes
avoided by using the percentage of T-cells which are CD4+ (CD4%), rather than
CD4 count, as a marker of immune status in HIV-infected children, as CD4% in
healthy children is more stable with age. While this widely-used approach has
produced interpretable results in a number of studies [48, 52, 54], differences
in CD4% are complicated by the role of CD8 T-cells, whose numbers are also
affected by HIV infection and remain abnormally high, even on long-term ART
[63]. CD4% is thus a less “pure” measure of CD4 repopulation, and also lends
itself less well to mechanistic models of population dynamics in the T-cell pool.
Furthermore, it has been shown to be a weaker predictor than CD4 count of
immunological health and disease progression [64].
One alternative to CD4 % is the z-score for CD4 count. The z-score indicates
the rank of a child’s CD4 count within a population of healthy children of the
same age, expressed in terms of the standard normal distribution. Formulae
for calculating z-scores in children of different ages and with different CD4
counts have been constructed using the LMS method [67] and reference data
from a cohort of HIV-negative children born to HIV-positive mothers (thereby
accounting for social, ethnic and other factors) in the European Collaborative
Study of HIV in pregnancy and childhood [65, 66]. R code for calculating CD4
z-scores from children’s ages and CD4 counts is given in Appendix A. The
scores provide an excellent tool for comparing CD4 counts in children with
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Figure 3.1: (a) CD4 count expected in children of different ages, based on 100 healthy,
German blood donors [9]. Solid lines give the expected CD4 count, and dashed lines
the central 95% of the distribution. (b) Centiles of the distribution of CD4 T-cell counts
in HIV-negative children born to European, HIV-positive mothers [65, 66]. 0.1/99.9th
(z = ±3; dot-dashed lines), 2.3/97.7th (z = ±2; dashed lines), 16/84th (z = ±1; dotted
lines) and 50th (z = 0; solid line) centiles are shown. A child represented by point (1)
has a higher absolute CD4 count than the child represented by point (2), but worse
CD4 count for his age (below the 16th centile, whereas child (2) is above it). If a child
represented by (1) progresses to (2) by the older age, then although her CD4 count has
fallen in absolute terms, for age her CD4 count has improved.

counts in the range found in the reference data, as the LMS method accounts
for age-related changes in the mean, standard deviation and skewness of the
distribution. At very low CD4 counts, however, their properties are less reliable
since the reference data included very few, if any, children with such low
CD4 counts. In addition, children with CD4 populations severely depleted by
HIV infection are not immunologically comparable to healthy children, so that
comparison to a healthy cohort may not be meaningful. The unreliability of
the z-scores is highlighted by the age-dependence of the lowest possible z-score
(Figure 3.2a): the lowest score possible (corresponding to a CD4 count of zero)
in a neonate is -3.1, in a one-year-old is -9.3 and in a three-year-old is -77.
Similar phenomena occur for very low but non-zero CD4 counts. At low CD4
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Figure 3.2: (a) CD4z-scores corresponding to CD4 counts of zero (solid), one (short
dashes), two (dots), five (dots and dashes) and 10 (long dashes) cells µL−1 , in children
of different ages. (b) Relationship between the lowest CD4 counts and z-scores, in
children of different ages.

counts/z-scores, the score also becomes very sensitive to small uncertainties
in measuring CD4 count (Figure 3.2b). A one-cell difference in CD4 count
in a two-year-old with 10 T-cells per µL blood results in a difference in zscore of 0.1 units, whereas the same error in a 15-year-old results in a 1.6-unit
difference. (At a CD4 count of 1000 cells µL−1 , these figures would be 0.002 and
0.004.) When blood from the same sample is issued to multiple laboratories
for CD4 count measurement, the coefficient of variation is usually 10-15% [68],
so at low z-scores sensitivity to CD4 count represents considerable, variable
and unacceptable uncertainty. Although CD4 z-scores have the advantage of
incorporating a thorough (three-parameter) description of the reference data
on a continuous age scale, in children with very low CD4 counts they are both
statistically unsatisfactory — since they involve extrapolation from the known
distribution to lower counts — and biologically dubious, since very different
factors may affect CD4 counts in HIV-positive and HIV-negative children.
One possible way to avoid problems arising from using z-scores at low CD4
counts is to compare counts to the (point estimate) count expected in a healthy
child of the same age by taking a ratio, described here as “CD4-for-age”. This
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allows age-adjustment without some of the potentially erroneous assumptions
made when calculating CD4 z-scores, although it cannot make full use of the
distributional information available in the reference dataset. The ratio can be
manipulated onto alternative scales by simple transformations. Most notably,
the log-transform renders it comparable to the z-score scale in that a value of
zero indicates a healthy CD4 count for age while a negative value indicates a
below-healthy count and a positive value an above-healthy count. Unlike raw
CD4-for-age, ln(CD4-for-age) can take any value in the range (−∞, ∞), whereas
CD4-for-age is restricted to positive values.
Are CD4 z-score and ln(CD4-for-age) simply equivalent measures for the
same information? Figure 3.3 shows the relationship between CD4 z-score and
ln(CD4-for-age) in children of different ages. The relationship is fairly linear
for children of most ages, with the lines for children of different ages closest for
small, positive values (0 < z-score < 4, 0 < ln(CD4-for-age) < 1.5). Thus, the
two measurements could be considered equivalent (albeit transformed) across
ages for small positive z-score/ln(CD4-for-age), but outside this range they
should only be compared between children of similar ages. The fact that they are
not exact equivalents indicates that they are appropriate to different situations
and applications. The optimal age-corrected measure of CD4 count should be
selected according to the context, model, data and biological questions at hand.

3.2

An Empirical Model for CD4 T-cell Reconstitution

An appropriate mathematical function to describe T-cell reconstitution should
be flexible enough to describe CD4 trajectories in children with a range of
recovery profiles. Its parameters should be easily interpreted in clinical and
biological terms, and it should also reflect the known biology and previous
modelling work. With this in mind, a function for modelling recovery of CD4
count would have a finite value at t = 0 (at ART initiation) and an initially steep
increase in CD4 count which levels off as it approaches a constant long-term
value. A huge number of potential functions would fulfil these criteria, but one
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Figure 3.3: Agreement between CD4 z-score and ln(CD4-for-age), in children of different ages. The grey line of unity represents exact agreement. A straight line indicates a
linear relationship between the two age-adjusted measures, and proximity of the lines
indicates agreement between ages.

in particular has the further advantage of including the exponential function,
which links it to more mechanistic models. This link may help in interpreting
empirical observations made about between-patient differences in parameter
values.
The function in question,
y(t) = asy − (asy − int)e−ct ,

(3.1)

has three parameters: int (intercept), the pre-ART CD4 level; asy (asymptote),
the long-term level, and c, which characterises the time taken for recovery
(ln(2)/c is the time taken for CD4 levels to rise by half their ultimate extent).
The function’s derivative with respect to time is:
ẏ(t) = c(asy − int)e−ct = c(asy − y(t)).

(3.2)
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Figure 3.4: A simple model of CD4 T-cell homeostasis, via balancing rates of thymic
production (θ), peripheral division (ρ) and death (δ) of T-cells.

A simple model of T-cell homeostasis (Figure 3.4) involves a T-cell pool of size N
which grows by thymic production of new cells (rate θ) and peripheral division
(first order rate constant ρ), and is depleted by T-cell death (first order rate
constant δ). The rate of change of N is then described by the equation
Ṅ = θ + (ρ − δ)N.
Where ρ (rate of cell division) and δ (death rate) are constant with respect to
N, this has the form of Equation 3.2, with
θ ≡ c × asy

and

δ − ρ ≡ c.

(3.3)

In fact, theoretical studies have shown the incompatibility of constant ρ and δ
with experimental observations of naive T-cell and TREC dynamics [69], and
ρ and/or δ are therefore likely to be functions of N. As a first approximation,
however, Function 3.1 not only has desirable descriptive properties but also parameters which can be mapped onto the parameter space of a more mechanistic
model.

3.3

Nonlinear Mixed-Effects Models

Where the aim of a mathematical model is to describe the expected evolution
of age-adjusted CD4 count with time on ART, the aim of the statistical model
is to describe the variation of the data relative to this expected trajectory. As
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described above, an appropriate statistical framework makes maximum use of
the data and accounts properly for its hierarchical structure. Mixed-effects models have this capactity, as they allocate variability in the data to different levels
of its structure: in this context, to between-child variability due to biological
differences, and to between-measurement variability due to experimental error,
system noise and other, unidentified sources of variation.
Nonlinear mixed-effects (NLME) models rely on an underlying function
f (φ, t), with parameter vector φ of length nk , which is chosen to represent
the response of a dependent variable to independent variable t. (In the special
case where f (φ, t) is linear in φ, we have a linear mixed-effects model.) Given
parameter vector φ, then, and assuming a perfect model and no measurement
error, the dependent variable y, measured at time t j , takes the value
y j = f (φ, t j )
We now introduce the first source of variability: variation between individuals i in the elements of the parameter vector φ. These values are assumed
to be drawn from distributions which are transformations gk of the normal
distribution, for k = 1, 2, . . . , nk . Thus,
φik = gk (φ˜ik ),

Φ̃ ∼ N(µ, Σ)

and measurement yi j , made in individual i at time ti j , takes the value
yi j = f (φi , ti j ).
In many cases the transformation g is the identity function, in which case the parameters φik simply have a multivariate normal distribution and the populationaverage parameter values, known as the fixed effects, are the elements of µ. In
other circumstances, however, it may for example be appropriate to bound the
possible values of the φik by using log or logit transformations. In any case,
the variation of individual-specific parameters from a population average is
known as the random effects.
The remaining variability in the data is modelled using a residual error
term i j , so that the full model for a measurement made in individual i at time
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ti j is
yi j = f (φi , ti j ) + i j ,

i j ∼ N(0, σ2 ).

Sources of variability accounted for by the residual term include measurement
error, noise and model mis-specification.
Thus, three levels of effect contribute to the response variable y: firstly,
the universal fixed effects, describing the average response of the population;
secondly, the individual-level random effects which perturb the response by
altering the parameter values from the population average; and finally, the
residual errors which account for random noise and measurement error. Additional, nested levels can be included to allow for more complex clustering
of the data. A number of subtly different model formulations are also in use,
appropriate to different contexts and applications [70].

3.4

Fitting Nonlinear Mixed-Effects Models

Fitting NLME models to clustered data presents a considerable challenge since
there is in general no closed-form solution for the best estimates of parameters,
and in some models the number of parameters to be identified can be very
high. Most fitting algorithms aim to maximise either the likelihood (or loglikelihood) or the Bayesian posterior probability of the data with respect to
the parameters. A popular tool for fitting NLME models based on analytical
functions is the R package nlme [71] which uses a local linearisation of the
likelihood to search for optimal model parameters. However, the response
function f (φ, t) may sometimes be a numerical solution to one or more ordinary
differential equations (ODEs). Provision in R for fitting these sorts of NLME
models, the nlmeODE package [72], is limited and best suited to relatively simple
models.
Much of the early development of NLME models, especially those based
on systems of ODEs, was undertaken in the context of pharmacokinetics by
Sheiner and Beal [73]. Their software, NONMEM, incorporates a fitting algorithm which searches for a maximum in the likelihood using a first-order Taylor
expansion of the model function. NONMEM and this “first-order conditional
estimation” (FOCE) algorithm are widely and successfully used in pharmacoki-
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netics. However, they are also best suited to reasonably simple models and may
be less appropriate for accurate parameter estimation in more complex models
with complicated likelihood surfaces and strong parameter colinearities.
An alternative fitting algorithm available in NONMEM, and also in the
MONOLIX software, is the stochastic approximation expectation -maximisation
(SAEM) algorithm.

This approximates the expectation-maximisation algo-

rithm, a two-step algorithm for finding maximum likelihood parameter estimates [74], and has been used to investigate models of T-cell reconstitution in
adults starting ART [75].
A third parameter identification method available in NONMEM is
Bayesian estimation by Markov-chain Monte Carlo (MCMC) simulation, also
implemented in the WinBUGS software [76] and (for models described by
ODEs) its add-ons PKBUGS [77] and WBDiff [78]. Advantages of Bayesian
analysis are that it can benefit from prior knowledge about parameters, and
also gives a fuller picture than some other methods of the posterior probability distribution, which may not be normal or otherwise well-behaved. These
methods can be computationally very intensive but novel, efficient MCMC samplers are becoming available [79], though to date they have not been widely
implemented for mixed-effects models. Another sampling algorithm which is
becoming increasingly popular for estimation is approximate Bayesian computation [80]. Alternative full likelihood methods have also been developed for
fitting NLME models of T-cell dynamics, using Newton-Raphson or LevenbergMarquardt algorithms to maximise the full likelihood [81]. These algorithms
can be much faster than the current MCMC sampling methods, and the problems of assessing chain convergence are avoided.

Modelling CD4 recovery profiles in HIV-infected children requires an
appropriate response variable, a relevant choice of mathematical model and a
proper statistical framework in which to combine them. CD4 z-score and CD4for-age are both potential methods of accounting for within and between-child
differences in CD4 count due to development, though both methods have some
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weaknesses. Any of a number of mathematical functions could be used as
models, but a response incorporating the exponential function has a particular
advantage in that it has a simple mechanistic interpretation. Mixed-effects
models accurately describe the hierarchical structure of longitudinal data, and
allow full use of the information available in continuous-time measurements.

Chapter 4

Characterising Total, Naive and
Memory CD4 T-cell Repopulation in
HIV-infected Children: the PENTA
5 Trial
Data from the PENTA 5 trial were used for the development and first application
of the NLME model introduced in Chapter 3, which characterises recovery of
CD4 count in HIV-infected children. The aim was firstly to develop the model
and to investigate its utility and appropriateness as a tool for interrogating
long-term CD4 trajectories in HIV-infected children starting ART. Secondly, the
model would then be used to identify and quantify effects of child-specific
characteristics including age, sex, viral load, height and weight on children’s
CD4 recovery profiles.
At present, the decision to initiate ART in HIV-infected children is usually
based on guidelines such as those issued by the WHO [19] or PENTA [82].
These guidelines give thresholds for discrete age groups, indicating CD4 count
and CD4 percentage below which ART is recommended based on observed,
short-term risk of disease progression and mortality. Using these guidelines,
ART may be delayed in some children with counts above the thresholds with
the aim of reducing the risks of long-term drug toxicity and viral resistance
and avoiding some of the practical and social challenges of administering ART
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to children [83]. As antiretroviral drugs improve in efficacy, acceptability, and
diversity, however, survival of HIV-infected infants into adulthood is increasingly common, and the consequences of surviving childhood with HIV require
consideration in addition to the short-term risks. A third aim of the work was
therefore to use the models to examine the predicted effects of different sets of
ART initiation thresholds on long-term CD4 count.

4.1

Methods

4.1.1

Response function

The first stage of analysis was to establish the exponential asymptotic function (Chapter 3) as a basis for the models. Three alternative functions f (φ, t)
were compared as representations of the CD4 z-score response to time on ART:
based on Michaelis-Menten, exponential and logistic functions. In each case,
the functions were parameterised with three parameters (Figure 4.1a). Fixed
effects were fitted for each parameter, and random effects for the parameters
corresponding to pre-ART (int) and long-term (asy) CD4 count. Random effects
on the parameter representing recovery speed (c) were not included, as these
models frequently (but inconsistently) failed to converge. Random effects were
assumed to be drawn from a multivariate normal distribution with non-zero
covariance — ie, in the notation of Section 3.3, g(x) : x → x and Φ ∼ N(µ, Σ) .
Because CD4 recovery in HIV-infected adults has been successfully and fruitfully modelled using linear mixed effects models with a change in slope (rate of
CD4 increase) some weeks into treatment, this piecewise linear model was also
introduced into the comparison. The piecewise linear model has four parameters: a pre-ART CD4-for-age (int), initial and long-term rates of CD4-for-age
increase (s1 and s2 ), and a break-point at which the change in slope occurs (c).
Consistent with the treatment of asymptotic models, a fixed effect was fitted for
the break-point and fixed and random effects for the other parameters.
Model fits were compared using the Akaike Information Criterion (AIC),
a goodness-of-fit measure related to the likelihood and penalised according to
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the number of parameters fitted:
AIC = 2k − 2 ln(L)

(4.1)

where k is the number of parameters and L is the likelihood for the model,
given the optimised (fitted) parameter values. A lower AIC indicates a better
model fit. A related measure, also implemented in the nlme package in R, is
the Bayesian Information Criterion (BIC). The BIC penalises the log-likelihood
more strongly:
BIC = k ln(n) − 2 ln(L)

(4.2)

where n is the number of data points or observations. Although the formulae
used to calculate them are similar, the derivations of the AIC and BIC have
different aims: the AIC is designed to predict future data well, whereas the BIC
aims to identify the model under consideration which is most likely to be true
[84]. Because T-cell dynamics are determined by complex biological processes
and any number of factors not available in the data, the use of the AIC here
could be justified on the basis that none of the models considered is likely
to be the true one. Nonetheless, a more thorough model selection procedure
would ideally compare the AIC, the BIC and also — where appropriate (for
example, for covariate model building) — information from hypothesis tests
comparing nested models. An understanding of the optimal modelling strategy
for a particular type of data is also built up over time and with experience, as
multiple data sets are analysed [84].

4.1.2

Low CD4 z-scores

Because of the undesirable properties of z-scores at very low CD4 counts (Section 3.1), an appropriate handling of very low CD4 z-scores was sought. Using
the exponential function as a basis, the same NLME model was fitted to versions of the PENTA 5 dataset in which z-scores below –40, –12, –10 and –8 had
been either excluded (removed from the dataset) or truncated (replaced with
the truncation threshold). These treatments of low z-scores were compared and
evaluated using AICs, fitted parameter values and diagnostic plots.
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Figure 4.1: (a) Four functions for modelling CD4 z-score response to time on ART,
represented using equations (y = CD4 z-score; t = time on ART) and schematic diagrams.
(b) Population (fixed effects) fit (line) to CD4 z-scores in the PENTA 5 dataset (point
markers). The AIC of the fit is also given in each case. (c) Agreement between recorded
and individually-predicted (random effects) CD4 z-score in fits of different functions
to the PENTA 5 dataset. The black line of unity represents exact agreement.
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Autocorrelation structure

Including an autocorrelation structure in the model accounts for temporal correlations between CD4 z-scores due to short-term physiological changes. The
autocorrelation was evaluated in a similar way to treatments of low z-scores,
examining the effect of modelling autocorrelation on AIC and parameter values.

4.1.4

Covariate model-building

Once a satisfactory modelling strategy had been developed in terms of the
underlying response function, handling of low z-scores and autocorrelation,
possible effects of child-specific covariates on the parameters int and asy could
be explored. The aim of this procedure was to identify covariates to which some
of the unexplained variability in parameter values (random effects) could be
allocated, thereby improving the likelihood. Multivariate linear models were
compared for the fixed-effects parts of int and asy using backwards selection
with an exit p-value of 0.01. Possible effects of sex, NRTI randomisation group
and pre-ART age, viral load, US Centers for Disease Control (CDC) disease
stage and weight- and height-for-age z-score were considered. The final model,
which included age, was compared to one including ln(age) to check for nonlinearity in the age effect.

4.1.5

Modelling naive and memory T-cell reconstitution

The same asymptotic exponential curve was used to fit a NLME model to naive
and memory ln(CD4-for-age) in those children in whom these measurements
were available. Because this dataset is more limited, a somewhat simpler model
was used, incorporating fixed and random effects for int and asy and a fixed
effect for c, but not taking any covariates into account.

4.1.6

Software

All fitting was carried out in the statistical environment R [85], version 2.15.1,
using the nlme package [71], and fits were optimised by maximising the loglikelihood. Some code snippets are given in Appendix B. Predicted relationships between fixed and random effects at different ages, simulated CD4 trajectories, and the expected effects of different ART initiation criteria on long-term
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CD4 count were plotted using Mathematica 7 [86].

4.2

Results

4.2.1

Model

Response function
Figure 4.1b shows the population-level (fixed-effects) fit to CD4 z-scores
recorded with time since ART initiation in the PENTA 5 trial, according to
four different models of CD4 z-score response. Also shown is the agreement
between child-level (random effects) predictions of the fit and the actual data
(Figure 4.1c). All four models show good agreement between recorded and
predicted data at both levels of the hierarchy. As measured by AIC, the exponential model (AIC = 11541) produces a fit as good as or better than the
other non-linear functions but not as good as the piecewise linear model (AIC =
11381). In adults, the strength of the piecewise linear model is that it models the
slow increase in CD4 count which is ongoing even after several years on ART
[87, 88]. This does not apply in these children, however, since the piecewise
linear model had a fixed effect slope in the second phase (s2 ) which was not
significantly different from zero (estimated s2 = 0.0001; 95% confidence interval (−0.0011, +0.0013); p = 0.84). Weaknesses of the piecewise linear model
are that it implies an abrupt physiological change at the break-point and an
indefinite increase or decrease in CD4 count in the long term, both of which
are biologically implausible. It also lacks the semi-mechanistic interpretation of
the exponential model (Section 3.2). For these reasons, the exponential model
was used in this analysis in spite of the piecewise linear model’s lower AIC,
which was probably due mainly to very low z-scores which are unreliable, as
described in Section 3.1.

Low CD4 z-scores
Figure 4.2 illustrates the effect on parameter values and model fit of different
treatments of extremely low z-scores. Moving the data truncation or exclusion
threshold from –12 to –10 to –8 results in only small changes in parameter
values and model fit. Truncating or excluding at –12 as opposed to –40, how-
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ever, causes a large change in the estimated value of c compared to the 95%
confidence interval, and noticeable changes in the other parameters. There is
also a markedly larger fall in the AIC and BIC when the truncation threshold
is moved from –40 to –12. Quantile-quantile plots (Figure 4.2b) show that all
treatments of the data resulted in residual distributions with somewhat, but
not dramatically, heavier tails than the normal distribution which is assumed.
In Figure 4.2c, for the full dataset or exclusion/truncation at –40, plots of standardised residuals against child-level predictions show much wider residual
distributions at very low predicted z-scores than at higher ones. Exclusion and
truncation at –12, however, gives a residual distribution much more uniform
over different predicted values. On the basis of these plots, a dataset with
CD4 z-scores truncated at –12 was used in subsequent analysis. Although exclusion at –12 gave residual distributions with similar properties, truncating
low z-scores retains the information content that CD4 was very low for age,
which would have been lost if they were excluded. This information content is
valuable for parameter estimation.

Autocorrelation structure
Figure 4.3 shows the effect of introducing a continuous-time autoregressive
correlation in a similar way to Figure 4.2a. The difference in parameter values
when an autocorrelation is introduced is barely noticeable on the scale of the
95% confidence intervals, but there is a significant improvement in fit (AIC/BIC).
Subsequent models all included a continuous-time autoregressive correlation
structure.

Covariate modelling
By comparing multivariate models for int and asy, a model was constructed
in which individual variability in pre-ART z-score (int) is partly accounted for
by pre-ART age, viral load and CDC disease stage and long-term score (asy) is
accounted for by pre-ART age, disease stage and weight-for-age z-score. Table
4.1 and its caption summarise the results of the model-building process. The
AIC of the final model was 9254, compared to 9258 in the same model, but
with ln(age) rather than age used as a predictor of int and asy — hence, there
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Figure 4.2: Effects of excluding or truncating CD4 z-scores below threshold values in
the PENTA 5 dataset. (a) Effects on fitted parameters, AIC and BIC. Where appropriate,
markers show point estimates and error bars give 95% confidence intervals. int, asy and
c indicate estimated fixed effects for parameters, and sd(int) and sd(asy) the estimated
standard deviations of random effects distributions. Note that AICs and BICs cannot
be compared for tests where data was excluded since the dataset was smaller in these
cases. (b and c) Diagnostic plots evaluating the normality assumptions in the NLME
model, for different treatments of low z-scores.

Figure 4.3: Effect of introducing a continuous-time autoregressive correlation structure,
on fitted parameters, AIC and BIC. Where appropriate, markers show point estimates
and error bars give 95% confidence intervals.
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was no evidence of non-linearity in the age effect. For the exponential response
function with parameter vector φ, the final model is described mathematically,
following the notation of Section 3.3, by:
zi j = f (φi , ti j ) + i j ;

Φ ∼ N(µ, Σ);

where

 int0 intα intV intS


µi = asy0 asyα 0 asyS


c0
0
0
0

i j ∼ N(0, σ2 ),
 
 1 
  
0   α 
  
 
asyw  V 
  
 
0   S 
 
 
w

(4.3)

(4.4)

The symbols α, V, S and w represent pre-ART age, log10 (viral load), CDC disease
stage (1 for stage C; 0 for other stages) and weight-for-age z-score, respectively.

4.2.2

Parameter Estimation

Age at ART initiation affects both pre-ART and long-term CD4
z-score
Figure 4.4a shows the fixed effects (population) fit with the PENTA 5 data,
truncated at z = −12. The fitted model parameters are given in Table 4.1.
The rate of proportional z-score increase, c, was 0.034 (0.029, 0.038) (value (95%
confidence interval); this notation is used throughout), implying a time for halfrecovery of ln(2)/c ∼ 21 (18, 24) weeks. According to the fixed effects estimated
from the data, an average child in this population would be expected to have a
pre-ART CD4 z-score of –2.61 (–3.08, –2.13) and a long-term score of –1.11 (–1.36,
–1.86). Children’s expected pre-ART score was lower if they were older, or had
higher viral load or CDC disease stage C at ART initiation. Their long-term CD4
z-score was lower if they were older, or had disease stage C or higher weightfor-age z-score at ART initiation. Table 4.1 also summarises univariate models
of the effects of these and other factors on pre-ART and long-term z-score.
The variance of the estimated random effects in int was greater than in
asy. A strong positive correlation (0.50 (0.34, 0.64)) was estimated between the
child-level random effects in pre-ART and long-term CD4 z-score, and this is
clear in the correlation between estimated random effects (Figure 4.5).
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Table 4.1: Summary of univariate and multivariate covariate models of preART (intercept) and long-term (asymptote) CD4 z-score. Each univariate model (apart from
NRTI group) examined the effect of a single covariate on both intercept and asymptote
simultaneously. Estimates are per year older (age), per log10 copies/mL−1 higher (viral
load), or per unit higher at ART initiation (height/weight-for-age z-scores). Including
further factors in the multivariate model did not significantly improve the fit. For
pre-ART CD4 z-score (intercept) there was no additional effect of sex (−0.87 (−1.68,
−0.07) in boys vs girls; p = 0.03), pre-ART weight-for-age (+0.02 (−0.32, +0.36) per
1 unit higher; p = 0.91), or pre-ART height-for-age (−0.04 (−0.38, +0.29) per 1 unit
higher; p = 0.80). Similarly, for long-term CD4 z-score there was no effect of sex (+0.17
(−0.27, +0.60) in boys vs girls; p = 0.46), pre-ART viral load (−0.17 (−0.55, +0.21) per
log10 copies mL−1 higher; p = 0.37), height-for-age (−0.02 (−0.27, +0.23) per 1 unit
higher; p = 0.87), or randomized NTRI group (−0.04 (−0.57, +0.49) and −0.26 (−0.76,
+0.25) for zidovudine/lamivudine and zidovudine/abacavir, respectively, vs lamivudine/abacavir; p = 0.88 and 0.32).

Univariate Models

Multivariate Models

Point estimate (95% confidence interval); p-value
−2.61 (−3.08, −2.13); < 0.0001

Intercept (CD4 z-score at ART initiation)
Pre-ART age (years)
Pre-ART viral load (log10 copies mL−1

–0.27 (–0.41, –0.15); < 0.0001 –0.40 (–0.53, –0.26); < 0.0001
–0.40 (–1.11, 0.30); 0.26

–1.11 (–1.75, –0.47); 0.0007

–3.37 (–5.19, –1.59); 0.0002

–2.93 (–4.54, –1.31); 0.0004

0.00 (–0.41, 0.42); 0.98

—

Pre-ART weight-for-age z-score

0.16 (–0.22, 0.54); 0.40

—

Sex (male vs. female)

–0.82 (–1.88, 0.23); 0.13

—

Pre-ART CDC disease stage (C vs not C)
Pre-ART height-for-age z-score

–1.11 (–1.36, –0.86); < 0.0001

Asymptote (long-term CD4 z-score)
Pre-ART age (years)
Pre-ART viral load (log10 copies mL−1
Pre-ART CDC disease stage (C vs not C)

–0.15 (–0.22, –0.09); ¡0.0001 –0.15 (–0.21, –0.09); < 0.0001
0.23 (–0.13, 0.59); 0.22

—

–0.60 (–1.54, 0.35); 0.22

–1.11 (–1.98, –0.24); 0.012

Pre-ART height-for-age z-score

–0.26 (–0.47, –0.06); 0.011

—

Pre-ART weight-for-age z-score

–0.46 (–0.27, –0.08); 0.005

–0.31 (–0.47, –0.15); 0.0002

Sex (male vs. female)

–0.15 (–0.69, 0.39); 0.59

—

NRTI group (zidovudine/lamivudine vs lamivudine/abacavir)

–0.01 (–0.58, 0.56); 0.97

—

NRTI group (zidovudine/abacavir vs lamivudine/abacavir)

–0.39 (–0.93, 0.15); 0.16

—

c (rate of proportional increase in CD4 z-score)

0.034 (0.029, 0.038)

represent standard error in the mean). Smooth black lines show population-level (fixed effects) predictions from the models described in the text.

data points. Jagged black lines and error bars show mean values across the whole trial in time windows spaced at 12-week intervals (error bars

Figure 4.4: (a) Truncated CD4 z-score, (b) ln(naive CD4-for-age) and (c) ln(memory CD4-for-age) in the PENTA 5 trial. Grey markers indicate
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Table 4.2: Random effects and residuals estimated from the PENTA 5 data.

Value (95% confidence interval)
Random Effects

Residuals

Intercept (standard deviation)

2.44 (2.13, 2.80)

Asymptote (standard deviation)

1.29 (1.12, 1.48)

Correlation between Random Effects

0.50 (0.34, 0.64)

Standard Deviation

1.00 (0.97, 1.04)

The naive subpopulation is the main source of CD4+ T-cell reconstitution in children
Figures 4.4b and c show the population average (fixed effect) predictions of
naive and memory CD4-for-age, superimposed on the original data. The rate
of proportional population growth in the naive subpopulation was c = 0.046
(0.035, 0.056) weeks−1 , corresponding to a time to half recovery of ln(2)/c ∼ 15
(12, 20) weeks. The size of the naive subpopulation increased but remained
below healthy levels even in the long term: ln(naive CD4-for-age) rose from
–1.62 (–2.02, –1.21) to –0.32 (–0.51, –0.13), corresponding to an increase from
an average of 20% to 73% of the expected naive subpopulation for age. The
ln(memory CD4-for-age), which was higher than ln(naive CD4-for-age) count
before ART, at –1.05 (–1.41, –0.69) (35%), was lower than ln(naive CD4-for-age)
in the long term, approaching –0.50 (–0.66, –0.34) (61%). This comparatively
small increase in memory cell count was on a much faster timescale: c = 0.17
(0.10, 0.24) weeks−1 (ie taking only ln(2)/c ≈ 4 (3, 7), weeks for half-recovery).
Thus, on the evidence both of timescale and magnitude of recovery, T-cell
reconstitution in these children appears to arise mainly as a result of changes
in the naive compartment.

Predicting long-term CD4 counts in HIV-infected children
Figure 4.6 interprets visually the fitted parameters reported in Table 4.1. Figure
4.6a illustrates the linear effect of age on expected (fixed effect) pre-ART and
long-term CD4 z-score: expected pre-ART and long-term CD4 z-score both
fall with increasing age at ART initiation. It also shows the expected effect of
above- or below-average CD4 z-score at ART initiation on the long-term z-score:
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Figure 4.5: Correlation between random effects in pre-ART (intercept; int) and longterm (asymptote; asy) CD4 z-score. Pearson’s r = 0.56; p < 0.0001.

at every age, a higher pre-ART score corresponds to a higher score in the long
term. Figure 4.6b shows the effect of age in a different way, plotting some (fixed
effects) z-score trajectories in time, for children of different ages. Finally, Figure
4.6c shows some expected trajectories of absolute CD4 count predicted by the
model, based on initiating ART having reached WHO thresholds at two, six or
10 years of age. They illustrate that the threshold currently specified for the
treatment of younger children results in a higher count in the long term than
the threshold recommended for older children. Two effects are combined in
this observation. First, pre-ART CD4 counts correspond to different z-scores
depending on age: the thresholds correspond to z-scores from –2.3 to –1.6 for
ages two to five and from –3.9 to –4.5 for ages five to 15. Second, the relationship
between pre-ART and long-term CD4 z-score is also age-dependent, as shown
for three examples in Figure 4.6a.
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Discussion

In adults starting ART, an initial reconstitution of T-cells through redistribution
is followed by a second, slower phase of repopulation starting at around three
weeks [43, 87]. The work described here in children is more consistent with
a uniform rate of repopulation throughout recovery, similar to that shown by
van Rossum et al [89]. Applying the piecewise linear mixed models used successfully to model adults’ biphasic recovery [87] resulted in a rate of increase in
CD4 z-score in the secondary phase which was not significantly different from
zero, also indicating that recovery occurred in one phase, after which there was
no significant further increase. In terms of model fit, an early comparison of
the piecewise linear and the asymptotic model as descriptions of the PENTA
5 data found the piecewise linear model to be superior (lower AIC). However,
this is likely to be due to the very low z-scores which were truncated in the final
model. Attempts to fit an asymptotic NLME model incorporating two rates
of recovery resulted in a function that was effectively monophasic. Interestingly, similar studies to this one have also arrived at models that utilise a single
rate of recovery in children [48] but a biphasic one in adults [90]. Modelling
reconstitution in the naive and memory subpopulations supported a possible explanation for this qualitative difference between children and adults —
namely, that reconstitution in children, in contrast to adults, is mainly via the
naive T-cell compartment [57]. This agrees with current understanding that de
novo production of naive CD4+ T cells by the thymus falls with age and also
predicts immunological recovery on ART [33]. It is further corroborated by the
observation that, as a proportion of healthy values, naive CD4 count recovers
on a similar timescale to total CD4 reconstitution.
As expected from previous studies reported in the literature, pre-ART zscores were lower in older children. Although the gap narrowed with therapy,
older children also had lower long-term z-scores. A number of studies measuring CD4 percentage in children starting ART are consistent with this observation
[48, 54, 55, 52], and there are a variety of potential explanations. Less complete
recovery may be connected to an age-related decrease in thymic activity. More
advanced disease in older children, who have been infected for longer, may
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also have caused permanent changes to the immune system and lymphoid tissue that contribute to poorer long-term status [35]. Finally, older children may
be beginning to exhibit the slower recovery of the naive pool seen in adults,
resulting in this fixed c model in a lower asymptote. Not all studies concur with
these findings, however. Hainaut et al [51], for example, found no significant
association between age and the increase in CD4 count achieved after 12 months
of ART, but their study was limited by small population size (19 patients). Age
also had no effect on z-score six months after ART initiation in data from the
European Collaborative Study [49]. Their five-month to five-year age category,
however, included children younger than two years, who are known to be at
significantly increased risk of disease progression and in whom treatment is
now universally recommended [19]. This increased risk may have masked the
benefit of younger age that this model identified.
There was a significant positive correlation between pre-ART and longterm CD4 z-scores. Other studies in children [54, 55, 49] and adults [44] have
agreed that better initial status is associated with improved recovery. Moreover, in the PENTA 11 trial of CD4-driven interruptions to childrens ART, a
higher nadir CD4 percentage (nadir here being the lowest CD4 percentage ever
measured in an individual) independently predicted better recovery from treatment interruptions [53], and other long-term studies have also suggested that
severe immunosuppression in children at ART initiation damages the potential
for recovery of the CD4 population [91, 92]. It seems likely that a lower preART count is an indicator of more advanced disease, which leads to impaired
recovery.
There are a number of simplifications and limitations to the analysis. First,
although c is modelled as constant with respect to age and as having no random
effects, there is evidence that age and other factors may, in fact, affect the speed of
T-cell repopulation [89, 55, 49, 51]. However, models allowing c to vary with age
or including random effects did not converge consistently in spite of exploring
alternative starting values and changing the convergence criteria. This issue,
and ways of approaching it, are considered in more detail in the next chapter.
Second, although the model and its parameterisation are useful for predicting
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long-term CD4 count from a given pre-ART value, as well as illustrating the
dominant contribution of the naive subpopulation to reconstitution, they shed
little light on mechanisms of recovery. Some more mechanistic models and
interpretations are described in Chapters 6 and 7. Another simplification in
this model is that, because its aim was to predict long-term CD4 count on the
basis of different thresholds for starting ART, it does not take into account the
roles of viral suppression on ART and treatment failure. These are clearly both
important factors for long-term recovery, and in adults bivariate models for
simultaneous longitudinal measurements of both CD4 count and viral load
have been shown to be superior, in terms of likelihood, to univariate models
as presented here [93]. Finally, very long-term longitudinal studies will add
to our understanding in the future by following patients’ progress further into
adulthood.
Despite some limitations, the model demonstrates that the current approach to ART, which concentrates on short-term risks, may not optimise children’s health prospects in the longer term in resource-rich settings where multiple effective and acceptable therapies are now available. As a general rule, it
has shown that delay in starting ART during childhood will impair the expected
CD4 concentration on entering adulthood. For example, in a well patient whose
CD4 count is just above the PENTA 2009 treatment threshold throughout childhood, the effect of delaying treatment from the first to the 15th birthday is to
reduce long-term CD4 count in adulthood by 200 cells µL−1 , from around 810
to 610 cells µL−1 (Figure 4.7a).
The model also highlights some particularly interesting and potentially
important observations. It would appear that in early life, large changes in
CD4 cell concentration thresholds for ART initiation may only influence longterm CD4 levels to a limited extent. For example, in a child aged three years,
the 500 cells µL−1 difference in pre-ART count between 1000 and 500 cells
µL−1 results in a change in long-term level of only around 90 cells µL−1 : from
840 to 750 cells µL−1 . However, after the age of five, when the treatment
threshold remains constant until adulthood, the model predicts a steady decline
in the expected long-term CD4 count (Figure 4.7a,b). This has implications for
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children older than five years who are clinically well and in whom the CD4
count is above the threshold. The model would indicate that a substantial
delay in ART initiation, although logistically desirable, may be detrimental in
the long term, at least assuming reasonable treatment compliance. Figure 4.7c
gives the CD4 counts in children of different ages which are predicted to result
in a CD4 count in adulthood of 774 cells µL−1 (CD4 z-score of –1; approximately
the 16th centile). These may be compared with the current WHO thresholds
shown in Figure 4.7b. In children younger than five years, the WHO thresholds
are somewhat higher, indicating that current treatment guidelines designed
to minimize disease progression are likely also to maintain a relatively good
long-term CD4 z-score. However, in children older than five years the WHO
thresholds are lower, suggesting that although their use reduces the likelihood
of disease progression effectively, it may not be optimal from the point of view
of maintaining CD4 count in adulthood.
The model developed using the PENTA 5 dataset provides a tool for predicting and investigating CD4 reconstitution profiles in HIV-infected children
starting ART. Applying it has provided a first indication of the importance of
considering long-term prospects in deciding when to initiate ART in children.
It also serves to highlight the need to re-evaluate treatment thresholds in the
context of the increased likelihood of HIV-infected children surviving to adulthood. Finally, it raises questions about the processes underlying trends in the
speed and extent of CD4 T-cell repopulation in children, which demand a more
fully mechanistic approach to modelling.

Chapter 5

Patterns of Long-term CD4
Reconstitution in HIV-infected
Children Starting Antiretroviral
Therapy in Sub-Saharan Africa: the
ARROW Trial
PENTA 5 provided the CD4 trajectories that were used to develop the asymptotic NLME model, and to demonstrate its application in predicting the longterm impact of ART initiation criteria and informing potential treatment guidelines. However, if models are to inform policy they should ideally be constructed using data from a population as similar as possible to that in which
the guidelines will be implemented, and experiencing similar environmental
conditions. The drugs initially administered in PENTA 5, and the policies for
their use (dosing, switching criteria, etc.) were those current in the late 1990s
when the trial began, and changed over the course of the trial as drug availability and patient management strategies developed. All children started ART
on two NRTIs plus either a protease inhibitor or a placebo, whereas by 2010 a
wider range of drugs was available, with specific recommendations depending
on a child’s age, in utero exposure to ART, and concurrent conditions including anaemia, neutropaenia and tuberculosis or hepatitis B co-infection [19]. In
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addition, PENTA 5 was a European trial whereas over 90% of paediatric HIV
infection worldwide affects children in sub-Saharan Africa [41], where genetic,
environmental and social conditions may cause different responses to ART.
The models developed using the PENTA 5 dataset were applied to data
from the ARROW trial, with the aim of investigating the repeatability of the
results and the generalisability of the model to other datasets. One question of
particular interest was whether the African context, via factors such as greater
burden of co-infections and higher rates of malnutrition, might result in differences in CD4 response. Although some large studies have assessed the
long-term immunological effects of ART in adults in resource-limited settings
[88, 94] their conclusions do not necessarily extend to children. To date, studies
describing ART outcomes in children in resource-limited settings have usually reported only short-term (less than two years) disease progression and
CD4 changes as outcomes [95, 96], or have included fewer than 200 children
[48, 97]. It was also hoped that the larger dataset would be more informative
with respect to some of the outstanding questions from the PENTA 5 analysis,
in particular the optimal use of random effects and covariates to model the rate
of proportional recovery, c. Finally, analysis of the ARROW data would allow
further interpretation of the model in terms of treatment guidelines.
The bulk of this analysis was originally carried out on a preliminary data
set by Marie-Quitterie Picat, with my supervision.

5.1
5.1.1

Methods
Model

The exponential response function was used to model CD4 T-cell reconstitution,
as described in Chapters 3 and 4. Because the ARROW dataset included a
number of very low CD4 counts — more than PENTA 5 — truncating z-scores
would have resulted in too great a loss of data. Instead, CD4-for-age (the
CD4 count measured, expressed as a proportion of CD4 count expected in a
healthy child of the same age) was used as the response variable, avoiding
the problems associated with low z-scores (Section 3.1). A log-transform was
applied to improve normality. The mathematical model for CD4-for-age in
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child i at time ti j was thus:

ln(CD4-for-agei j ) = asyi − (asyi − inti )eci tij

5.1.2

(5.1)

Identifying children with asymptotic CD4 reconstitution
profiles

Initially, a NLME model was proposed for the ARROW dataset which was
based on the response function 5.1 and included random effects for all three
parameters int, asy and c. In attempts to estimate the parameters of this model,
the fitting algorithm failed to converge (as it had with a similar model applied
to the PENTA 5 data; Section 3.1). To investigate the reasons, each child’s CD4
counts were modelled individually using the same response function. Children
were then divided into two groups according to whether or not a least-squares
fit to the model had converged. Thus, one group consisted of children with
asymptotic reconstitution, and the other comprised children with qualitatively
different CD4 reconstitution profiles.

5.1.3

Modelling asymptotic reconstitution profiles

In the group with asymptotic CD4 reconstitution, recovery was analysed using
NLME models based on Equation 5.1. Fixed and random effects were included
for all three parameters int, asy and c, with the random effects having a multivariate normal distribution with non-zero covariances.
Effects were investigated of age, sex, WHO disease stage and height and
weight-for-age z-scores at ART initiation on proportional recovery rate (c) and
pre-ART (int) and long-term (asy) ln(CD4-for-age), using a backwards-selection
procedure based on the AIC.

5.1.4

Characterising non-asymptotic reconstitution profiles

In children without asymptotic CD4 reconstitution, linear models were used
to fit CD4-for-age trajectories and identify those with increasing or decreasing
CD4-for-age, those in whom CD4-for-age did not change significantly and those
with insufficient data to characterise a recovery profile.
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Software

Analyses were performed in R [85] version 2.15.1, using the nlme package [71]
for nonlinear modelling. Some code snippets are given in Appendix C. Graphs
interpreting the fitted parameter values in terms of predicted CD4 trajectories
were produced using Mathematica 7 [86].

5.2
5.2.1

Results
Contrasting long-term profiles of CD4 reconstitution following ART initiation

The model identified two distinct groups according to their long-term CD4
reconstitution profiles on ART. The first group included 914 (76%) children
with asymptotic CD4 reconstitution. Among the remaining 292 (24%) children,
CD4s-for-age followed qualitatively different trajectories (Section 5.2.3). At
ART initiation, children with asymptotic reconstitution were younger (p =
0.0002) and had lower CD4-for-age (p = 0.0007) and height-for-age z-score
(p < 0.0001) (univariable comparisons; Table 5.1). In multivariable logistic
models, children with asymptotic reconstitution were independently younger,
and had lower CD4 count and weight-for-age z-scores (all adjusted p < 0.009),
thus demonstrating greater impairments from HIV at ART initiation.

5.2.2

Children with asymptotic CD4 reconstitution

Figure 5.1a shows mean CD4-for-age throughout follow-up in the group with
asymptotic reconstitution, who had median (IQR) age 5.6 (2.3,9.0) years and
median (IQR) pre-ART CD4 count 345 (176,655) cells µL−1 (Table 5.1). Table
5.2 gives population average (fixed-effects) parameters as fitted in the nonlinear mixed-effects model, and Figures 5.1b and c illustrate the effect of age on
expected CD4-for-age trajectory. There was no evidence of non-linearity in the
effect of age on pre-ART and long-term CD4 count (AIC 17397 for a model
including ln(age) vs. 17367 for one including age). From the model, the estimated median (IQR) CD4 count in this group after 3.9 years on ART was 889
(630,1228) cells µL−1 . The time constant c was 0.038 (0.037,0.040) week−1 (estimate; 95% confidence interval), corresponding to a half-life t1/2 = ln(2)/c (the

–2.3 (–3.3, –1.3)
–2.5 (–3.5, –1.6)

Pre-ART weight-for-age z-score

Pre-ART height-for-age z-score

Pre-ART CD4 count was missing in one child from each group.

–1.3 (–2.0, –0.9)

Pre-ART CD4-for-age ln(count/healthy count)1

1

0.26 (0.14, 0.41)

132 (14%)

4

Pre-ART CD4-for-age (count/healthy count)1

514 (56%)

3

350 (170, 646)

251 (27%)

2

Pre-ART CD4 count (cells µL−1 )1

17 (2%)

1

WHO stage, n (%)

5.6 (2.3, 9.0)

Pre-ART age (years)

(n = 292)

(n = 914)

–2.0 (–3.1, –1.1)

–2.0 (–3.2, –1.0)

–1.1 (–1.9, –0.6)

0.32 (0.14, 0.55)

401 (155, 837)

37 (13%)

169 (61%)

83 (30%)

3 (1%)

7.3 (2.8, 10.7)

136 (49%)

CD4 reconstitution

CD4 reconstitution

474 (52%)

Non-asymptotic

Asymptotic

Girls, n (%)

Characteristics

Wilcoxon rank sum (continuous variables) tests for differences between groups.

< 0.0001

0.023

0.0007

0.0007

0.062

0.72

0.0002

0.13

p-value

profiles. Results are number (percentage) or median (interquartile range). P-values are for Fisher’s exact (WHO stage), chi-squared (sex) and

Table 5.1: Pre-ART characteristics of the two groups of HIV-infected ART-naive ARROW children with qualitatively different CD4 reconstitution
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time taken for half the ultimate on-ART increase in CD4-for-age from intercept
to asymptote to occur) of ln(2)/c = 18 (17,19) weeks.
In multivariable analyses (Table 5.2), lower pre-ART and long-term CD4for-age were each independently associated with older pre-ART age (both p <
0.0001, Figure 5.1b). Lower pre-ART CD4-for-age was also associated with
lower weight-for-age z-score at ART initiation (p < 0.0001), and boys achieved
lower long-term CD4-for-age than girls (p = 0.0001). There were no covariates
whose inclusion in the model for proportional recovery rate c improved the fit
significantly. In the notation of Section 3.3, then, the final model is described
by:
ln((CD4-for-age)i j ) = f (φi , ti j ) + i j ;

Φ ∼ N(µ, Σ);

i j ∼ N(0, σ2 ), (5.2)

where
 

  1 
 int0 intα intw 0   

  

  α 

µi = asy0 asyα 0 asys    .

 w

 
c0
0
0
0   
s

(5.3)

The symbols α, w and s represent pre-ART age, weight-for-age z-score and sex,
respectively.
There was a strong, positive correlation between pre-ART and long-term
CD4-for-age (r = 0.40, p < 0.0001; Figure 5.1d): that is, children who started
ART with higher CD4-for-age achieved higher CD4-for-age in the long term.
Interestingly, children with lower pre-ART CD4 had faster initial recovery (r =
−0.45, p < 0.0001; Figure 5.1d). These effects combined so that those with faster
initial recovery also had lower long-term CD4-for-age (r = −0.53, p < 0.0001;
Figure 5.1d). Such results are consistent with reconstitution processes that
are sensitive to a low concentration of CD4 T-cells, driving faster recovery in
response to lower CD4-for-age, but that are nonetheless unable to reverse the
significant HIV-related impairment reflected in lower CD4-for-age both before
and after treatment.
Because CD4 counts in adults starting ART have often been fitted using
linear mixed-effects models with a change in slope some weeks after treatment
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Figure 5.1: (a) Mean CD4-for-age over time since ART initiation for 914 children with
asymptotic CD4 reconstitution. Error bars give standard error in the mean. Points
are shown for times where more than 20% of children in this group remained in the
trial. Only children participating in a substudy had measurements available at week 4,
accounting for the wider error bar. (b) CD4-for-age trajectories (ln(CD4/expected CD4))
according to the model fit (fixed effects) for an average HIV-infected child (female, preART weight-for-age z-score -2.2), shown for children aged 2 (dashed line), 6 (solid line)
and 10 (dot-dashed line) years. (c) Predicted CD4 trajectories as (b), but plotted on the
linear scale (ie CD4/expected CD4). (d) Correlations between child-level random effects
(difference from population average) in the three model parameters. Each panel refers
to correlations between random effects (differences between child-specific parameters
and the population average) in two of the three parameters int (pre-ART CD4-forage), asy (long-term CD4-for-age) and c (rate of proportional recovery). The pair of
parameters being considered is identified by the row and column labels in the panels
on the diagonal. The upper-right panels plot the values of the random effects against
one another. The lower-left panels give Pearson correlations, with p-values.

–0.08 (–0.10, –0.06)

Age at ART initiation (per year older)

–0.048 (–0.055, –0.041)

Age at ART initiation (per year older)

c

Sex (female vs. male)

0.79 (0.76, 0.82)

–0.24 (–0.28, –0.20)

Asymptote (Long-term CD4-for-age)

1.10 (1.05, 1.16)
—

0.10 (0.05, 0.15)
0.038 (0.036, 0.040)

0.95 (0.95, 0.96)

1.17 (1.12, 1.22)

0.15 (0.11, 0.19)

Weight for age at ART initiation (per unit z-score higher)

0.20 (0.19, 0.22)

–1.59 (–1.66, –1.52)

Intercept (CD4-for-age at ART initiation)

0.92 (0.91, 0.94)

Linear Scale (CD4-for-age)

Estimate (95% confidence interval)
Natural Scale (ln(CD4-for-age))

Variables

average boy, aged six years and with weight-for-age z-score -2.2.

< 0.0001

0.0001

< 0.0001

< 0.0001

< 0.0001

< 0.0001

< 0.0001

p-value

z-score, or on c of age, sex, clinical disease stage 3 or 4 or weight-for-age z-score (likelihood ratio tests; p > 0.05). Results are expressed for an

there was no additional effect on intercept of sex or clinical disease stage 3 or 4; on asymptote of clinical disease stage 3 or 4 or weight-for-age

a CD4/expected CD4 lower by a factor of e−0.08 = 0.92. Similar effects were seen in univariable models. After adjusting for the factors shown,

on the linear scale — for example, a one-year increase in age is associated with a –0.08 unit lower pre-ART ln(CD4/expected CD4) or, equivalently,

CD4). Covariate effects on pre-ART (intercept) and long-term (asymptote) CD4-for-age are additive on the natural log scale, but multiplicative

logarithm scale (ln(CD4/expected CD4)) but results are reported both on the natural scale and back-transformed to the linear scale (CD4/expected

Table 5.2: Predictors of CD4-for-age after ART for 914 children with asymptotic CD4 reconstitution. Analysis was carried out on the natural
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initiation [87], a similar model was fitted to this CD4-for-age data. It proved
a substantially worse fit than the asymptotic model (AIC 18748 vs 17598; no
covariates included in either case), confirming the use of model 5.1 as more
appropriate. Because CD4 recovery in adults is known to be biphasic [43],
a model was also considered which was the sum of two asymptotic functions
with different proportional rates of recovery but the fitting algorithm repeatedly
failed to converge, in spite of trying multiple sets of initial parameter estimates
and changing the convergence criterion.
Using the fitted model parameters, CD4 trajectories can be predicted as in
Chapter 4, for children with asymptotic reconstitution starting ART at different
ages and with different CD4 counts. Figure 5.2a illustrates predicted trajectories
in children starting ART having reached 2010 WHO initiation criteria aged two,
six or 10 years. While the two-year-old is predicted to recover CD4 count
well, the six and 10-year-olds show progressively impaired recovery. Thus, reiterating the findings in Chapter 4, starting ART at older ages appears to impair
long-term CD4 count when treatment is initiated at the WHO thresholds for CD4
count. From Figure 5.2b it is apparent that a fixed CD4 threshold for starting
ART in children over five years old, while satisfactorily reducing risk of disease
progression, increasingly limits the potential for optimal CD4 recovery as the
child approaches adulthood. In early life, however, relatively large changes in
the thresholds for ART initiation have a fairly limited impact on long-term CD4
count.

5.2.3

Children without asymptotic CD4 reconstitution

The 292 children whose CD4 recovery differed qualitatively from the asymptotic
reconstitution described above had median (IQR) age 7.3 (2.8, 10.7) years and
pre-ART CD4 count 401 (155, 837) cells µL−1 . Fitting individual linear models
to CD4-for-age measurements in each of these children allowed four subgroups
to be identified within this population (Figure 5.3 and Table 5.3).
Of 292 children with non-asymptotic responses to ART, 23 (8%) had a
significant (p < 0.05) decline in CD4-for-age over follow-up. These children’s
mean CD4-for-age showed an initial, small response to treatment in the first
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Figure 5.2: (a) CD4 trajectories predicted for children starting ART having reached
WHO thresholds aged two (dashed line), six (dotted line) or 10 (dot-dashed line) years.
The light, dashed line indicates WHO thresholds for ART initiation, and the light, solid
line the variation in CD4 count with age expected in a healthy child [9]. (b) Expected
CD4 count on immunological maturity (estimated at age 20) for varying age and CD4 at
ART initiation. Labels beside contours indicate expected adult CD4 count in children
starting ART at the ages and CD4 counts given on the horizontal and vertical axes.
The heavy line indicates the current WHO CD4 guideline threshold for ART initiation.
Grey point markers show the age and fitted CD4 count at ART initiation, in the 914
children on whom the model is based. They indicate at which ages/counts the model
has substantial evidence, and where it represents an extrapolation from the available
data.
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Figure 5.3: Mean CD4 cell count for age, with time since ART initiation (error bars:
standard error in the mean) for: (a) 23 children with significant (p < 0.05) decreasing
CD4-for-age with time. (b) 79 children with significant (p < 0.05) increasing CD4-forage with time but not fitting the asymptotic model. (c) 153 children with no evidence of
a significant change (p > 0.05) in CD4-for-age with time. (d) 37 children with ≤ 1 CD4
count available after ART initiation. For comparison to the asymptotic group, grey
lines indicate average (fixed-effects, for a six-year-old girl with weight-for-age z-score
-2.2) CD4-for-age in the 914 children with asymptotic CD4 reconstitution. In Figures
(a) to (c), points are shown where more than 20% of children in the group remained in
the trial.

0.28 (0.08, 0.43)
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1
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Pre-ART age (years)

Girls, n (%)

Characteristics
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(p > 0.05) (n = 153)
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(categorical variables), or Kruskal-Wallis (continuous variables) tests for differences between the four groups.

-2.7 (-3.4, -1.4)

-3.5 (-5.0, -2.4)

-2.1 (-4.2, -1.1)

0.12 (0.01, 0.34)

130 (22, 671)

14 (38%)

17 (46%)

6 (16%)

0 (0%)

5.4 (1.8, 9.1)

16 (43%)

(n = 37)

≤ 2 measurements

0.73

0.55

0.002

0.002

0.016

0.16

0.009

0.59

p-values

reconstitution on long-term ART (n = 292). Results are number (percentage) or median (interquartile range). P-values are for Fisher’s exact

Table 5.3: Characteristics at treatment initiation of four subgroups of HIV-infected, ART-naive children who did not show asymptotic CD4-for-age
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few weeks on ART (Figure 5.3a). After week 12, however, mean CD4-for-age
began to fall — possibly as a result of treatment failure. Finally, as non-response
or failure was detected and treatment switched to second-line, the CD4-for-age
may have begun to recover again. Of note, in univariable tests these children
differed from the larger group with asymptotic CD4 reconstitution only in their
older age (p = 0.002) and more advanced WHO disease stage (p < 0.0001); there
was no evidence of between-group differences in other characteristics including
pre-ART CD4-for-age (p > 0.2).
79 (27%) of the 292 children showed continuing improvement in CD4-forage with time, characterised by a significant (p < 0.05), positive linear slope
(Figure 5.3b). Like the children with asymptotic reconstitution, these children’s
CD4-for-age increased with ART. Unlike the asymptotic group, however, their
CD4-for-age increased slowly from the beginning, and was still increasing after
four to five years on ART, although it is possible that their CD4 count will
plateau in the years following the last available measurement. These children
may be showing CD4 recovery that is slower for reasons connected to the
mechanism of recovery, and/or to qualitatively different functional impairments
at ART initiation. Compared to the large group with asymptotic reconstitution
there was marginal evidence in univariate comparisons of differences in WHO
disease stage (p = 0.090) and of greater height-for-age (p = 0.060). Other
baseline demographics were similar (p > 0.13; Table 5.3).
Linear models in 153 (52%) of the 292 children showed no evidence of a
significant change in CD4-for-age over the first 4-5 years on ART (p > 0.05),
although a rapid initial increase in mean CD4-for-age was apparant (Figure
5.3c). These children started ART with a higher CD4 count and CD4-for-age
(both p < 0.0001 vs those with asymptotic CD4 reconstitution) and had a small,
fast increase in CD4-for-age in the first few weeks following ART, compatible
with redistribution of memory CD4 T-cells. Following this initial increase,
however, CD4-for-age showed no further recovery over 4-5 years’ follow-up.
Moreover, when pre-ART ages, weights and CD4 counts in these children were
used to predict their long-term CD4-for-age according to the NLME model
for asymptotic reconstitution described above, the median (IQR) long-term
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predicted ln(CD4-for-age) was -0.22 (-0.41,+0.01) somewhat higher than the
steady level observed (around -0.5). While these children did show some
response to treatment, they seemed to be less able to reconstitute CD4 cells in
the long term than the asymptotic group. In addition to their higher pre-ART
CD4-for-age, in univariate comparisons these children were older, heavier and
taller than the large group with asymptotic CD4 reconstitution (p < 0.0002).
There was also marginal evidence of differences in sex (p = 0.097) and WHO
disease stage (p = 0.082) distributions (Table 5.3).
Finally, 37 (13%) of the 292 children had very low pre-ART CD4 counts (130
(22, 671) cells µL−1 ) and so pre-ART CD4-for-age (0.12 (0.02, 0.41)), and no more
than one CD4 measurements available after ART initiation (Figure 5.3d). 32 of
these children died, and five were lost to follow-up, early in the trial.

5.3

Discussion

Applying the asymptotic NLME model to the ARROW data demonstrates its
generalisability to datasets besides PENTA 5, and provides parameter estimates
more relevant to the current generation of HIV-infected children. The large
number of children initiating ART in ARROW also allowed subpopulations of
individuals to be identified who had responded in qualitatively different ways
to ART in the long term.
In the PENTA 5 analysis, z-scores were used as an age-adjusted measure
of CD4 count. Although a few very low scores had to be truncated because of
their undesirable properties at such low CD4 counts (Section 3.1), z-scores have
the advantage of incorporating distributional information about CD4 counts
in healthy children. CD4 ratios are based only on the point-estimate expected
CD4 count in healthy children, but are more robust than z-scores at low counts
where the distributional information included in z-scores is less valid. Because
of the larger number of very low CD4 counts in the ARROW dataset, the logratio was used here as the response variable for modelling. In future studies
z-scores, log-ratio or another measure of CD4 levels should be used, according
to the data, model, context and questions to be addressed.
The majority of children (76%) had asymptotic CD4 reconstitution follow-
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ing ART initiation, with an initial, steep increase in CD4-for-age which slowed
with a half-life of ∼ 18 weeks, tending towards a constant level in the long term
at (for a child of average demographics) ∼ 75 − 80% of the CD4 count expected
in an uninfected child of the same age. CD4-for-age both before ART and in the
long term were higher for younger children, and long-term CD4 reconstitution
was better in children with higher pre-ART CD4 count for age. These results in
resource-limited settings reiterate the findings in Chapter 4 and other European
cohorts [55], and demonstrate the need for earlier HIV diagnosis in all settings,
the value of testing children at multiple points of access to healthcare services,
and the importance of early availability of ART.
When all children were assumed to follow an asymptotic pattern of recovery, attempts to fit models including a random effect on c to either the PENTA
5 or ARROW data were unsuccessful. Fitting the model in only the children
with asymptotic reconstitution, on the other hand, allowed random effects to
be included and covariate effects on c to be examined. The failure to estimate
random effects appears to have arisen not from a lack of information in the
data, but rather from the assumption that children’s CD4 trajectories all follow
a qualitatively similar pattern: with initially low CD4-for-age rising to approach
a constant long-term level.
Unexpectedly, none of the pre-ART factors considered were associated
with the parameter characterising speed of proportional CD4 recovery. Although this might at first appear inconsistent with previous studies showing
faster recovery in younger children [55, 89, 51], the measure of recovery used
elsewhere has generally been an absolute one rather than the rate of proportional recovery (c) used here. Thus, absolute reconstitution may be faster in
younger children in that a given increase in CD4 count or percentage takes
less time, but a given proportion of the total long-term improvement achieved
may still occur at the same rate, regardless of age. Biologically, c reflects the
balance between rates of peripheral T-cell proliferation and death (Section 3.2).
It seems likely that this balance might, in fact, change with age as the dynamics
of homeostasis change and allometric scaling of processes in the lymph nodes
develops. This result shows that other factors besides age had a larger effect
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and masked any smaller age effect. The effects of these other factors, which
are combined in the significant inter-individual variability in proportional recovery rate, might have included genetic differences between children and/or
viral strains. The qualitative composition of the pre-ART CD4 count — for
example, the percentages of activated and proliferating cells — may also play
a role. There was an association between faster proportional increase in CD4for-age (larger c) and low pre-ART CD4-for-age (more negative int), consistent
with peripheral T-cell division and/or death rates sensitive to CD4 levels. The
biological mechanisms for the association are likely to involve competition for
T-cell survival and division signals, as described in Section 1.3.
As in the European and Brazilian children in PENTA 5 (once very low
z-scores had been truncated), the asymptotic model was a better fit to the data
from African children than the piecewise linear mixed-effects model which is
optimal in adults [87]. This finding adds further weight to the hypothesis
that CD4 recovery is qualitatively and mechanistically different in children as
compared to adults, perhaps reflecting greater involvement of the naive T-cell
pool and greater dependence on thymopoiesis. Some of the conclusions from
this and the previous chapter do, however, apply to both children and adults.
For example, like the children in this study, adults with low CD4 counts at ART
initiation have been observed to have generally lower CD4 counts three years
later [98].
Using parameters obtained from the NLME model for asymptotic CD4
reconstitution, CD4 trajectories were predicted for children starting ART at different ages and with different CD4 counts, reflecting the response that would
be expected from the majority of children initiating ART. Qualitatively, the
findings are similar to those obtained in the PENTA 5 data, but the far larger
numbers in the present study now provide much greater certainty and also
demonstrate that factors such as co-infection burden, malnutrition, and trial
recruitment criteria do not appear to have a large effect on the CD4 response to
ART. Quantitatively, however, CD4 trajectories predicted for children starting
ART at WHO thresholds result in better long-term CD4 count in models based
on the ARROW data than the PENTA 5 data (comparing Figures 4.6 and 5.2).

5.3. Discussion

87

This may be a result of the different demographics, the different drugs administered or different adherence rates in the two trials. Alternatively, the PENTA
5 results may have been artificially lowered by the inclusion of children with
non-asymptotic recovery in the NLME model. From Figure 5.2b, predicted CD4
count at age 20 (ie on immunological maturity) can be estimated for every combination of age and CD4 count at ART initiation. Although these predictions
extrapolate the data forward in time, the wide age and CD4 range at ART initiation, and the stability of results compared to analysis using data truncated one
year before the end of the trial, suggest that the extrapolations are reasonable.
Nevertheless, further analysis of long-term CD4 response in adolescents will be
important as validation. The figure shows how starting ART at the same CD4
count but at progressively older age is increasingly detrimental to long-term
immunological health. For example, to achieve a CD4 count higher than 700
cells µL−1 at 20 years of age, children under eight years need to start ART with
a CD4 greater than 257 cells µL−1 , but a 10-year-old would need to start before
382 cells µL−1 and a 12-year-old before falling to 585 cells µL−1 . To optimise
immune reconstitution when children reach adulthood, the findings suggest
that ART may be warranted in vertically HIV-infected children still ART-naive
at ages over 10 years, regardless of CD4 count.
Clearly, the aim of an ART strategy for an HIV-infected child is not limited
to maximising CD4 count but is a matter of balancing overall immunological
health — encompassing lymphocyte dynamics, population structure, receptor diversity and the effectiveness of the immune response overall — against
short-term side-effects, long-term toxicity, regimen durability (particularly in
resource-limited settings where frequently only two regimens are available),
cost, treatment adherence and social factors. Even a CD4 count as low as 500
cells µL−1 is above the 2.5th centile for CD4 count in a population of healthy
adults, raising questions about the appropriateness of aiming for a long-term
CD4 count as high as, for example, 700 cells µL−1 , especially where multiple
other factors might argue against ART. However, even relatively small reductions from normal CD4 counts in HIV-infected patients have been associated
with increased risk of cardiovascular disease and malignancies [46, 47, 45]. In
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addition, the predictions are of CD4 response expected on average in HIVinfected children starting ART. While an increase in ART initiation threshold
might result in an only marginally higher long-term count for the “average”
child, the shift in the whole distribution of CD4 counts to higher levels results
in fewer children being likely to experience the lowest counts. TCR diversity is
another important consideration: even if children do recover their CD4 numbers successfully, if this recovery is mainly from peripheral expansion of the
CD4 T-cell pool then any loss of diversity is not replaced and immunological
function is not properly restored. This is a limitation of the scope of the present
study, and future work should address TCR diversity and its restoration in
HIV-infected children.
Approximately one quarter of children did not have asymptotic CD4 reconstitution. The fact that subgroups within this population had very different
patterns of reconstitution and varied in both CD4 and age at ART initiation highlights the fallacy inherent in modelling one single population mean response
across qualitatively different types of reconstitution. Within this population,
those children who had a constant CD4-for-age following ART, or an ongoing increase, had higher pre-ART CD4-for-age. The differences between these
children and those showing asymptotic reconstitution may arise from different
reconstitution mechanisms, or qualitatively different CD4 T-cell populations at
ART initiation. Others whose CD4 count declined on ART had similar pre-ART
CD4 but were older than the group with asymptotic CD4 reconstitution. In
the absence of viral load measurements, it is not possible to examine the possibility that patterns of viraemia could be contributing to the patterns of CD4
response, but this is likely, particularly in the children with falling CD4 count
who probably experienced virological failure. Children without more than one
CD4 measurement after ART initiation had a very low pre-ART CD4-for-age,
and most died early in the trial. Factors affecting reconstitution profiles in
these 292 children may have included clinical factors, adherence and viral dynamics, and investigating these and other factors and mechanisms influencing
CD4 recovery in children with atypical CD4 responses will provide interesting
directions for further research.
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One of the limitations of this study was the lack of viral load measurements. The work on the PENTA 5 dataset Chapter 4 suggests that pre-ART
viral loads are likely to predict pre-ART (though not long-term) CD4 count,
and in adults joint models incorporating CD4 count and viral load are superior
to univariate models of CD4 response only [93]. However, viral load measurements in the ARROW trial are only now being performed retrospectively, on a
subset of children and at a subset of timepoints. A limitation of the modelling
approach is that uncertainty as to children’s group allocation to asymptotic or
non-asymptotic recovery is not accounted for. This problem is illustrated by
the observation that an earlier analysis, of data to 1 April 2011 (ie missing the
last year of the trial), reversed the allocations of a small number of children.
The uncertainty in allocation could be modelled using mixture models or latent class models, and this will be an important further step in developing this
kind of analysis. However, the robustness of allocation in the vast majority
of children when data from the last year of the trial was included or excluded
suggests it is unlikely that failing to model the uncertainty has materially affected the conclusions. In the initial application of the asymptotic model, to
the PENTA 5 data, asymptotic recovery was assumed in the whole cohort, and
the same conclusion was reached: that age affects both pre-ART and long-term
CD4 count, and that there is an additional correlation between unexplained
differences in pre-ART and long-term count. Thus, although parameter estimates might be revised slightly by a more rigorous model, it seems likely
that the conclusions would remain unchanged. The allocation of children to
asymptotic versus non-asymptotic recovery groups also raises a problem with
predictions: while predictions like those illustrated in Figure 5.2 are helpful
for children who will go on to experience asymptotic recovery, they are less
relevant to those with different recovery profiles. This is a particular example
of a general and widespread problem with using population-level responses to
inform treatment guidelines. In this context, at the level of individual children,
it highlights the challenge of identifying baseline predictors of non-asymptotic
recovery so that those children can be treated differently.
In conclusion, this analysis of data from a large cohort of HIV-infected, ART-
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naive African children initiating ART provides important information to inform
clinical practice by considering long-term CD4 reconstitution in response to
therapy in resource-limited settings, and the effects of pre-ART age and CD4
count on this response. Given increased availability of simpler ART formulations and regimens for children, it reinforces the importance of considering
long-term immunological health, as well as short-term disease progression, in
the decision to initiate ART and the development of treatment guidelines. The
data suggest that even though the short-term risks of morbidity and mortality
are greater in untreated young children, survivors have excellent potential for
immune reconstitution when they initiate ART. In contrast, whilst not subject
to the same immediate risks of disease progression and death, older children
who wait to initiate ART may never reconstitute immunologically to the same
degree. The current ART initiation thresholds are predominantly based around
short-term risks, and in older children could lead to delays in ART administration that might compromise immune reconstitution in adulthood.
The results indicate that although younger ART-naive children are at
high risk of disease progression, provided they start ART following current
WHO/PENTA/CDC guidelines, they have good potential for achieving high
CD4 levels in later life. However, to attain maximum immune reconstitution
in older children, particularly those older than 10 years, ART may need to be
initiated regardless of CD4 cell count. By identifying qualitatively different
CD4 recovery profiles, the approach taken in this study to characterise longterm immunological outcomes has the potential to improve understanding of
the factors that determine CD4 counts in children on ART and provide input
into future management guidelines in both resource-rich and resource-limited
settings.

Chapter 6

Using Patterns of CD31 expression
to extend interpretation of results
from NLME models
The semi-mechanistic interpretation of the asymptotic model described in Section 3.2 means that it can be used not only to describe CD4 reconstitution but
also to begin to understand its mechanisms better. Where additional immunological markers are available they can augment the information provided by the
model parameters, further informing conclusions about the mechanisms and
determinants of reconstitution.
CD31 (PECAM-1 or glycoprotein IIa) is an immunological marker widely
used in studies of CD4 T-cell dynamics in health and disease [99, 100]. Its biological functions include mediating T-cell adhesion, but in studies of dynamics it
is commonly used as a marker of T-cells which have recently been produced by
the thymus (recent thymic emigrants; RTEs). A recent study employing CD31
in this way aimed to investigate the mechanisms behind incomplete CD4 T-cell
reconstitution in HIV-infected adults whose viral load had been successfully
suppressed with ART [101]. Within their study population, Li and colleagues
found that patients who recovered their CD4 count well (CD4 count > 300
cells µL−1 or > 30% increased compared to baseline) had a higher percentage
of CD4+CD45RA+CD31+ cells among CD4+ T-cells (CD31%) than patients
who recovered poorly (CD4 count < 200 cells µL−1 or < 20% increased). The
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difference in the extent of their recovery was due mainly to differences in the
naive sub-population: the increase in memory CD4 T-cell count was similar
in the two groups. Using an asymptotic model similar to that described in
Section 3.2, they also found an association between the initial rate of increase in
CD4 count and patients’ CD31%. From these observations they concluded that
significantly impaired CD4 reconstitution was associated with lower CD31%
and, interpreting CD31% as a marker of thymic activity, that thymic exhaustion
might be an important cause of incomplete recovery of CD4 count.
Li’s study in adults prompted a similar analysis in children. The aim was
to investigate whether the observations in adults were mirrored in children,
and to consider and compare the mechanisms underlying trends in adults and
children. Because of children’s higher and more variable thymic activity [11]
and their generally better immunological response to ART [102], comparing
adults and children can provide a fuller picture of, and additional insight into,
mechanisms of CD4 recovery.

6.1

Methods

Data from the immunophenotyping substudy of the ARROW trial was used to
investigate associations between CD31 expression and CD4 recovery properties
in HIV-infected children. As in work on the ARROW data (Chapter 5), CD4
counts were corrected for age by dividing by the CD4 count expected in a
healthy child of the same age. To facilitate comparisons to Li’s work in adults
[101], a different parameterization of the model described in Section 3.2 was
used:
ln(CD4-for-age) = A + B(1 − e−ct )

(6.1)

Thus, A represents pre-ART ln(CD4-for-age), B represents the long-term increase and c is a characteristic time for recovery. (The time for half the long-term
increase to occur is ln(2)/c). In the nomenclature of Section 3.2 and Figure 4.1,

A ≡ int

and

B ≡ asy − int.

(6.2)
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We define also τ = 1/c, again to facilitate comparison to the adult study. The
parameter τ relates to the initial rate of CD4-for-age reconstitution as follows:
d
B
(ln(CD4-for-age))
= Bc = .
dt
τ
t=0

(6.3)

The measure of CD31 expression used was the percentage of cells coexpressing CD45RA and CD31, amongst all CD4+ T-cells (CD31%), taking the
mean of week-0 and week-24 measurements. (Data from the ARROW HLA-DR
panel were used.)
First, as in the major analysis of the ARROW data, CD4-for-age trajectories
were fitted using model (6.1) in all children with immunophenotyping measurements available, in order to identify the subset with asymptotic recovery.
In those with trajectories that could be fitted to model 6.1, a NLME model was
then fitted with the same response function. Fixed and random effects were
included for all three parameters A, B and c but for simplicity no covariate
models for parameters were used. The random effects were assumed to have a
multivariate normal distribution with non-zero covariances. Correlations were
examined between child-specific A, B, c, B/τ, pre-ART age and CD31% using
Pearson’s r and univariate and multivariate linear models.

6.2

Results

Of 199 children with CD31 immunophenotyping performed, 122 (61%) had
CD4-for-age trajectories that could be fitted individually using model 6.1.

6.2.1

Pre-ART age and mean CD31% predict characteristics of
the CD4-for-age recovery curve.

Figure 6.1 shows the correlations between the model parameters, pre-ART age,
mean CD31%, and initial rate of CD4-for-age recovery, B/τ. As expected from
the results described in Chapters 4 and 5, there is some marginal evidence that
younger children have higher pre-ART CD4-for-age, A (p = 0.082), and there
is also strong evidence that they have a slower proportional recovery rate c
(p < 0.0001). Younger children had higher CD31%, which could correspond
to higher thymic activity. The magnitude of recovery, B, and the initial rate of
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CD4-for-age increase showed no correlation with age (p > 0.1), suggesting that
the correlation previously observed between c and asymptote (Figure 5.1d) was
purely a result of independent correlations between intercept and c on the one
hand, and intercept and asymptote on the other.
Although there is no correlation between the extent (B) and the proportional
rate (c) of recovery (p = 0.159), both these quantities were negatively associated
with pre-ART CD4-for-age A (p < 0.0001 in both cases). That is, children
with lower pre-ART CD4 had a greater increase, which occurred faster, than
the increase in children with higher pre-ART CD4-for-age. These two effects
combined so that low-baseline children had a much faster initial increase in
CD4-for-age at ART initiation (p < 0.0001).
High CD31% was associated with good pre-ART CD4-for-age (p < 0.0001)
and hence with a small long-term increase in CD4-for-age (p < 0.0001), since
high A and small B are associated. High CD31% also predicts slow proportional
recovery (low c; p = 0.001). This results in an association between low CD31%
and a fast (steep, high) initial slope in recovering CD4-for-age (p < 0.0001).

6.2.2

Associations between CD31% and recovery parameters
vary with age.

Figure 6.2 further interrogates the relationships between B, c ≡ 1/τ, the initial
recovery slope B/τ and age, plotting correlations between CD31% and model
parameters by age group. (Age group boundaries are defined by the quartiles
of the pre-ART ages in the population.) The correlation between CD31% and
initial restoration slope B/τ appears to stem mainly from correlation with B:
there is no evidence of an association between CD31% and c = 1/τ except in the
third age group (4.7 to 8.8 years old at ART initiation). While the correlation
between CD31% and the magnitude of CD4-for-age recovery, B, is evident in
all age groups, older children have a wider range of values for B without any
clear change in the distribution of CD31%. In terms of a linear regression model
in which B predicts CD31%, the slope of the regression line becomes shallower
with increasing age (Figure 6.2; middle column). In the absence of correlations
between 1/τ and CD31%, the result is an association between B/τ and CD31%
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Figure 6.1: Correlations between immunological characteristics (age and CD31%) and
parameters characterising children’s CD4-for-age recovery profiles. Data are shown
above the diagonal and Spearman’s ρ, with p-values, below the diagonal. Red lines
show a smoothed fit to the data. CD31% is the mean of week-0 and week-24 measurements, using data from the HLA-DR panel.
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Table 6.1: Estimated parameters in a multivariate linear model fitted to the ARROW
data, in which children’s CD31% is described by their pre-ART age α, the magnitude
of their ln(CD4-for-age) recovery B and an interaction between the two (Equation 6.4).
The table gives estimated values, standard errors and p-values for t-statistics.

Estimate

Standard error

p-value

Intercept

β0

0.602

0.032

< 0.0001

B

β1

-0.116

0.021

< 0.0001

Pre-ART age β2

–0.0155

0.0038

< 0.0001

β3

0.00535

0.00246

0.032

Interaction

at all ages, but that a given difference in B/τ in older children accounts for less
of a difference in CD31% than in younger children.
This pattern can be described using a multivariate linear regression model
for CD31% including an interaction term for the combined effects of age α and
CD4-for-age increase B:
CD31% = β0 + β1 B + β2 α + β3 Bα

(6.4)

(Table 6.1). (It should be noted that CD31% might be regarded as a predictor
in this context, and B as the response, in which case their roles in Equation
6.4 should be reversed. In addition, both CD31% and B are subject to random
error since B is estimated from the data. The parameters in Table 6.1 should
therefore be interpreted with some circumspection.) In this model, although
both large CD4-for-age-recovery B and old pre-ART age predict low CD31%,
the interaction term indicates that the slope in CD31% with B is closer to zero in
older children. Using the point estimates of the regression coefficients predicts
that this interaction term begins to counteract the downward slope in CD31%
with B at age −β1 /β3 = 21.6 years — older than the pre-ART age of any of the
individuals enrolled in the ARROW trial. Beyond this age we might expect the
effect of age to tail off as individuals reach maturity and the linear model for
the effect of age becomes less appropriate.
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Figure 6.2: Correlations between CD31% and estimated B, τ and B/τ. Results are shown
by age group. (Age groups are defined by the quartiles of the age range in the data.)
Pearson’s r, and p-values for correlations, are given for each plot. Solid black lines in
the central column of plots represent univariate linear regression models fitted to data
in each age group.
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Discussion

The use of CD31 to identify RTEs is based on the observation that naive
(CD45RA+) CD4 T-cells also expressing CD31 have a higher TREC content than
those without CD31. The proportion of naive CD4 T-cells expressing CD31 falls
with age, like thymic activity. CD31 expression also correlates with markers of
thymic function including the percentage of naive CD4 T-cells amongst all CD4
T-cells, TREC content of CD4+ T-cells and thymic volume [103]. CD4+CD31+
T-cells subject to repeated TCR stimulation in vitro become CD31- [104] and this
suggests that CD31+ cells emerging from the thymus may lose CD31 expression following peripheral division, further confirming their use to identify RTEs.
However, longitudinal analysis of the TREC content of CD4+CD45RA+CD31+
T-cells in ageing patients has suggested ongoing proliferation within the CD31+
subset [99], and thus:
1. that CD31 is not uniquely expressed by cells which have not divided since
leaving the thymus and
2. that the proportion of undivided cells making up the CD31+ pool varies
between individuals and falls with age.
A separate study examining the TREC content of CD31+ naive T-cells also
showed that while in neonates more than 99% of CD31+ cells appear to have
come directly from the thymus without peripheral cell division, in adults the
majority ( 77%) had undergone peripheral division [100].
The experimental evidence seems to suggest that, rather than losing CD31
expression at the first division after leaving the thymus, CD4+ T-cells retain
CD31 for an indeterminate number of divisions (which may increase with
age). The result is a buildup in the CD31+ pool of cells which have undergone one or more divisions. How should this understanding affect the interpretation of CD31% as an indicator of thymic activity? Consider a situation
in which CD31 expression is lost after a single T-cell division (Figure 6.3a).
CD4+CD45RA+CD31+ T-cells are produced by the thymus at rate θ and lost
either by division at rate ρ or cell death at rate δ. (θ is a zero-order rate constant
and ρ and δ are first-order.) The number of CD4+CD45RA+CD31+ T-cells, T0 ,
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changes in time at a rate
T˙0 = θ − (ρ + δ)T0 .

(6.5)

At steady state this rate is equal to zero, so that the steady-state number of cells
is
T0∗ =

θ
.
ρ+δ

(6.6)

Extending the model to account for CD31 being retained after the first
division (but no further; Figure 6.3b), and assuming equal division and death
rates in both compartments, the number of cells having undergone exactly one
division changes at a rate
T˙1 = 2T0 ρ − (ρ + δ)T1 .
At steady state,
T0∗ =
as before, and
T1∗ =

2T0∗ ρ
ρ+δ

(6.7)

θ
ρ+δ
=

(6.8)

2θρ
.
(ρ + δ)2

(6.9)

The total number of CD31+ cells is therefore
2θρ
θ
+
.
ρ + δ (ρ + δ)2

(6.10)

Similarly, for three CD31+ compartments (Figure 6.3c),
T2∗

4θρ2
=
(ρ + δ)3

(6.11)

and the total number of CD31+ cells is
4θρ2
2θρ
θ
+
+
.
ρ + δ (ρ + δ)2 (ρ + δ)3

(6.12)

Thus, for n compartments the total number of CD31+ cells is
n

∗
TCD31

θ X 2ρ
=
ρ + δ i=0 ρ + δ

!i

2ρ

n+1
θ 1 − ( ρ+δ )
=
ρ + δ 1 − 2ρ

(6.13)

ρ+δ

(using the formula for the sum of a geometric series), with

2ρ
ρ+δ

< 1, since

at steady state death should be faster than proliferation for positive thymic
output.
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Figure 6.3: A model of factors determining the number of CD4+ T-cells expressing
CD31. In each case, T-cells are produced at a rate θ by the thymus. They divide at
rate ρ, and die at rate δ. Both ρ and δ are assumed to be independent of the number
of divisions the cell has already undergone. Figures show models in which CD31
expression is retained for (a) zero, (b) one or (c) two divisions after cells leave the
thymus.

In this model the total number of naive CD4+ T-cells (CD31+ and CD31∗
combined) can be obtained by taking the limit of TCD31
as n tends to infinity.

Since

2ρ
ρ+δ

< 1 , the total number would be
∗
Ttot
=

θ
.
δ−ρ

(6.14)

The proportion of all CD4+CD45RA+ T-cells co-expressing CD31 is then
∗
TCD31
∗
Ttot

2ρ

n+1
δ − ρ 1 − ( ρ+δ )
=
ρ + δ 1 − 2ρ

(6.15)

ρ+δ

This ratio depends only ρ, δ and n, and is notably independent of θ.
Figure 6.4 shows how the proportion of cells expressing CD31 according
to this model varies with proliferation rate ρ, for different values of δ and n. It
shows that increased CD31% may be a result of slower proliferation (lower ρ),
faster cell death (higher δ) or CD31 expression over a larger number of divisions
(larger n). Thus, the model suggests that high CD31% should be interpreted
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Figure 6.4: The proportion of CD4+ T-cells co-expressing CD31, according to model
6.15 and showing dependence on δ, ρ and n. Groups of lines correspond to cell death
rates δ = 1 (solid lines) and δ = 2 (dashed lines). Within each group, lines are plotted
for n = 1, 2, 3, 4, 5 and 10 compartments of cells expressing CD31 after leaving the
thymus.

as indicating not high thymic activity but slow proliferation or fast cell death.
In fact, some of the other markers often used as indicators of thymic activity
which have been cited as evidence of CD31’s properties as a marker of RTEs
(proportion of naive cells and TREC content [103]) are also dependent on proliferation and death rates. A marginal association has been identified between
thymic volume and CD31% [103], but this could be an indirect consequence of
homeostatic proliferation and death processes: individuals with less active thymuses may compensate with higher steady-state T-cell proliferation or slower
death which in turn results in the lower CD31%.
Figure 6.5 shows the results described above from ARROW (all age groups
amalgamated), alongside similar results from Li’s study [105]. In children, a
correlation between low CD31% and steep initial recovery of CD4 count is the
result of both greater long-term improvement (larger B) and faster proportional
rate of CD4 recovery (smaller τ) in these low-CD31 children (though the evidence for the latter is weaker, and only becomes apparent with the increased
power of the full dataset). Conversely, adults with low CD31% have a slow
initial rate of CD4 recovery (p < 0.001), and this correlation stems from an association between low CD31% and higher τ (slower proportional rate of CD4
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recovery; p < 0.001).
In the semi-mechanistic interpretation of model 6.1, proportional recovery
rate τ is related to the T-cell proliferation and death rates ρ and δ (Section 3.2)
via the relationship 1/τ ≡ δ−ρ . The correlation observed in adults between low
CD31% and higher τ (slower proportional rate of CD4 recovery) is therefore
consistent with the idea described above, that CD31% is also determined by
T-cell proliferation and death rates, and — like proportional recovery rate —
not directly affected by thymic activity. As thymic activity in adults is low, it is
unsurprising that it should not play an immediately obvious role in determining
the pattern of reconstitution. In children, however, the correlation is reversed
and low CD31% corresponds to a fast initial rate of recovery. The trend in
children stems mainly from differences in the extent of long-term recovery,
B, which are in turn associated with pre-ART CD4-for-age A: children with
low CD31% have a low pre-ART CD4-for-age but show a good improvement.
This is superficially surprising, as the model indicates that a low steady-state
CD4 count should be associated with larger (δ − ρ) (Equation 6.15), whereas
low CD31% would indicate small (δ − ρ). However, steady-state CD4 count
is also affected by thymic production (Equation 6.15), so in children — whose
thymic activity is higher and recovery more thymus-dependent — the effect
of differences in thymic activity may be more important than in adults. If this
is the case, then in children CD31% may indeed serve as a marker of thymic
activity, albeit indirectly, via fast homeostatic proliferation or slow death in
children with less active thymuses.
This is a very simple model and a number of criticisms might be levelled
at the simplifying assumptions made. Firstly, it assumes equal division and
death rates in all naive T-cells. There is some evidence from experiments in
mice that CD4+ RTEs have a shorter lifespan than resident naive T-cells [106].
However, even if proliferation and death rates are different in each of the successive division compartments, the expression for CD31% (6.15) would still be
independent of θ. Secondly, T-cell numbers in each compartment are assumed
to be at a steady state, whereas some authors describe an “accumulation” of
non-RTEs in the CD31+ T-cell pool in late adult life [99]. However, timescales
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of T-cell reconstitution in adults indicate that dynamics are faster than this, and
any such accumulation is therefore the result of changes in division or death
rates or the number of divisions over which CD31 expression is retained.
Li and colleagues interpreted their initial rate of CD4 reconstitution, B/τ,
as a rate of redistribution of T-cells from peripheral lymphoid organs, conventionally the primary phase of T-cell reconstitution [43]. However, their fastest
rate of recovery is of the order of 0.08 week−1 , with the median around 0.02
week−1 (Figure 6.5) whereas the rate of redistribution is reported elsewhere as
being around 0.2 week−1 [43]. They explained the correlation with CD31% by
postulating feedback between the thymus and peripheral lymphoid organs, but
any experimental evidence for such a mechanism is not well established. The
interpretation described here — of both CD31% and reconstitution in terms of
peripheral expansion — therefore seems more reasonable. Li et al explain the
contrast between adults and children by suggesting that while all the adults
they studied had sustained some significant level of damage to their thymus as
a result of their advanced infection (all participants had CD4 count < 250 cells
µL−1 ), children’s thymuses remained more intact, or were able to recover on
ART [105]. The contrast was therefore not so much between adults and children
as between individuals with serious versus marginal loss of thymic function.
It is difficult to evaluate this hypothesis without a cohort of higher-baseline
HIV-infected adults starting ART, but it is an angle for further investigation.
The analysis demonstrates how measurements of immunological markers
can be used to augment the information provided by NLME models, and can
provide a deeper level of understanding. The results show that different factors
affected CD4 reconstitution profiles in adults and children: in adults, peripheral
T-cell expansion and death are most important whereas in children, the thymus
is important because of its more significant role in determining steady-state
T-cell levels with and without ART. They thereby re-iterate the qualitative and
mechanistic differences between reconstitution in children and adults. Finally,
this interpretation suggests that measurements of CD31% are only indirectly indicative of thymic activity, rather than having the direct correspondence which
is sometimes assumed.

Chapter 7

A Mechanistic Model of
Homeostatic T-cell Reconstitution
7.1

Introduction

The previous chapters describe some predictors of children’s CD4 reconstitution profiles, including age, pre-ART CD4 count and CD31% (which may act
as an indirect marker of thymic activity). Having made a number of these empirical observations, a natural further step is to use more mechanistic models
to try to understand the predictive properties better in terms of the underlying
T-cell dynamics. Of particular relevance to paediatric HIV are the effects on Tcell population dynamics of age (incorporating thymic activity, and also other
age-related effects), and both active and ART-meliorated HIV infection. The
expectation was that understanding these dynamics would begin to provide
explanations for the empirical observations. As well as being biologically interesting, these explanations might in time be able to inform therapeutic decisions
about the management of HIV, and be extended to other conditions in which
T-cell dynamics, numbers or homeostasis and their development are disrupted.
Traditionally, mechanistic models of CD4 recovery on ART have placed an
emphasis on the effects on T-cell dynamics of T-cell infection and direct viral
killing. Such models have been successful in describing both the acute phase
immediately following HIV infection [107] and T-cell reconstitution on ART
[81, 75]. However, they are less appropriate as models of chronic HIV infection,
or as a way of understanding the effect of HIV on healthy T-cell homeostasis.
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Various lines of experimental evidence also suggest that limiting models to
direct cytopathic killing of T-cells provides an incomplete picture of the effects
of HIV infection. In particular, the numbers of virus-infected cells dying are not
enough to account for the full extent of T-cell depletion in HIV patients [108].
Such models also neglect the role of immune activation, and cannot therefore
explain why activation is a strong predictor of patients’ progression to AIDS —
stronger even than viral load [26].
An alternative view of the effects of HIV on the healthy immune system
may be provided by models of T-cell homeostasis. Like models involving T-cell
infection by HIV, these models are able to describe T-cell population dynamics
in response to an abrupt change in conditions (such as HIV infection or ART
initiation). However, homeostatic models are also appropriate as descriptions
of the system’s steady state, and can therefore be used to gain insight into the
effect of HIV on homeostasis.
In a simple two-compartment model of T-cell dynamics, T-cell homeostasis
is maintained by a small population of dividing cells susceptible to nonlinear
death [109, 110]. Nonlinear cell death — that is, a death rate of activated Tcells per unit time δ(y) = f (y) where y is the number of activated T-cells and
f is nonlinear in y — is realistic because death of activated T-cells is triggered
by cell-cell interactions via the Fas and FasL proteins expressed on the cell
surface [111]. (This is in contrast to homeostatic cell death, which occurs because of competition for limited survival signal; Section 1.3.) Because two cells
are involved in the interaction, a quadratic dependence of death rate on cell
numbers is expected. The importance to homeostasis of Fas-mediated death is
emphasised by the fact that individuals suffering from genetic deficiencies in
Fas-FasL signalling have elevated memory CD4 T-cell counts [112, 113]. Also,
in theoretical studies nonlinear apoptosis provides a mechanism for long-term
clonal memory which does not require ongoing activation [110]. Resting T-cells
compete for a signal that triggers them to enter the dividing phase — probably
cytokines and sp-MHC complexes, as described in Chapter 1.3.
This type of model has already proved fruitful in theoretical studies considering the effect of HIV on T-cell homeostasis [114]. By simple developments
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of the two-compartment homeostatic model, Yates and colleagues showed:
1. That T-cell dynamics and turnover are too fast to explain the slow decline
in CD4 count observed in HIV patients over several years.
2. That the slow decline may rather be explained by an additional slow
process such as exhaustion (reduced division and faster death) of a subpopulation of T-cells, viral evolution, increased immune activation or progressive loss of homeostatic division signal. This last proposition agrees
well with histological studies which have shown progressive damage in
HIV patients to lymphoid tissue, the site of antigen presentation [35, 36].
Given the benefits of a two-compartment homeostatic model of T-cell dynamics, and its proven worth in theoretical applications to HIV, the work described in this chapter aimed to investigate its usefulness as a means of understanding CD4 recovery in HIV-infected children. CD4 recovery is considered
in terms of a return to homeostasis of the HIV-depleted T-cell pool. The idea
is that such a model has the potential to explain not only the dynamics of CD4
recovery, but also the reasons for between-child differences in pre-ART and
long-term CD4 levels. Whereas the empirical model described in Chapters 3
to 6 has at best a semi-mechanistic interpretation, in a fully mechanistic model
parameters can represent and quantify real biological processes.

7.2

Methods

Because the modelling was carried out before the end of the ARROW trial, only
data to 1 April 2011 (one year before the trial end date) was available. Using
this data, asymptotic reconstitution profiles were identified in 930 of the 1206
children enrolled. CD4-for-age measurements from these 930 children, to 1
April 2011, were used to fit a NLME model of CD4 reconstitution, based on a
two-compartment model of T-cell homeostasis.

7.2.1

Model

A two-compartment model of T-cell homeostasis was used, in which the total
T-cell pool consists of a large resting and a smaller dividing population (Figure
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Figure 7.1: The two-compartment homeostatic model described in the text.

7.1). T-cells generated by the thymus at rate θ initially join the resting population, and in this state they may receive a signal to divide, entering the dividing
pool at a rate a, or may be lost from the pool by death, at rate δx . Cells in the
dividing pool return to the resting population at rate r, and may also die at rate
δ y . For populations of resting and dividing cells with sizes x and y respectively,
the system may be represented by the differential equation system:
dx
= θ + 2ry − a(x)x − δx (x)x
dt
dy
= a(x)x − ry − δ y (y)y
dt

(7.1)
(7.2)

The primary advantage of this two-compartment model over some of the
more complex models of homeostasis in HIV infection developed by Yates
et al [114], and incorporating T-cell activation and/or infection, is simplicity.
The introduction of extra compartments and parameters might improve the
biological accuracy of the model, but would demand more information of an
already limited number of available timepoints, would slow convergence of
the fitting algorithm, and would introduce further potential for collinearities
between parameters.

Parameters
With the exception of thymic production θ, all the parameters in the model are
first-order rate constants — that is, they have units of [time]−1 . Possible simple
forms for a(x) and δx (x) would be constant, linear or exponential functions. The
mathematical and statistical identifiability of a selection of these models were
investigated for realistic parameter values, using the FME package [115] in R. On
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the basis of these results and early attempts at fitting the model, exponential
models were selected for both a(x) = a0 e−x and δx (x) = δ0 eσx ({, σ} ≥ 0). In
the case of division rate a(x), this has a biological interpretation in terms of
competition between cells for a limited amount of signal to enter homeostatic
division: the division rate under conditions of no competition (infinite resource,
or very few cells) is a0 , while  characterises the response of the division rate
to competition. Similarly, the exponential death rate of resting cells could be
interpreted in terms of competition for a survival signal, with δ0 the death rate
in the presence of unlimited survival signal, and σ quantifying the response to
competition. This is in contrast to the Fas-mediated cell death rate, which has a
different functional form reflecting the different biological mechanism involved.
The parameter  was fixed at 1, so that division rate would vary on the scale of
the expected range of CD4-for-age measurements (0,1), and σ at 0.01 since death
rate of resting cells might be expected to be only weakly density-dependent.
It is possible that linear functions could have provided equally good fits to
the data, but for certain parameter values they can allow meaningless negative
rates and this was a secondary reason for using exponential functions. The rate
of return from cell division, r, is related to the length of the cell cycle and thus
unaffected by T-cell numbers. Here, it was set to 2 day−1 , since the time for cell
division is of the order of 12 hours [116]. Finally, the mechanism of activationinduced cell death for dividing T-cells, via Fas-FasL interactions, suggests that
absolute death rate, in units of [cells][time]−1 , might be a quadratic function of
cell numbers. The function δ y (y) = qy is therefore suggested as an appropriate
form to represent the density-dependence, and q fixed at 15 as an appropriate
value [117].

Boundary Conditions
The data to be modelled represent a transition between two steady states of
T-cell dynamics. On the basis of Yates and colleagues’ ideas [114], a child’s
pre-ART CD4 count can be thought of as a steady state, at cell numbers determined by the rate constants of the system. ART initiation and subsequent
viral suppression bring about a change in one or more of the rate constants and
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consequently a shift in the T-cell numbers at steady state. The data are recorded
during the transition between the pre-ART and post-ART steady states. Simplifying somewhat, homeostasis could be considered to be in the pre-ART state
until ART initiation, at which point the dynamics switch instantly to the postART state. Ideally, one would choose to model the pre-ART parameters as
modifications of the post-ART parameters: for example, untreated HIV might
increase the activation/division rate of resting T-cells or the death rate of dividing cells. The advantages of this type of model for pre-ART dynamics — as
a modification of post-ART dynamics — are firstly that they make full use of
the information about parameters unchanged by HIV infection which is contained in pre-ART CD4 counts, and secondly that they provide information
about the extent to which parameters are changed by the infection. However,
they also require an a priori hypothesis or understanding of which parameters
are altered by ART, in order that modifications may be applied to the correct
rate constants. Although a steady-state model of pre-ART CD4 count would
have been preferable, early attempts to implement and fit such a model failed
— probably because of a lack of information about which parameters would
be modified by HIV infection, how and to what extent; and due to strong and
poorly understood collinearities in the model. Instead, two parameters were
introduced: T0 , the total CD4 count at ART initiation, and F, the fraction of
these cells in the activated state at that point. Thus,
x(t = 0) = (1 − F)T0

and

y(t = 0) = FT0 .

(7.3)

Here, F is fixed at 0.1. F is very difficult to identify from the data available
because it only affects CD4 count very soon after ART initiation. However,
for the same reason it also has little effect on the predicted trajectories, so any
reasonable value may be chosen without compromising the conclusions.

Scaling
The raw data available consisted of CD4 T-cell counts, measured per µL of
peripheral blood. Increases and decreases in CD4 count reflected not only
changes in total body CD4 T-cell numbers, but also in blood volume as children
grew during the trial. Growth may also affect the amount of activation signal
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available to cells if the amount of lymphoid tissue does not increase at the same
rate as total body T-cell numbers, and mechanisms which direct T-cells through
the lymph nodes complicate matters even further. In an effort to account, at least
in part, for these developmental changes, CD4-for-age as defined previously
was fitted: the CD4 count measured, as a proportion of CD4 count expected in
a healthy child of the same age [9]. The scaling does not affect the values of the
first order rate constants in the model, which have units of [time]−1 . However,
it does scale the zero-order parameter θ, which has units [cells][time]−1 , as well
as , σ and q.

7.2.2

Fixed effects, random effects and residuals

The model parameters were either fixed at plausible values (see above), or fitted
using the data. The decision to fix or fit parameters was based on a combination
of collinearity/identifiability analysis, the availability of values in the literature,
and interest in being able to identify child-specific parameters. Where parameters were fitted, the starting estimates input to the search algorithm came
from the literature and/or from simulation studies which had yielded realistic
dynamics [117].
Lognormal distributions of random effects were used: in the notation of
Section 3.3, gk : φ̃ → exp(φ̃). The variance of random effects should therefore be
interpreted in terms of the coefficient of variation — the ratio of the standard
deviation to the mean, on the natural scale. Where parameters were fitted, a
random effect was initially included. Each random effect was then excluded in
turn, to check the difference in the fit (as measured by the objective function,
−2 ln(L) where L is the likelihood of the data, given the optimised parameters).
The combination of fixed parameters and fitted fixed and random effects used
in the final model is given in Table 7.1. A diagonal covariance matrix of random
effects was used, all covariances (as opposed to variances) being fixed at zero.
A multiplicative model was used for the residual errors: for individual
predictions ŷi j of CD4-for-age measurements yi j ,
yi j = ŷi j (1 + i j ),

E ∼ N(0, σ2 ).

(7.4)
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Fitting

Fitting was carried out by maximum likelihood, using NONMEM version 7.2
[118]. Early development of the model used the FOCE (first order conditional
estimation) algorithm because it is relatively robust to poor starting estimates.
Subsequently, the faster SAEM algorithm was used [74], but objective function
values were calculated using FOCE in order that they could be compared to
other FOCE estimates. The model fit was evaluated using standard graphical
diagnostic tools. Visual predictive checks were also conducted, in which rate
constants were sampled from the distributions defined by the fitted parameters.
These rate constants were then used to simulate data with the same structure
as the original input, and the simulated data were compared to the real data to
assess the model’s predictive properties.

7.3

Results

7.3.1

Model fit and predictive properties

The model, with its optimised parameters, made predictions of CD4-for-age
which agreed well with the data. Figures 7.2a and b show that measured
CD4-for-age was distributed near to the model’s predictions, with individual
predictions closer to the data than population predictions. Figures 7.3a and b
are designed to detect trends in the residuals with time on ART or population
prediction. Although a visual inspection of the distributions and a polynomial
fit do not highlight any trends, linear regression analysis does indicate a small
trend with time (gradient: −6.1 × 10−5 , p = 0.02). The trend indicates that there
is some model mis-specification, but its effect on predictions is much smaller
than the noise and measurement error also accounted for by the residuals.
The model’s predictive properties, assessed using simulated datasets, were in
general good. Figures 7.4a and b show that the 2.5th , 50th and 97.5th centiles of
the data fell, at most timepoints, within the 95% confidence regions predicted
by simulation.
When data is uninformative on a parameter in a NLME model, the estimates of individual-level parameters (random effects) will deviate less from

Residual Error

Random Effects

Fixed Effects

Fixed Parameters

in a child of the same age.

normalised cells−1 day−1

σ

q

5.19 × 10−2
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—

—

—

—

—

—

—

—

—
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−2
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−1

1.15 × 10−2

1.22 × 10
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3.74 × 10−4

5.07 × 10

—

—

—

—

—

Standard error

∼ 0.001 [120]

∼ 0.001 [119]

∼ 0.001 [11]

Literature value

refers to the scaling of CD4 count to CD4 expected for age. One “normalised cell” is equivalent to 100% of the CD4 count, in cells µL −1 expected

the residual errors. The last column gives the order of magnitude of some parameter estimates from other sources. The unit “normalised cells”

estimated variances of the random effects distributions (on the log scale). The final row (“residual error”) describes the estimated variance of

fixed during fitting. The second section (“fixed effects”) gives the estimated values of parameters, and the third (“random effects”) gives the

Table 7.1: Summary of the parameters in the NLME model. The first section (“fixed parameters”) gives the values of the parameters which were
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Figure 7.2: Goodness-of-fit plots showing population-average (left) and child-specific
(right) predictions made by the model, versus measured CD4-for-age. The line of unity
(solid black) represents exact agreement between predictions and data.

Figure 7.3: Goodness-of-fit plots examining trends in conditional weighted residuals
((data – population prediction)/standard deviation(data-population prediction)) with
(a) time and (b) population (fixed effects) prediction. Under the model we expect mean
conditional weighted residual of zero (solid black line), and 95% of residuals to fall
between -2 and 2 (dashed black lines). Red lines show smoothed local (loess) fits to the
data.
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Figure 7.4: Visual predictive check of the model. 1000 simulated datasets were generated, each consisting of 930 individuals with measurements at the same time points
as in the data. Blue shaded areas show the central 95% of the distribution of 2.5th and
97.5th percentiles in the simulated data. Similarly, red shading shows the central 95%
of the distribution of simulated medians. Red dashed or solid lines give percentiles of
the data, and blue circles are datapoints. (a) and (b) differ only in the y-scale which is
logarithmic in (b), to be clearer at low CD4-for-age.

the population mean than they would with more informative data. The term
shrinkage describes this tendency of estimates towards the mean when data are
inadequate. It is defined by the equation:

sh = 1 −

sd(ηEBE )
,
ω

(7.5)

where sh represents shrinkage, ηEBE are the estimated random effects and ω is
the estimated standard deviation of the random effects [121].
In the model described here, shrinkage on the random effects (etashrinkage) was relatively high (Table 7.1; 20-30% is regarded as substantial
shrinkage [121]), indicating that the data was under-informative about some
parameters especially a0 and θ. Shrinkage on the residuals (epsilon-shrinkage)
was good (Table 7.1; again, 20-30% is regarded as substantial shrinkage, [121])).
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Fixed-effect parameter values

The parameter values fitted in the model are given in Table 7.1. The agecorrection applied to CD4 counts, and the relative scarcity of previous parameter
estimates, make it difficult to compare estimates to literature values. However,
the last column of Table 7.1 makes an attempt to do so, and shows that the
estimates are in general of the same order of magnitude as estimates by other
methods.
Figures 7.5 and 7.6 illustrate the dynamics predicted by the fixed effects
given in Table 7.1. Firstly, Figure 7.5 shows the evolution with time of total
CD4 T-cell numbers, and the numbers and proportions of cells in the resting
and dividing T-cell pools. Two sets of dynamics are apparent here. In the
first few days following ART initiation there is a fast transfer of cells from the
dividing to the resting pool, perhaps as a result of a normalisation of the T-cell
dynamics with viral suppression. The exact nature of this transfer depends on
the parameter F, which was fixed in this model, so although it is likely that
some transfer of this kind occurs, little further information can be inferred from
this result. There then follows a much slower recovery of both the resting and
dividing pools (Figures 7.5 b and c), with a decreasing proportion of all T-cells
being in division as T-cell numbers normalise and less division is necessary
for homeostasis (Figure 7.5d). In the long term, around 0.25% of cells are in
division. Figure 7.6 shows the density-dependence of the homeostatic division
and death rates, and how these rates change with time on ART.
Figure 7.7 shows the numbers of cells (in units of CD4-for-age) produced by
thymic activity and peripheral division, and lost by death from the resting and
dividing populations, per day over the first 1500 days of treatment, according
to the fixed effects. Cell production by peripheral division is faster than thymic
production throughout, with production by division rising during the first 500
days as the number of CD4 cells increases faster than the homeostatic division
rate falls away. More cells are lost from the resting than the dividing pool
because of its greater size, and an increase in the death rate of resting cells
occurs over the first 1000 days as both the size of the resting pool and the rate of
homeostatic death increase. The number of cells lost by death from the dividing
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Figure 7.5: Population-average T-cell dynamics. Evolution of (a) CD4-for-age, (b) CD4for-age in resting pool, (c) CD4-for-age in division, (d) the proportion of the total CD4
population in division. Inset graphs show sections of the full trajectory at different
scales.
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Figure 7.7: Contributions of T-cell production by the thymus and by peripheral division, and loss from the resting and dividing populations, to T-cell dynamics during
reconstitution on ART.

pool is low at all times, but increases slightly as the dividing pool grows with
recovery.

7.3.3

Random effects

Correlations between Random Effects
Figure 7.8 shows the random effects estimated in each of the 930 children studied, and their correlations with each other and with pre-ART age. Some pairs
of parameters — for example death rate with maximum survival signal, δ0 , and
pre-ART CD4 count T0 — are clearly correlated, while others — for example
δ0 and thymic production θ — have weaker correlations. There are also correlation patterns such as that between division rate with maximum resource, a0 ,
and θ whose unusual strength and shape suggest they may result not from genuine relationships in the population but from parameter collinearities inherent
in the model. There were significant correlations (p < 10−7 ) between random
effects in all the parameters where they were estimated, suggesting that these
covariances should not be constrained to zero in future models.
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Figure 7.8: Correlations between estimated random effects, and with pre-ART age.
Below-diagonal panels give Pearson’s r; r2 , the proportion of response variation “explained” by the regressors, and a p-value for correlation.
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There were trends with pre-ART age in a0 , δ0 and θ (p < 10−10 ), suggesting
that older children may have lower cell division, increased death of resting
cells and poorer thymic activity. However, it is possible that some of these
relationships are due to mathematical collinearities in the model. In agreement
with earlier, empirical models, pre-ART CD4-for-age (T0 ) was lower in older
children (p ∼ 10−10 ).

Relative thymic activity increases with ART-naive age.
To understand better the trend in thymic activity with age, the scaled parameter
θ in the model was converted to an absolute number of CD4+ T-cells produced
by the thymus, per µL blood volume, per day, and this number compared
to Bains’s previous estimate with age [2] (converted to have the same units;
Figure 7.9). The model’s estimates are in general lower, which may be a result
of incorrect scaling in this model or in the Bains estimate, or the reduction in
thymic activity caused by HIV which has been demonstrated elsewhere [32].
When Bains’s value was used to normalise the NLME estimates, however,
children who were older at ART initiation had a higher thymic activity, as a
proportion of that expected in a child of the same age (p ∼ 10−8 ).

Children showing poor reconstitution have a combination of slow
entry to cell division, increased cell death and reduced thymic
activity.
Figure 7.10 probes the mechanistic basis for poor or incomplete CD4 recovery in children. It shows that children with lower long-term CD4-for-age had
slower entry to cell division (lower a0 ), increased cell death (higher δ0 ) and
poorer thymic activity (lower θ) (all p < 10−16 ). All three processes are therefore
still candidate causes of low long-term CD4-for-age. Without a deeper understanding of the model and its mathematical identifiability, however, it is not
possible to say which parameters are the genuine cause and which may have
been influenced by identifiability and collinearity problems.
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individual-level prediction of CD4-for-age at the last available timepoint in each child.

Figure 7.10: Correlations between long-term CD4-for-age and child-level parameters estimated from the model. Long-term CD4-for-age was the
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Immunological Markers are correlated with the values of some
parameters.
In children for whom immunophenotyping data was available, correlations
between dynamical parameters estimated in the model and the percentage of
CD4+ cells expressing either HLA-DR or Ki67 at ART initiation are shown
in Figure 7.11. Of the eight correlations examined, four were significant at a
threshold of p = 0.05. (No adjustment was made for multiple comparisons.)
Two of these related to the pre-ART CD4-for-age, which was lower in children
expressing HLA-DR or Ki67 on more of their cells (p = 0.038 and 0.0020, respectively) — consistent with increased activation and proliferation being related
to a greater degree of CD4 depletion. Children expressing Ki67 on more cells
also had higher homeostatic death and division rates of resting cells (δ0 and ρ0 ;
p = 0.029 and 0.0005), but expression of HLA-DR showed no correlation.

7.3.4

Residuals

The model proved a significantly worse fit where HLA-DR and Ki67 were
elevated beyond the normal range, as shown in Figure 7.12. This indicates that
the model is most appropriate in children with relatively healthy patterns of
T-cell activation and division.

7.4

Discussion

Mechanistic models of CD4 recovery on ART to be found in the literature
predominantly focus on direct viral killing of T-cells [81, 75]. Although such
models have been successfully applied to longitudinal datasets, they are known
to be an incomplete description of T-cell dynamics in HIV because they fail to
explain certain observations, including the slow decline in CD4 count during
the chronic phase of HIV progression. The two-compartment homeostatic
model, developed based on the known biology of homeostasis, has provided an
explanation of the slow CD4 decline in HIV infection [114], and this work now
demonstrates that the model can also successfully describe recovery of CD4for-age in children starting ART. In doing so, it supplies additional evidence
that the model provides an accurate description of T-cell dynamics, and one
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Figure 7.11: Correlations between immunological markers and child-level parameters
estimated in the model. Immunophenotyping measurements are at ART initiation.
P-values are shown where p ≤ 0.05.

7.4. Discussion

126

Figure 7.12: Conditional weighted residuals (see Figure 3) against immunological
marker expression at the same time point and measured in the same patient. Black
dashed lines indicate the central 95% of the expected residual distribution, and red lines
are a smoothed local (loess) fit. For comparison, a study of healthy Dutch children aged
four to six years found median (range) 1.0 (0.6,1.6)% HLA-DR expression and 1.6 (0.64.1)% Ki67 expression [122].

useful for probing the mechanistic causes underlying trends observed in CD4
reconstitution in children. Models of this type are complementary to the more
traditional models. While they are not able to quantify variables such as T-cell
infection rate and viral burst size, they do offer an alternative understanding of
HIV pathogenesis and the long-term effects of infection on immune dynamics:
effects which often persist even after successful viral suppression with ART.
Predictive and other checks identified some weaknesses of the model. Although its predictive properties are good over the majority of the time course
(Figure 7.4), at baseline and the earliest time points there are more low CD4-forage measurements than might be expected. These measurements may come
from children whose very low CD4 counts were a result of T-cell dynamics
poorly represented by the model (for example, who may have had significant
proportions of bystander-activated or HIV-infected cells). The strong associations between estimated child-level random effects show that it is incorrect to
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use a diagonal covariance matrix (with zero off-diagonal elements), and values
should instead be fitted for a full, symmetric covariance matrix. The relatively
high shrinkage on random effects indicates that the data was under-informative
on a0 and θ. The first step towards understanding and potentially tackling this
problem is to find an appropriate form for the covariance matrix. Beyond this,
there may be little that can be done to improve shrinkage as different timepoints
would be required to increase the information content. If a future study were
being designed, however, optimal design software — for example, the R tool
Pfim [123] — could be used to identify timepoints which would improve the information content regarding parameters of interest. Alternatively, experimental
techniques [2, 32] could be used to measure thymic activity independently and
inform the model.
Although it is difficult to find parameter estimates in the literature for
comparison with the fixed effects fitted here, there was order-of-magnitude
agreement which gives some confidence about the validity of the model and
parameter estimates. The fixed effects can be used to understand the evolving
relative contributions of thymic production, peripheral division and death of
resting and dividing cells to the CD4 T-cell pool. They indicate that throughout
recovery, peripheral expansion generates new T-cells at a faster rate than thymic
production, in agreement with Bains’s work quantifying the development of
T-cell dynamics in healthy children [11]. The dynamics predicted by the fixed
effects also suggest that on long-term ART, around 0.25% of CD4 T-cells are
in division: an order of magnitude lower than the upper bound provided by
the Ki67 expression measured on CD4 T-cells by Hazenberg and colleagues
in 25 healthy children (median, range: 2.6(0.9,12.4)%) [34]. The lower value
estimated here for the proportion of cells in division may reflect the fact that
Ki67 continues to be expressed for some time after division has ended [124]. In
addition, the data was collected from peripheral blood whereas division occurs
mainly in SLOs. The estimate of 0.25% is similar to the 0.2% day−1 rate of naive
T-cell proliferation which has been measured in healthy adults using deuterated
glucose [125].
One of the aims of the model was to understand the reasons for varying
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degrees of incomplete CD4 reconstitution in children. Sensitivity analysis (Figure 7.13) shows that thymic output, rates of T-cell activation or death in the
resting or dividing pools, and even rate of return to the resting pool may affect
long-term CD4 count. While rate of cell division (r), which is related to the time
taken for division, is unlikely to be affected by HIV infection, the child-level
parameters identified do not rule out any of the other possibilities. There were
correlations between long-term CD4 count and all three of thymic production,
T-cell activation rate and T-cell death in the resting pool. However, the death
rate of resting T-cells is thought to be very low [120], and future models might
fix δx at a low value or zero, since more variability is likely to stem from thymic
output θ, division rate a(x) or even Fas-mediated death rate q. Attempts to
do this so far have failed, but it may be possible once other problems with
the model — for example, finding a better covariance structure for the random
effects — have been resolved.
The estimates of child-level dynamical parameters help to explain the reasons behind the empirical observation described in Chapters 4 and 5, of lower
long-term CD4-for-age in older children (Figure 7.8). Older children appear
to have slower homeostatic division of T-cells, lower thymic output and faster
death of resting cells. This is consistent with thymic involution with age [1],
and the idea that a longer duration of HIV infection may affect access to homeostatic division signals in the periphery by destruction of the lymph nodes [36].
The correlation between age and the death rate of resting cells may be real, but
could also reflect a collinearity between a0 and δ0 .
Children with lower pre-ART CD4 counts had lower thymic activity θ
estimated by the model. This suggests that poor thymic function — whether as
a result of involution with age or of viral destruction of thymic tissue — may be a
reason for poor pre-ART CD4 count, and hence for the correlation between preART and long-term counts. There was also an interesting relationship between
pre-ART CD4-for-age and activation rate a0 of resting cells: while children with
pre-ART CD4-for-age near the centre of the distribution had higher CD4 counts
if activation rate was higher, a smaller number of children with very low CD4for-age showed the opposite pattern: those with the most depleted CD4 pools
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had the highest levels of activation (Figure 7.8). These children’s very poor
pre-treatment status (with correspondingly high homeostatic division) may be
the result of pathological, and qualitatively different, patterns of activation. A
more complex model incorporating compartments for dividing and bystanderactivated T-cells might help to develop (or negate) this idea. The main part of the
distribution, however, may provide additional information about correlation
between pre-ART and long-term CD4 counts: a low CD4-for-age on ART may be
the result of low cell division which, from Figure 7.8, appears to correspond to a
low-CD4-for-age with no treatment. This would be consistent with damage to
the lymph nodes and consequently reduced access to division signal as a cause
of low CD4 counts both on and off ART.
Although the correlations between model parameters have been helpful
in shedding light on possible reasons for earlier empirical observations, they
should be interpreted with care. The very strong, and sometimes non-linear,
correlations between some pairs of parameters indicate some collinearity —
that is, in some cases between-child variability in the model may be allocated
equally well to either of two parameters. It is therefore important to be cautious
in interpreting correlations which are potentially falsely induced. Once again,
obtaining the correct form for the covariance matrix of random effects will be
the first step in tackling this problem.
As expected, there was a lesser contribution by the thymus to CD4-for-age
in older children, both in units of CD4-for-age day−1 , and cells µL−1 day−1 . However, when the random-effects estimates were normalised to examine thymic
production as a proportion of that expected, there was an increase with age in
thymic output, as compared to the output expected for age. A possible explanation may be that very young children, whether HIV-infected or uninfected,
require all their potential for thymic activity to build up a T-cell pool of healthy
size and diversity. As a healthy child develops, their thymic output decreases,
perhaps as a result of a reduced need for de novo production of T-cells. In
HIV-infected children, however, reduced CD4 count maintains the need for
T-cell generation. Ongoing high thymic activity might lead to a preservation of
thymic function, slower involution and an increasing difference between HIV-
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infected and uninfected children. This idea would, however, require a feedback
mechanism between peripheral T-cell levels and thymic activity which is not a
possibility currently supported by experimental evidence. An alternative explanation for this trend might lie in the model. All parameters are assumed to
remain constant over the whole time following ART initiation. This is clearly
inaccurate in the case of thymic activity, which decreases continuously with
time (age), and is also affected by ART [32]. The model will identify an optimal
parameter value which describes most of the data well. In young children, in
whom CD4 count is falling fast, this may be substantially lower than the activity
at ART initiation (the age to which it is being compared for a healthy child). In
older children, however, thymic activity is less variable and falls more slowly,
so a value for thymic activity based largely on later timepoints is closer to its
value at baseline. This is an alternative source of the trend observed in Figure
7.9. In future models it will be important to model thymic activity not as a
constant value, but as a function of age or of expected thymic activity, given
age.
This study has laid some foundations for mechanistic modelling and understanding of T-cell homeostasis in HIV-infected children. There is much room
for further work, which should include developing a model for pre-ART CD4
count as a steady state, establishing the correct form for the covariance matrix, and incorporating continuous age- and ART-related changes in parameter
values. Covariates should also be included as predictors of parameter values,
and allometric scaling of weight could be used to account for changes in the
passage of cells through the lymphoid organs. It may also be possible to extend
the model to include extra compartments, including pools of activated and/or
HIV-infected cells.

Chapter 8

Conclusions
Understanding T-cell dynamics and homeostasis is one of the fundamental unsolved problems in immunology: what are the systems, laws and mechanisms
by which individuals maintain the correct numbers of T-cells and their various
subpopulations, and a sufficiently broad TCR repertoire, for healthy immune
function? It is a question of scientific interest and clinical importance because it
relates mechanistic details at a cellular and organ level to functional, emergent
behaviour of the system as a whole and the health of the individual.
My aim was to investigate factors affecting the reconstitution of the CD4
T-cell pool in HIV-infected children starting ART, and the changes in T-cell
dynamics underlying these effects. Understanding these changes better would
help inform management strategies for HIV-infected children at an individual
and a public health policy level. It would also improve understanding of
the developing dynamics of the T-cell pool in health and disease. Finally,
it would suggest productive directions for further modelling and laboratorybased investigations.
Mixed-effects models have been widely used to interpret longitudinal CD4
trajectories from HIV-infected individuals starting ART. Some studies have
used empirical models to identify factors affecting the speed and eventual
extent of recovery in both children [48] and adults [90, 87]. Others use more
mechanistic models in an attempt to quantify some of the processes involved
in reconstitution. These mechanistic models have traditionally focussed on the
role of direct viral killing of infected CD4+ T-cells [81, 75], but there is extensive
evidence that multiple other factors also contribute to T-cell depletion in HIV,
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and these have only been considered in a small number of theoretical studies
[114].
The first part of the work described here developed an empirical model
for CD4 reconstitution in children based on a monophasic, asymptotic recovery function. Applying the model to data from the PENTA 5 and ARROW
clinical trials identified strong associations between age at ART initiation and
pre-ART and long-term CD4 counts (standardised for age). Having accounted
for this effect, there was also an additional strong association between pre-ART
and long-term counts. These findings were not surprising given their agreement with multiple previous studies but unlike previous studies, the modelling approach taken here allowed predicted CD4 trajectories to be simulated,
given hypothetical starting ages and CD4 counts. These simulations, based on
the parameters fitted in the models, indicated clearly that current CD4-based
guidelines for ART initiation, which give a fixed initiation threshold in children
over five years, serve younger children well but result in progressively lower
long-term CD4 in children starting ART at older ages. Current thresholds are
designed to limit disease progression in the short term, and the simulations
suggest that in young children, they also preserve adequate long-term CD4
levels in adulthood. In older children, however, delays in ART initiation which
are safe in terms of short-term risks may damage potential for good long-term
CD4 count. At a policy level, this would support a view that if extra resources
for ART become available (in addition to those to fulfil WHO guidelines), they
should be allocated to older ART-naive children in an attempt to preserve their
adult CD4 levels.
There is increasing experimental evidence that CD4 T-cell depletion in HIV
infection is due at least in part to damage to the lymph nodes which is caused
by chronic inflammation and results in limited access to homeostatic survival
and proliferation signals [36, 37]. The observations in PENTA 5 and ARROW
are consistent with this idea: older children, who have been HIV-infected for
longer and are likely to have more damage to lymph nodes, have lower (agecorrected) CD4 levels than younger children. In addition to this effect, those
with lower CD4 pre-ART also had more limited potential for recovery, suggest-
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ing permanent damage to homeostatic mechanisms which is not reversed by
viral suppression.
Analysis of data from the ARROW trial also identified distinct subgroups
of children whose CD4 counts responded in qualitatively different ways to
ART, not following the asymptotic pattern of the majority. This highlights
some problems with modelling a population showing qualitatively different
responses to treatment using a single response function. Firstly, including
children in the minority groups when obtaining parameter estimates for the
response in the majority is likely to bias those estimates. Secondly, in using a
single response function, a wealth of information about the minority responses
is lost which could shed light on disease progression and the mechanisms of
CD4 T-cell loss and recovery.
Another application of the empirical model stemmed from its semimechanistic interpretation. The immunological marker CD31 shows a positive
correlation with initial rate of T-cell reconstitution in adults, but a negative
correlation in children. Careful interpretation of the model’s parameters, and
a consideration of the factors affecting CD31%, allowed this contrast to be
explained. In adults with advanced HIV infection, both recovery speed and
CD31% are determined by peripheral T-cell proliferation and death rates. In
children, thymic activity is more variable and the thymus is more involved
in determining steady-state T-cell count. This fact could lead to the opposing
correlations observed.
Having identified some predictors of CD4 T-cell reconstitution, a natural
development was to try to understand their role in reconstitution using a more
mechanistic model. A two-compartment model of T-cell homeostasis has already been developed in theoretical studies. Here it was applied to data for the
first time, using a NLME framework. Although some problems with the model
— in particular, strong collinearities between parameters — mean that results
should be interpreted with caution, the work has shown that this model can be
used to represent homeostatic T-cell reconstitution in children. It also illustrates
the vast potential for drawing conclusions about mechanisms and determinants
of reconstitution from analysis of estimated parameters and random effects. In
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the future, this kind of information will allow patient management to be based
not only on epidemiological evidence but also on a fuller understanding of the
factors contributing to good long-term immunological health.

8.1

Further Work

The empirical model lends itself very naturally to making predictions of longterm CD4 count, and to investigating variables which may predict characteristics of a child’s recovery profile. Its predictive ability means it has potential as a
tool for guiding patient management, both at an individual level — by making
individualised predictions of long-term CD4 count under different treatment
regimes — and at the level of public health policy by informing treatment
guidelines. The identification of predictors of recovery allows comparison of
management strategies in terms of their effect on the characteristics of recovery.
Before the model can be used in this way, however, it should be applied to
a variety of datasets to evaluate it, assessing the repeatability and robustness
of parameter estimates in different contexts. Any clinical recommendations
— for example, child-specific predictions of adult CD4 count, or the contour
plot in Figure 5.2b — should be delivered with confidence intervals. Intervals could in the first instance be obtained by bootstrapping from the original
dataset, but even this step has not been attempted to date. In the future, as
more HIV-infected children reach adulthood and actual adult CD4 counts become available, they should also take into account the uncertainty introduced
by extrapolation.
The process of applying the model to different datasets may itself lead to
some interesting observations. A particularly interesting dataset comes from
the CHER trial [126], which involved infants starting ART according to different
regimes. Because infancy is a period of particularly complex T-cell dynamics
— with fast changes in thymic activity and a high rate of exposure to new
antigens, even compared to the ongoing changes in later childhood — it will
be interesting to know whether the asymptotic model is adequate. The PENTA
11 [53] trial involved planned treatment interruptions, and may be informative
about the differential effects of age at ART initiation and duration of off-ART
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viral exposure, which are not distinguishable in trials involving only ART-naive
children. It may also be informative as to the extent to which CD4 set-point is
specific to an individual, and to what extent it is determined by the duration
and other characteristics of their HIV infection.
An important question to be addressed is at what age the models developed
here for use in children should be dropped in favour of alternative models of
recovery in adults. Conventionally, paediatric guidelines and recruitment to
paediatric trials stop at age 16 or 18 years, but this reflects administrative
categories at least as much as any evidence about immunological development.
It may also be the case that HIV infection contracted at birth is a fundamentally
different disease from HIV infection encountered later in life.
The models have already been used to identify some demographic characteristics predicting poor long-term recovery. The detailed immunophenotyping
data available from the ARROW immunology substudy provides further potential predictors which should also be investigated, firstly for their clinical
applications in identifying children in whom early ART might be particularly
important, and secondly for the clues that they would provide as to the reasons
for poor reconstitution. Techniques for handling high-dimensional datasets,
such as correspondence analysis, might be useful here as a way of coping with
the large number of correlated variables produced by flow cytometry analysis.
Similarly, the immunophenotyping data is likely to contain valuable information about the reasons why children respond in qualitatively different ways
to treatment. It has already been suggested (Chapter 5) that different reconstitution profiles may correspond to differing states of the immune system at
treatment initiation. The immunophenotyping data has the potential to reveal
important differences between these states.
Although the first steps in developing a mechanistic model for homeostatic T-cell reconstitution have been made, there is still much to do. Most
immediately, the model should be improved by relaxing the assumption of
zero covariances between random effects in the parameter values. Age should
also be incorporated as a continuous variable, to allow θ (and, if appropriate,
other parameters) to vary continuously reflecting development during recon-
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stitution. Implementing these two improvements would give a reliable basic
model to which further developments might be added.
Further developments of the basic model would include finding a better
model for the time-zero boundary condition, expressed in terms of a perturbation of a child’s T-cell dynamics on ART. The model could also be extended
to include more compartments, for example of HIV-infected and/or bystanderactivated T-cells as suggested by Yates’s original modelling study [114]. Both
these extensions would contribute to a better understanding of the progressive
effects of HIV infection on T-cell dynamics and their development. By comparing the results of an extended model to immunophenotyping data, it will
become clearer how this extra data should be used to inform the models further, and to improve patient management. Immunophenotyping data and an
extended mechanistic model might also elucidate some of the reasons for the
qualitatively different CD4 recovery profiles identified in Chapter 5.
Both the empirical and the mechanistic models may be useful in investigating immune reconstitution in other conditions and, potentially, other lymphocyte populations. Preliminary investigations have already been carried out
using data from bone marrow transplant patients [127], and it is easy to envisage
applications to other immunodeficiencies. Each condition will have something
new to contribute to the overall picture of immunological homeostasis. No
doubt, the model will be found to be inappropriate for some conditions and/or
cell types, but this in itself will provide information as to differences between
the conditions.
The strong collinearities and long processing times encountered in fitting
the NLME models to response functions described using ODEs have highlighted the inadequacy of most current approaches to parameter estimation in
this class of model. Concurrently with the development and extension of the
mechanistic models, new fitting algorithms will need to be established which
can produce robust parameter estimates in a reasonable length of time. Geometric MCMC methods have already been used to identify parameters in biochemical networks described by ODEs [79], and implementing these methods to do
inference for mixed-effects models will be an important task in the development
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of models of homeostatic T-cell reconstitution. Strong parameter collinearities
are common in systems described by ODEs, and the methods developed will
have a wider applicability to other systems including pharmacokinetic models.

The studies presented here set out to describe CD4 T-cell reconstitution
in HIV-infected children, to identify predictors of recovery profiles and to understand the mechanisms involved. Building on statistical, theoretical and
experimental foundations already established, I have successfully begun this
work, and started to develop a framework in which these kinds of questions
might be addressed and to collect tools with which they might be handled.
There is much potential for further investigation, and it is to be hoped that
future work will further improve scientific understanding of paediatric HIV,
T-cell dynamics and their development and clinical practice.
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Appendix A

Calculating z-scores for CD4 count
The following function in R was used to calculate CD4 z-scores from children’s
age (in years) and CD4 count (in cells µL−1 ). It follows the form described in
[65] and [66]. Parameter values were supplied by the MRC Clinical Trials Unit.
cd4.conc.zsc<-function (cd4,age){
a1<-0.62987
a2<--1.4017
a3<-0.83364
a4<--0.23954
a5<-0.57091
b1<--0.49740
b2<-0.75867
b3<-0.23400
c1<-0.26709
c2<-0.26079
c3<-0.43891

x<-(ageˆa5-1)/a5
m<-(a1*x-a2)*exp(-a3*x+a4)
l<-b1+b2*exp(-b3*x)
s<-c1+c2*exp(-c3*x)

(((((cd4/1000)ˆl)-1)/l)-m)/s
}

Appendix B

R code used with the PENTA 5 data
The following snippet of R code was used to fit the final model (incorporating
covariates) of CD4 response to treatment, as described by Equations 4.3 and 4.4:
model<-nlme(
zsc˜asy-(asy-int)*exp(-c*week),
data=penta5,
fixed=list(int˜bage.cen+logvl.cen+stageC,asy˜bage.cen+stageC+bwaz.cen,c˜1),
random=int+asy˜1,
start=c(-1.54,0,0,0,-0.604,0,0,0,0.0239),
correlation=corCAR1(),
na.action=na.omit,
control = nlmeControl(returnObject=TRUE),
verbose=TRUE
)

Models for reconstitution of naive and memory cells in the PENTA 5 immunology substudy were fitted in a similar way:
ra.model<-nlme(
lograt.ra˜asy-(asy-int)*exp(-c*week),
data=p5imm,
fixed=int+asy+c˜1,
random=int+asy˜1,
start=c(-3,0,0.04),
correlation=corCAR1(),
na.action=na.omit,
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control = nlmeControl(returnObject=TRUE),
verbose=TRUE
)

ro.model<-nlme(
lograt.ro˜asy-(asy-int)*exp(-c*week),
data=p5imm,
fixed=int+asy+c˜1,
random=int+asy˜1,
start=c(-1.54,-0.604,0.0239),
correlation=corCAR1(),
na.action=na.omit,
control = nlmeControl(returnObject=TRUE),
verbose=TRUE
)

Appendix C

R code used with the ARROW data
The R function nlsList was used to identify children with asymptotic versus
non-asymptotic patterns of CD4 reconstitution:
nlme.list.simple<-nlsList(
log.cd4.ratio˜asy-(asy-int)*exp(-c*week),
data=frame,
start=c(int=-1.3,asy=-0.1,c=0.0404),
na.action = na.omit,
control = nls.control(maxiter=1000)
)

sum(is.na((coef(nlme.list.simple))$int)) # Find children who did not converge
sum(!is.na((coef(nlme.list.simple))$int)) # Find children who *did* converge

# convergers/non-convergers
frame$c_group <- factor("NC",levels=c("NC","C"))
frame$c_group[frame$trialno %in%
row.names(coef(nlme.list.simple))[which(!is.na(coef(nlme.list.simple)[,1]))]
] <- "C"

In children with asymptotic reconstitution, the nlme function was used to
fit the asymptotic model with covariates, as described in Equations 5.2 and 5.3.
conv<-subset(frame,frame$c_group=="C")

nlme.final<-nlme(
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log.cd4.ratio˜asy-(asy-int)*exp(-c*week),
fixed=list(int˜bage.cen+bwaz.cen,asy˜bage.cen+sex,c˜1),
random=int+asy+c˜1,
start=c(-1.3,0,0,-0.1,0,0,0.0412),
data=conv,
subset=which(is.finite(conv$log.cd4.ratio)),
na.action=na.omit,
correlation=corCAR1(),
control=nlmeControl(maxIter=100, returnObject=TRUE),
verbose=TRUE)

In those with non-asymptotic reconstitution, linear models were fitted to
distinguish the four qualitatively different responses shown in Figure 5.3.
non.conv<-subset(frame,frame$c_group=="NC")

pars<-data.frame(trialno=unique(non.conv$trialno), int=NA, w1=NA, p=NA, n=NA)

for (i in unique(non.conv$trialno))
{
sub<-subset(non.conv,non.conv$trialno==i)

if (nrow(subset(sub,sub$week>0))>1){
lm.sub<-lm(log.cd4.ratio˜week,data=sub)
pars[which(pars$trialno==i),2]<-coef(lm.sub)[1]
pars[which(pars$trialno==i),3]<-coef(lm.sub)[2]
pars[which(pars$trialno==i),4]<-(summary(lm.sub))$coefficients[2,4]
pars[which(pars$trialno==i),5]<-nrow(sub)
}
}

pars$flag<-NA

# identify children with significant/non-significant slope
pars$flag<-factor(as.numeric(pars$p<0.05))
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pars$flag2<-factor(pars$flag,levels=c("0","1","1a","1b"))
pars$flag2[which(pars$flag==1&pars$w1<0)]<-"1a"
pars$flag2[which(pars$flag==1&pars$w1>0)]<-"1b"

# write into frame
non.conv$lin_group <- factor("C",levels=c("C","0","1a","1b"))

# one or two data points only
non.conv$lin_group[which(non.conv$trialno %in%
(pars$trialno)[which(is.na(pars$flag2))]
)] <- NA

# non-significant gradient only
non.conv$lin_group[which(non.conv$trialno %in%
(pars$trialno)[which(!is.na(pars$flag2)&pars$flag2=="0")]
)] <- "0"

# significant, negative slope
non.conv$lin_group[which(non.conv$trialno %in%
(pars$trialno)[which(!is.na(pars$flag2)&pars$flag2=="1a")]
)] <- "1a"

# significant, positive slope
non.conv$lin_group[which(non.conv$trialno %in%
(pars$trialno)[which(!is.na(pars$flag2)&pars$flag2=="1b")]
)] <- "1b"

