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Abstract

Developments in the field of Deep Learning (DL) have provided new means of tracking
healthy ageing, and have established DL-predicted brain age as an accurate and reliable
biomarker for brain health. Deviations from a healthy brain ageing trajectory, indicated
by an increased predicted brain age relative to chronological age, and thus positive brain
age delta, have been associated with cognitive impairments. This thesis focuses on de-
veloping a robust brain age prediction model to investigate brain ageing in HIV-positive
individuals. We utilise the UK Biobank, CamCAN, and ENIGMA-HIV datasets for this
task and train a convolutional neural network in two stages. First, we pre-train the model
on the large UK Biobank dataset (N=21366) which contains individuals in the age range
of 45-82 years. To this end, we achieve a mean absolute error (MAE) of 2.57±1.94 years.
Next, we fine-tune the pre-trained model on a smaller dataset, with a wider age range,
aligned with that of our testing dataset from ENIGMA-HIV. We select the CamCAN
dataset (N=484) for this, with individuals spanning the age range of 18-88 years. We
obtain an MAE of 3.54 ± 2.59 years on the holdout CamCAN test set, substantially im-
proving upon the 6.38 ± 5.30 years MAE achieved without pre-training. We then apply
the trained model to the multi-site ENIGMA-HIV testing dataset which we have har-
monised to remove inter-site variation. Following testing, we apply a fixed-effects model
to analyse whether the brain age deltas are significantly higher in HIV-positive individu-
als compared to HIV-negative controls. Although no statistically significant difference is
found in the brain age deltas due to HIV status, further analysis reveals significant cor-
relations between the brain age deltas and specific HIV clinical measures, in particular,
nadir CD4 count and current CD4 count. This thesis’s findings contribute to under-
standing the impact of HIV on brain ageing and associated factors of significance, and
highlights the value of DL techniques in medical research.
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Chapter 1

Introduction

1.1 Background
Tracking whether one is ageing along a healthy trajectory is of importance for monitoring
wellness and promoting longevity [9]. One measure by which a healthy ageing trajectory
can be tracked is through the analysis of an individual’s brain health, specifically their
‘brain age’. By assuming that in healthy individuals, brain age aligns with chronological
age, we are able to estimate the brain age of individuals with unknown health status
based on the appearance of their brain. Many afflictions, such as Alzheimer’s [10], car-
diometabolic disorders [11], mental illnesses such as depression [12] and even certain
lifestyle factors [13], have a neurological impact. These factors may lead to the brain
ageing faster than the individual’s chronological age. Being able to determine and mon-
itor the progression of brain ageing can provide a means of assessing the severity of the
disease and efficacy of treatment. Furthermore, the ability to assess whether an individ-
ual is deviating from a healthy brain ageing trajectory can provide an early diagnostic
tool for diseases such as Alzheimer’s [14]. The brain age delta measures the difference
between brain age and chronological age and is given by

δ = agebrain − agechron (1.1)

where agebrain is the apparent age of the brain as measured by a health professional, or
a predictive model, such as a deep learning (DL) model. This brain age delta has been
shown to be a reliable biomarker of an individual’s brain health [9], measuring if, and how
much, an individual is deviating from a healthy ageing trajectory. From Equation 1.1,
individuals whose brain age is greater than their chronological age will have a positive
delta, and vice versa. It is expected that healthy individuals will have a delta close to
zero.

As the field of machine learning (ML) develops, ML models have been frequently
utilised in the health care field and put to the task of assessing brain ageing. These
models include Gaussian process regression (GPR) [9], support vector regression (SVR)
[10], and more commonly, DL techniques; in particular, convolutional neural networks
(CNNs) have proven useful [9, 15–17]. A variety of different physical features have been
used as input to these models, as a means of determining brain age. These features
include cortical thickness [18], functional connectivity [19], grey matter (GM) and white
matter (WM) volumetric maps [9], as well as T1-weighted brain MRI scans [15–17].

In addition to the aforementioned conditions associated with a positive brain age delta,
a positive brain age delta has also been seen to be a feature of human immunodeficiency
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virus (HIV) [20]. Despite advancements in antiretroviral therapy (ART), HIV still impacts
approximately 39 million people around the world [21]. HIV has also been linked to
neurological effects [22, 23] which prompts the question of its impact on brain ageing. A
gap in current research is evident; as of this study, no literature on the applications of
CNNs to investigating brain ageing in HIV-positive (HIV+) individuals could be found.
This gap reveals a substantial research opportunity. Thus, in this work we shall focus
on researching applications of CNNs to brain ageing, with a focus on applying a CNN to
investigate brain ageing in HIV+ individuals.

A fundamental challenge in neuroimaging research is the limited availability of diverse,
large datasets. This limited availability poses an issue when developing ML models
for tasks such as brain age prediction, which not only require extensive datasets for
effective training, but also require diverse datasets to ensure generalisability to new,
often smaller datasets, obtained through different scanners and scanning protocols. We
see that often high performing models are trained with one dataset and the generalisation
across datasets from other sources is unknown [24]. Addressing this challenge, our work
not only focuses on exploring brain ageing in HIV+ individuals but also aims to develop a
model that demonstrates high accuracy and adaptability when applied to smaller, unseen
datasets, which will be the case for the dataset of HIV+ individuals.

1.2 Problem Statement
Despite advances in treatment, HIV continues to have a major global health impact [21].
Given the established association between HIV and neurological implications, we are
prompted to investigate whether HIV contributes to accelerated brain ageing. Thus, this
thesis aims to develop a CNN model and utilise transfer learning to explore the effects of
HIV on brain age. This investigation extends to identifying which factors, particularly
HIV-related clinical measures, may exacerbate this effect. By conducting this research,
we aim to fill a current gap in the literature and contribute to a deeper understanding of
the neurological impact of HIV and related factors of significance.

1.3 Research Questions
There are three notable research questions for this work, outlined below in the order that
they will be addressed.

1. To what extent does model pre-training and transfer learning allow for application
of the model to smaller, unseen datasets?

2. What are the effects of HIV on an individual’s brain age, as predicted by an ML
model?

3. What HIV-related clinical measures, such as an individual’s CD4 count, nadir CD4
count, ART status and acquired immunodeficiency syndrome (AIDS) status, is the
brain ageing effect correlated to?

1.4 Hypotheses
Our hypotheses are as follows:
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1. Model pre-training and transfer learning substantially improves the model perfor-
mance, thus allowing for improved application to smaller, unseen datasets.

2. HIV leads to accelerated brain ageing, resulting in a positive brain age delta. Specif-
ically, the brain age delta obtained on HIV+ individuals will be significantly larger
than the brain age delta obtained on HIV-negative (HIV−) individuals.

3. There will be a negative correlation between the individual’s CD4 count and nadir
CD4 count and their calculated brain age delta. The use of ARTs will be correlated
to a smaller brain age delta and a status of AIDS will be correlated to a larger
brain age delta. These correlations would demonstrate that a lower CD4 count,
nadir CD4 count and status of AIDS are linked to accelerated brain ageing while
the use of ARTs lessens the acceleration of brain ageing.

1.5 Aims and Objectives
To address the research questions of this work, we define our aims and objectives as
follows:

1. Carry out an extensive literature review to build a foundational understanding of
existing methodologies in brain age prediction, informing the design of an appro-
priate dataset pre-processing pipeline, CNN model and training strategy for this
task.

2. Design, pre-train and evaluate the CNN model, and benchmark its performance
against relevant models in the literature.

3. Investigate the efficacy of transfer learning on a pre-trained model compared to
independent training, particularly focusing on the model’s performance and adapt-
ability when applied to smaller, unseen datasets.

4. Apply the developed model to a dataset comprising HIV+ individuals and conduct
detailed analyses to investigate the impact of HIV on brain ageing, and identify
correlations between brain ageing and HIV-related clinical measures.

1.6 Thesis Layout
1. Chapter 1: Introduction sets the stage by outlining the research problem, and

identifying the research questions, hypotheses, and the aims and objectives of the
thesis.

2. Chapter 2: Literature Review covers relevant literature, beginning with the
development of ML and its progression to DL and CNNs. It then contextualises
the use of these networks within medical imaging and brain age prediction and
explores brain ageing, the neurological impact of HIV and applications of ML to
investigating this impact - thus forming a foundation for experimental decisions
made.
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3. Chapter 3: Experimental Design uses the literature review to develop a dataset
pre-processing pipeline, CNN model, and training and transfer learning strategy
for application to HIV+ individuals, thus allowing for the research questions to be
investigated.

4. Chapter 4: Experimental Results presents the results and analyses from each
experimental phase, including model pre-training, benchmarking, transfer learning,
and the investigation of HIV’s impact on brain ageing, as well as the correlations
with HIV-related clinical measures.

5. Chapter 5: Discussion interprets the results and analyses and highlights signifi-
cant findings, discussing their alignment with existing literature.

6. Chapter 6: Conclusion summarises the research, highlighting the extent to which
the aims and objectives were fulfiled, and details the contributions, limitations, and
future work.

7. Appendix contains additional tables and figures relevant to the research.
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Chapter 2

Literature Review

In this review, we explore the landscape of neural network applications to brain age
prediction with an extension to individuals with HIV. Through this review, we build a
set of tools to address the research questions of this work.

We first provide an overview of the development of ML and DL and focus on the
constructions of the convolutional neural network (CNN) [25–27] and residual neural
network (ResNet) [28] - highly successful tools in the field of computer vision. Next we
discuss brain imaging and elaborate on the phenomenon of brain ageing, as well as the
neurological consequences of HIV. We then explore previous CNN applications of brain
age prediction using brain MRI scans and ML applications to the study of HIV on the
brain. In doing so, we motivate why HIV may accelerate brain ageing and how DL is
suited to this study.

2.1 An Overview of Machine Learning
Within the field of ML, there are three main categories: supervised, unsupervised and
reinforcement learning. Supervised learning trains on a dataset with input and label
pairs. After being trained, it can predict outputs for new, unlabelled data using the
learned mapping from inputs to outputs. In contrast, unsupervised learning finds patterns
or structures within the inputs, without labelled data. Reinforcement learning involves
learning by trial-and-error and features an ‘agent’ exploring an environment, with the
aim of maximising a goal. Supervised learning is most relevant to the research aims of
this work. We shall first discuss the origins of ML before diving into DL and relevant
supervised learning model architectures.

The first artificial neural networks were introduced in 1943 by Warren McCulloch
and Walter Pitts [29]. They reasoned that due to the ‘all-or-none’ behaviour of nervous
activity, propositional logic is applicable to neural events. Following this work, in 1957,
Frank Rosenblatt [30] introduced the perceptron as an algorithm for pattern recognition.
These perceptrons, inspired by biological neurons, came to be known as artificial neurons,
contributing to the evolution of artificial intelligence (AI).

A perceptron is represented in Figure 2.1. Here the inputs x1, x2 and x3, are multiplied
with corresponding weights w1, w2 and w3, added and passed to an activation function.
The equation below the perceptron provides a mathematical representation of how the
input is mapped to output. The activation function σ could be any non-linear activation
function such as the rectified linear unit (ReLU). The ReLU activation function is defined
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as
f(z) ≡ max(0, z). (2.1)

and acts by setting negative values to zero.
For the case of the ‘all or nothing’ perceptron, binary inputs are mapped to binary

outputs with the Heaviside step activation function. The binary output y is given by
Equation 2.2 and corresponds to whether the value of this dot product of weights and
inputs, summed with a bias, is less than or equal to, or greater than zero.

x1

x2

x3

Σ y

w1

w2

w3

σ

b

y = σ (w1x1 + w2x2 + w3x3 + b)

Figure 2.1: Diagram illustrating a perceptron. The perceptron, in this case, receives three
input values, x1, x2, and x3. Each of these inputs is multiplied by its respective weight,
wi. In addition to these weighted inputs, a bias term, b, is added. This sum is passed
through an activation function to produce the output y.

y =

0 if w⃗ · x⃗ + b ≤ 0
1 if w⃗ · x⃗ + b > 0

(2.2)

As described by Nielsen [31], the bias can be seen as a measure of how easily a
perceptron may fire - like a biological neuron. By building larger networks of these
perceptrons, one can create more complex decision-making systems, imitating the human
decision-making system at a basic level [31]. Such a network is termed an artificial neural
network.

Further key developments occurred in the 1970s, with the formulation of the backprop-
agation algorithm - a core component in the training of modern DL models. Precursors
to the algorithm were first seen in control theory in the early 1960s [32, 33]. In the
1970s and 1980s, the backpropagation algorithm was described [34] and applied [35] to
multi-layer perceptron training by Paul Werbos. This algorithm provided a way for neu-
ral networks to adjust their weights such that the prediction error was minimised. The
backpropagation algorithm was later popularised in the 1980s by Rumelhart et al. [36],
which was instrumental to the training of deeper networks.

ML algorithms have been applied to various tasks over the years and have demon-
strated their potential on many occasions. For example, in 1952, an IBM computer
program was written by Arthur Samuel whereby the machine was able to play checkers
and learn from its experiences [37]. Furthermore, in 1996, the Deep Blue IBM chess pro-
gram [38] was developed and successfully beat the reigning chess world champion Garry
Kasparov. Power tools for image classification were proposed in 2012 by Krizhevsky et al.

6



[39]. Even more recently, AlphaGo [40] was released. This program was developed by
DeepMind, with the aim of mastering the game of Go. Due to the high level of complexity
of Go, the development of a program which could rival top Go players had been sought
after and viewed as a worthy goal of developers. Many attempts were made to engineer
algorithms which could accomplish this task, although none had been as successful as
AlphaGo, with AlphaGo being the first to win against Go world champions. In other
fields, complex models have taken the form of works such as DeepMind’s AlphaFold [41]
- an algorithm which solved the 50 year old protein-folding problem in 2020. There have
also been models which allow for the colourisation of black and white images [42], and
models allowing for the development of self driving cars, dating back to 1988 [43].

2.1.1 Neural Networks and Deep Learning
While a simple neural network consists of an input and an output layer, networks may
have additional inner layers known as hidden layers. With time, more complex network
structures have been developed, some consisting of hundreds of hidden layers [28]. These
networks with hidden layers fall into the category of DL, a subset of ML. An example of
a fully connected deep neural network is given in Figure 2.2.

a2
4a1

4
w2

44

Input
Layer

Hidden
Layer 1

Hidden
Layer 2

Output
Layer

Data Output

Figure 2.2: A diagram of a fully connected neural network with three input nodes, two
hidden layers containing four nodes each, and two output nodes. This is an example of a
multi-layer perceptron (MLP) mentioned in the previous section. We include a subset of
network labels for illustrative purposes.

An essential component of deep neural network training is the back propagation al-
gorithm. We closely follow the derivations and notations layed out in Nielsen [31], and
give a detailed overview of a training epoch of a standard fully connected network, such
as the network illustrated in Figure 2.2.

1. A training epoch commences with a ‘batch’ of inputs being fed through the network.

2. The feed forward step through each layer is dictated by an equation of the form

al
j = σ

( ∑
k

wl
jkal−1

k + bl
j

)
(2.3)

where,
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(a) al
j corresponds to the activation of the jth neuron in the lth layer (see Figure

2.2),
(b) wl is the weight matrix with entries being the weights connecting to the lth

layer of neurons,
(c) wl

jk is the weight entry in the jth row and kth column, and thus connects from
the kth neuron in the l − 1th layer to the jth neuron in the lth layer (see Figure
2.2),

(d) bl
j corresponds to the bias of the jth neuron in the lth layer.

Hence, the activation, al
j, is determined by taking the weighted sum of activations

from all neurons k in the preceding layer, adding the respective bias, and then ap-
plying the activation function σ. We see Equation 2.3 is similar to that of Equation
2.2, however the outputs will not be constrained to binary values of zero and one
in general - the values are dependent on the activation function.

3. Once the input has been fed through the network, the loss function L can be
calculated. Example of such loss functions include the mean absolute error (MAE)
loss function

L = 1
n

n∑
i=1

|yi − ŷi|, (2.4)

and mean squared error (MSE) loss function

L = 1
n

n∑
i=1

(yi − ŷi)2, (2.5)

where y denotes the network predictions and ŷ denotes the associated label. This
loss is a measure of how close the network predictions are to the desired output
label. The minimisation of network loss through adjusting the weights is depicted
in Figure 2.4.

4. This loss is then used to calculate a measure of error which is propagated backwards
to previous layers via the backpropagation algorithm. Through the backpropa-
gation algorithm, we are able to determine how changes to the weights and biases
impact the loss function, and thus take steps to minimise the loss.

5. Updates to the weights and biases are performed by a chosen gradient descent al-
gorithm, first proposed in 1847 by Cauchy [44]. Popular algorithms include stochas-
tic gradient descent (SGD) [45] and Adaptive Moment Estimation (Adam) [46]. The
gradient descent updates are given by

w′l
jk = wl

jk − η
∂L

∂wl
jk

(2.6)

b′l
j = bl

j − η
∂L
∂bl

j

. (2.7)

where, η is the learning rate which moderates how large the changes to the weights
and biases are. In Figure 2.3, we give a simplified illustration of backpropagation
and the update of weights.
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44 = w2

44 − η ∂L
∂w2
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L = L(aL)

Input
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Hidden
Layer 2
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Layer, L

Figure 2.3: A diagram of a fully connected neural network with backpropagation illus-
trated. The red arrows represent the backwards flow of error from the output layer. For
readability, we illustrate the update of a single weight.

Multiple epochs are typically utilised during the training of a neural network. Tracking
the loss across these epochs provides insight into the training’s progression. One of
the challenges faced during this process is the potential for overfitting or underfitting.
Overfitting occurs when the network ‘learns’ the training dataset too well, leading to
poor generalisation on unseen data. On the other hand, underfitting arises when the
model is too simplistic or is over-regularised and fails to capture underlying patterns in
the data, thus performing poorly.

To mitigate these challenges, and to assess the model’s performance, it’s common
practice to divide the dataset into training, validation, and testing datasets. Through
calculating the loss on the validation dataset, the models’s performance at the end of
each epoch can be evaluated, offering insights into how the model is likely to perform
on unseen data. The primary objective when training a robust model is to minimise the
validation loss. By monitoring this loss, one can determine if adjustments are needed
to prevent overfitting or underfitting. Finally, the test set, which the model hasn’t seen
during training or validation, provides a final assessment of the model’s accuracy.

Neural network tasks can be broadly categorised into classification and regression
based on the nature of their output. Classification models are designed to predict discrete
labels or classes. For example, in medical imaging, a model might be trained to classify
images into categories like ‘tumour’ or ‘no tumour’, or perhaps classify the type of tumour.
In contrast, regression models predict continuous values. Such models are more suitable
for tasks where the output can lie anywhere on a continuous scale. An example of such a
task is the prediction of brain age. Since age doesn’t fall into distinct classes but rather
spans a continuous range, the brain age prediction problem is typically approached as a
regression task [17, 48, 49].

2.1.2 The Convolutional Neural Network
A widely-used, successful neural network variant in the field of computer vision is the
convolutional neural network (CNN). The initial form of the CNN was put forth by

9



−4
−2 0

2
4 −4

−2
0

2
4−2

0

2

w1

w2

L
(w

1,
w

2)

Figure 2.4: Illustration, adapted from [47], of a simplified loss landscape for a neural
network. Here, w1 and w2 illustrate two weights within the network. This landscape
illustrates that the network has been initialised with weights corresponding to a loss local
maximum. The path illustrates the gradient descent optimisation technique, where the
weights are updated to converge to a lower-loss region, representing the training process
of the network.

Fukushima [25] in 1980. This pioneering work details a ‘neocognition’ model inspired by
the hierarchical model of the visual nervous system proposed by Hubel and Wiesel [50].
Fukushima [25] aimed to develop a neural network with pattern recognition capacity on
par with that of humans. To achieve this, they developed an extended hierarchical model
consisting of complex components emulating the function of cells in the visual system.

The modern CNN architecture is largely based on three concepts, as described by
Nielsen [31]. These concepts are local receptive fields, shared weights, and pooling layers.
Whereas in a fully connected network, such as Figure 2.2, a vector of inputs is fed in to
the model, in a CNN, the input is a matrix, or a tensor. The matrix entries, or input
neurons, correspond to pixel intensity values. Unlike for the fully connected network,
in the CNN, regions of input are connected to neurons in the following hidden layers.
These input regions are termed local receptive fields. A convolutional kernel, or
filter, sweeps over the local receptive fields, performing a convolutional operation. These
convolutional kernels consist of shared weights, where the same weights are applied to the
different local receptive fields. As a result of this, the convolutional kernels pick up on the
same patterns in the local receptive fields. An example of a 2D convolution is illustrated
in Figure 2.5. From this figure, one can see that the dimension of the convolutional kernel,
or filter, determines the dimension of the local receptive field and the ‘stride’ determines
the number of pixels the kernel moves after each convolution.
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Figure 2.5: Illustration of a 2D convolution with a 2×2 convolutional kernel with stride 2.
The ‘∗’ represents the convolutional operation where the convolutional kernel is applied
to an input matrix (left) and results in an output matrix (right). The highlighted blocks
of the input are the local receptive fields.

The mathematical formulation of this operation is given by

al
j,k = σ

( ∑
m,n

wl
m,nal−1

j+m,k+n + bl
)

(2.8)

where Equation 2.3 is extended to handle a higher dimensional input, and convolutional
kernel operations. The shared weights are given by wl

m,n while the shared bias is given
by bl.

These convolutional operations are often followed by pooling layers, which sum-
marise and reduce the spatial information of the layer input. A regularly used form of
pooling is max pooling which consists of a filter that preserves the highest intensity value
in a local receptive field. Another common form of pooling, average pooling, calculates
and outputs the average intensity value in a local receptive field. Max pooling is depicted
in Figure 2.6.

1 2 3 4
5 0 7 1
2 1 0 3
3 4 5 2

5 7
4 5

Input Output

Figure 2.6: Illustration of a 2 × 2 max pooling with stride 2.

Other components include activation functions such as the ReLU. The ReLU activa-
tion function is commonly used in CNNs [39] and is a means of introducing non-linearity
to the network. Since convolutional layers are linear this activation function aids the
network in learning more complex, non-linear mappings [51]. The use of rectifying non-
linearities, such as ReLU, have been shown to be a key influential factor in accuracy of
feature extraction tasks [52]. Other common activation functions include the sigmoid,
softmax and hyperbolic tangent activation functions, to name a few.

The CNN architecture is often concluded with fully connected layers where the high-
level abstracted features are combined to allow for classification or regression to be per-
formed. In summary, through a combination of convolutions, pooling, activations and
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fully connected layers, CNNs are a successful tool for abstracting information from ‘grid-
like’ input and performing classification and regression tasks.

There are a wide range of loss functions used for training CNNs. Commonly used loss
functions include the MAE and MSE loss functions, given in Equation 2.4 and Equation
2.5, respectively. These loss functions can be interpreted to penalise deviations in the
prediction from the desired output. For the case of the MAE loss function, in Equation
2.4, deviations are penalised equally for over and under-predictions, while the MSE loss
function, in Equation 2.5, penalises larger deviations more harshly, as the loss is squared.

In the field of computer vision, CNNs have steadily gained recognition, with ‘LeNet’
by LeCun et al. [27] being one of the early and influential models. Additionally, LeCun
et al. [27] introduced the Modified NIST (MNIST) dataset - a dataset of handwritten
digits, which has become a common benchmark for evaluating the performance of models.
Over the years, several prominent works have introduced variations and improvements
on the CNN structure, yielding impressive results. These include the models ResNet [28],
Inception [53], DenseNet [54], VGGNet [55] and EfficientNet [56], for example. CNNs
have not only been put to the task of image classification [39], but also object detection
[57] and semantic segmentation [58] with applications stretching from facial recognition
[59] to medical image analysis [60] and art [61].

A technique known as transfer learning is widely used in the field of computer vision,
as well as in ML in general. This method allows for a model to be pre-trained on a
large initial dataset, which serves as a foundation for future specialisation. These pre-
trained models can then be fine-tuned for more specific tasks using new, often smaller,
datasets. This pre-training and fine-tuning through transfer learning has been shown to
lead to higher performance [62]. The ImageNet dataset consisting of millions of annotated
images is a well known pre-training dataset [63].

2.1.3 The Residual Neural Network
It is well established that as the depth of a CNN increases, hierarchical features are learnt
from the input data. As shown by Zeiler and Fergus [64], initial layers largely detect
simple patterns, for example, edges, while deeper layers recognize increasingly complex
features. This ability to learn hierarchical features and capture intricate patterns natu-
rally prompts the exploration of accuracy gains from increasing depth. While research to
this end demonstrated improved accuracy [55], a number of training challenges arose.

It was discovered that increasing the network depth did not always guarantee improved
performance. With the increase in depth, issues such as the exploding/vanishing gradient
problem presented. These problems entailed gradients getting too large (exploding) or
too small (vanishing), hindering the learning process. Ioffe and Szegedy [65] mitigated
these issues with the introduction of Batch Normalisation (BN) which normalises the
distribution of the input to the different layers. Another issue present was the degradation
problem. It was seen that past a certain depth, degradation would occur whereby the
accuracy of the network saturated and subsequently decreased [28]. He et al. [28] reasoned
that this degradation is an optimisation problem and proposed a deep residual learning
framework to overcome it.

To further understand the motivation behind residual networks, as discussed by He
et al. [28], it is helpful to visualise two networks - one shallow and one deep, whereby the
additional layers in the deep network are identity mapping and the other layers are taken
from the shallow network. Thus, in theory, a deeper network should, at worst, obtain the
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same level of accuracy as the shallow network. This was not found to be the case. He
et al. [28] thus proposed a method that assists deeper networks in learning this identity
mapping, if the added layer would result in training accuracy degradation.

Consider the network component - a residual block - illustrated in Figure 2.7. Keeping
with the notation used in He et al. [28], we can denote the ideal mapping through these
layers to be given by H(x), where x is the input to the first block. As explained above, the
network struggles to learn the mapping H(x) = x for the case where alternative mappings
would degrade the accuracy. Hence, these layers are pushed to instead fit a residual
mapping given by F(x) := H(x) − x, where the ideal mapping H(x) is explicitly given
by the addition of a mapping F(x) and x, taken from the input of the block. By fitting
this residual mapping, we can see that if the identity mapping is optimal the mapping
F(x) would go to zero and the ideal underlying mapping of H(x) = x would be learnt.
This connection of x from a previous to later layer is known as a ‘shortcut’, or ‘skip
connection’. For the case where these shortcut connections are identity connections, no
additional parameters (nor computational complexity) is added [28].

Input x

Block 1

Block 2

+

Output

F(x)

F(x) + x

Figure 2.7: Depiction of a residual block proposed by He et al. [28].

As seen in the addition H(x) = F(x) + x, it is required that F(x) and x be of the
same dimensions. For cases where channel dimensions have increased/decreased between
layers, a linear projection (‘projection shortcut’) may be applied to x to appropriately
match channel dimensions.

In summary, if the added layers were to decrease the accuracy of the network, the
shortcut connections should instead allow the network to push the weights of the residual
mapping to zero so that the ideal underlying mapping may be learnt. These networks
with residual connections should either benefit from the increased depth and train to a
higher level of accuracy, or remain the same accuracy as the shallower version, and not
degrade.

The residual networks proposed by He et al. [28] are known as ResNets and typically
start with a 7 × 7 convolution and subsequent 3 × 3 max pooling layer. Following this,
a series of residual blocks occur. The residual blocks consist of 3 × 3 convolutions. BN
occurs after each convolution and is followed by ReLU activation. The depth varies
according to the specific architecture, with ResNet-18 (18 layers) being the smallest and
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ResNet-152 (152 layers) being the largest initially proposed. The ResNets conclude with
an average pooling, fully connected and softmax layer.

These ResNets have proven to be successful with an ensemble being applied to the
ImageNet test set, achieving an error of 3.57%, and winning first place on the 2015 Ima-
geNet Large Scale Visual Recognition Challenge (ILSVRC) classification task [66]. First
place was also achieved in the ImageNet detection and localisation and Common Ob-
jects in Context (COCO) detection and segmentation tasks [67]. Aside from increasing
accuracy, residual connections have been shown to increase network convergence speed
[68]. Work by Zagoruyko and Komodakis [69] further demonstrates that these residual
connections are useful for increasing performance of shallower networks. The work shows
that shallow networks with increased width (number of channels/feature maps) outper-
form deeper and narrower networks. Similarly, Tan and Le [56] show that the balance of
depth, width and resolution is key for performance.

In summary, ResNets, as proposed by He et al. [28], have been instrumental in the
training of deep neural networks. By introducing residual connections, these networks
effectively mitigate the degradation problem, allowing for deeper architectures without a
loss in performance. This is evident in their ability to consistently achieve high accuracy,
as demonstrated in various competitions like the ILSVRC and COCO detection and
segmentation tasks [28]. ResNets are suited for complex inputs, such as medical images
and have been successfully applied to tasks such as tumor segmentation [70] and brain
age prediction [11, 49]. We shall expand on this in Section 2.5.

2.2 Brain Ageing
As one ages, one undergoes numerous physical changes, both external and internal. In this
section, we outline the brain changes that occur along a healthy brain ageing trajectory.
One measure by which a healthy ageing trajectory can be tracked is through the analysis
of an individuals brain health, or rather brain age. In a healthy individual, their physical
- or chronological age - is matched to the apparent age of their brain. Mathematically,
this is defined as

δtheory = agebrain − agechron ≈ 0. (2.9)

Particularly in individuals over 60, the healthy ageing trajectory is linked to overall
decreases in brain volume and weight, and increases in ventricular volumes, and other
cerebrospinal fluid (CSF) filled spaces [71]. In more detail, as one ages, substantial
brain volume decreases can be found in the prefrontal cortex [72, 73], followed by the
striatum. Regions such as the temporal lobe, cerebellar vermis, cerebellar hemispheres
and hippocampus also experience decreases in volume with age [71, 73], with studies
showing the occipital cortex to be least affected [72]. Lesions [73, 74] and impairment of
WM integrity [74–76] have also been found to become more prevalent with increased age.
Furthermore, the myelin sheath has been seen to deteriorate after the age of 40, with
the frontal lobes being most affected [73]. Over the age span of 30 to 90 years, Jernigan
et al. [77] finds the cerebral cortex volume to decrease by 14%, the hippocampus by
35% and the cerebral WM by 26%. Due to these structural brain changes, there are
cognitive changes that arise. Peters [73] discusses memory to be the most prominent
cognitive change that occurs with ageing. Figure 2.8 demonstrates the change in brain
structure that occurs with age. While the scans originate from different individuals, they
are suitable to illustrate the overall changes that occur. The decrease in WM and GM
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volumes, as well as the increase in CSF in the ventricles are evident.

(a) 18 years (b) 87 years

Figure 2.8: Illustration of changes in the brain with age [78–80]

Studies have shown that certain diseases, such as Alzheimer’s [81], type 2 diabetes
[82], as well as mental illnesses such as depression [12], may cause individuals to deviate
from a healthy ageing trajectory and cause an increase in brain ageing. In Section 2.4,
we discuss the impact of HIV on the brain and motivate how this impact may lead to
accelerated brain ageing.

2.3 Medical Imaging
As mentioned previously, CNNs and ResNets have had useful applications to medical
imaging analysis. These applications include detection of disease [83], biomedical image
segmentation [84], and most relevant to the research questions of this work, brain age
prediction [9]. Medical imaging techniques for brain imaging include CT scans, PET
scans and magnetic resonance imaging (MRI).

MRI is a medical imaging method which uses magnetic fields, as opposed to ionis-
ing radiation (such as positrons in Positron Emission Tomography scans), and has been
valuable in producing highly detailed brain imagery. As a result, this non-invasive tech-
nique has become a highly useful tool in the healthcare industry, and is regularly used
for diagnosing and monitoring health conditions. Due to the ‘grid-like’ structure of these
MRI scans, they are suitable input for CNNs and are regularly used in the literature (see
Section 2.5). For these reasons, we shall focus on MRIs in this section.

There are a number of magnetic resonance imaging sequences, such as T1-weighted and
T2-weighted, functional MRI (fMRI), diffusion-weighted imaging (DWI) and GM/WM
segmentation maps (see Figure 2.9). As seen in Section 2.5, T1-weighted structural MRI
brain scans are a commonly used modality for input to models tasked with brain age
prediction.

MRIs work through applying an external magnetic field which results in nuclei in
one’s body aligning with the direction of the applied magnetic field [85]. When a second
radiofrequency (RF) magnetic field is applied perpendicular to the initial external field,
the nuclei may be excited. Once this occurs the nuclei may release energy and drop into
a lower energy state. This energy is emitted from the body, detected by the machine as
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Figure 2.9: Example of axial (top), sagittal (middle) and coronal (bottom) slices of
brain MRI scans of different modalities and processing [6–8]. Copyright (C) 1993-2004
Louis Collins, McConnell Brain Imaging Centre, Montreal Neurological Institute, McGill
University.

an electrical current and transformed to an image by a computer [86]. Different types
of nuclei types emit distinct frequency signals, allowing for the extraction of the MRI.
Relaxation time - the time taken for the nuclei to return to thermal equilibrium - is
an important factor in the MRI outcome. Two main types of relaxation are observed:
longitudinal (denoted as T1) and transverse (denoted as T2) [85]. We discuss T1 relaxation
as T1-weighted scans are the scan modality used in this thesis.

The properties of different tissues in the body determine their T1 relaxation times,
which in turn affect how they appear in MRI scans. Tissues with longer T1 relaxation
times appear darker in T1-weighted images. An example is CSF, which has longer T1
times, leading to its darker appearance in T1-weighted scans [86]. Conversely, tissues
with shorter T1 times, like fat, exhibit the opposite behaviour. They appear bright in
T1-weighted images. In addition, WM, which has shorter T1 times compared to GM,
appears lighter in T1-weighted scans [87].

To produce a T1-weighted image, a short repetition time between RF pulses and a
short signal recovery time is required. Contrasts in the T1-weighted scans are desirable
for the task of brain age prediction where a distinct anatomical contrast is beneficial [86].

The Magnetisation Prepared Rapid Gradient Echo (MP-RAGE) sequence is a widely
used technique in T1-weighted structural imaging in MRI. This sequence is efficient and
produces high tissue contrast and high spatial resolution images [88]. Furthermore, in
MR imaging, different resolutions are used, including the commonly seen 1mm isotropic
resolution. This resolution refers to the size of the voxels in the scan, where each voxel is
a cube measuring 1mm on each side. We see the use of these sequences and resolutions
in Section 3.1.

Brain scans are an informative medium to investigate the anatomical and functional
changes associated with disease and ageing in the brain. Given that manual analysis of
these images by clinicians can be labour-intensive and time consuming, CNNs provide an
efficient approach to medical image analysis.

2.3.1 Challenges with Medical Imaging
Medical imaging, particularly MRI, plays an important role in modern healthcare. How-
ever, the use of these images in ML, especially in DL applications, poses several challenges.
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One common issue with MRI scans is the presence of motion artifacts [89]. These artifacts,
often appearing as blurs or distortions in the images, are primarily due to patient move-
ment during the scanning process. Such motion artifacts can obscure critical anatomical
details, potentially leading to misinterpretations or reduced accuracy in diagnostic and
predictive models. Another challenge in leveraging medical imaging datasets is the access
restrictions due to the sensitive nature of the data. Ensuring patient privacy and adher-
ing to data protection regulations often limits the availability of large-scale datasets for
research and development. Furthermore, the processing and utilisation of high-resolution
MRIs with deep CNNs prove to be a challenge computationally. The high dimensionality
of MRI data requires substantial computational resources for storage, processing, and
analysis, which can be a limiting factor, especially in resource-constrained environments.

2.3.2 Pre-Processing
It is common practice to pre-process brain MRI scans prior to inputting them to the
model [9, 15, 17]. In this section, we give an overview of the common pre-processing
steps used in the literature.

Pre-processing of brain MRI inputs for models includes steps such as reorientation,
skull-stripping and registration (e.g. Cole et al. [9]). Certain studies [15, 17] use more
complex pre-processing pipelines such as that engineered by the UK Biobank and detailed
in Alfaro-Almagro et al. [90].

Re-orientation, usually the first pre-processing step, is performed to orientate the
scans with a standard template image, such as the Montreal Neurological Institute (MNI)
template. This ensures that the scans are orientated in the same way, and is also necessary
for later pre-processing steps like registration. The fslreorient2std tool from Functional
MRI of the Brain (FMRIB’s) Software Library (FSL) [2] can be used for reorientation.

Brain extraction, commonly known as skull stripping, often follows re-orientation.
Skull stripping is the process whereby the non-brain matter components, such as skull and
meninges, are removed from a brain scan. Since these are non-brain matter components,
we do not want them to factor in to the brain age prediction and thus it is typical to
remove them. There are a number of brain extraction tools available for brain extraction.
Isensee et al. [1] introduce a model geared towards brain extraction, known as HD-BET.
They compare different softwares used for brain extraction and find HD-BET to be robust.
Figure 2.10 demonstrates skull stripping on a template brain scan.

A recent study by Wood et al. [91] provides evidence that skull stripping may not be
a necessary pre-processing step, particularly for the case of larger datasets. The paper
showed, by inspecting the brain age saliency maps, that the model was able to learn that
the non-brain matter was not relevant to the brain age calculation.

Registration is used to align images to ensure correspondence in spatial features
between different images [92]. This step usually follows skull-stripping and consists of
either/both linear and non-linear registration of the brain scans to a specific model tem-
plate. Linear registration usually involves registration with six, nine or twelve degrees
of freedom. These degrees include transformations such as rotations, translation or scal-
ing [92]. Non-linear registration has less constraints (more degrees of freedom) and is
thus far more computationally costly. Common templates originate from scans within
the MNI152 database. Brain atlases can be generated by taking unbiased non-linear av-
erages of these scans. A number of different atlas templates are available through the
McConnell Brain Imaging Centre ICBM study [6–8]. These templates ensure the brain
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(a) Pre skull-strip (b) Post skull-strip

Figure 2.10: Template [6–8] example of the skull-stripping pre-processing step used to
remove non-brain matter, such as skull and meninges, from a brain MRI scan.

positioning and size of the brains are uniform between scans.
Dinsdale et al. [17] discuss that non-linear registration suppresses morphological in-

formation, which is thought to be relevant to brain age prediction. Despite this, they
achieve comparable MAEs on the linear and non-linearly registered data. The FLIRT
[3–5] tool provided by FSL [2] may be used to linearly register the scans to standard MNI
space. Similarly, the FNIRT tool may be used for non-linear registration.

2.3.3 Harmonisation of MRI Scans
When compiling a large, diverse dataset, it is often necessary to pool datasets from
different sources [93]. While ensuring that this creates a larger dataset, this technique
also introduces non-biological variance related to the sites at which the datasets were
collected. This variance is a form of domain shift, where differences between training and
testing data distributions may lead to a drop in ML model performance [94]. Bayer et al.
[95] discuss and list causes of scanner variation which include scanner platforms, differing
sequences and acquisition procedures.

A harmonisation method known as ComBat is a powerful batch adjustment tool. The
first implementation of ComBat was proposed by Johnson et al. [96] as a means to correct
for batch effects in microarray studies combining data from multiple experiments. Here
batch effects take the form of non-biological variation as a result of a range of factors,
such as differing experimental conditions. This variation reduces the amount of data
that can be combined for analysis and results, thus limiting the statistical power of the
experiment.

The proposed method implements a parametric and non-parametric empirical Bayes
(EB) framework. Johnson et al. [96] discuss how EB methods are a useful tool in the
field as they are adept at working with high-dimensional data for the case of small sample
sizes. This is particularly relevant to neuroimaging data, where the dimensionality is high
due to the large number of MRI voxels, while the number of available scans might be
limited.

In more detail, their approach works through parametric shrinkage adjustment. The
method of parametric shrinkage adjustment entails standardisation of data, estimation
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of batch effect parameters with EB parametric empirical priors and lastly application
of estimated batch effects to the dataset. Standardisation of the data ensures that the
batches have comparable overall means and variances. This step minimises bias in the
EB estimates of the prior distribution of batch effect. Johnson et al. [96] detail how the
estimation of batch effect parameters using EB parametric empirical priors is achieved by
estimating the location and scale model parameters for batch effects. They use a ‘pool-
ing information’ strategy across data within each batch, effectively ‘shrinking’ the batch
effect parameter estimates towards the overall mean across the dataset. The parametric
priors were found to not describe all data well, hence Johnson et al. [96] additionally
proposed the non-parametric prior method. The final step involves the application of
adjusted batch effect estimators, derived from the conditional posterior, to the dataset.
This adjustment reduces the batch effects. The proposed methods prove to be effec-
tive for small datasets, which was previously a challenge in the field, while maintaining
comparable performance with existing approaches for larger datasets.

There have been a number of extensions made for ComBat, some with neuroimaging
support. We explore these extensions to find a tool able to reduce domain shift, such
as shift due to scanner variation. For example, neuroComBat offers support for har-
monisation of multi-site data [97]. Similarly, a package called neuroHarmonize extends
neuroComBat with specific support for harmonisation of neuroimaging data [98]. The
application of ComBat for harmonisation has been shown to effectively reduce variance
due to site and scanners [99]. It has also been shown that ComBat is effective for har-
monisation of small multi-site datasets, including those which do not have a balanced
distribution of key covariates [97, 100]. It should be noted, that according to Fortin et al.
[97], the efficacy of harmonisation for voxel-level whole-brain analyses might be limited.
This limitation arises because ComBat works under the assumption that scanner effects
are shared between voxels. However, this assumption may not hold true for whole-brain
voxel analyses, where scanner effects could vary considerably across different voxels. This
variation is due to voxel intensities varying depending on the tissue medium, and so Fortin
et al. [97] propose a future expansion of ComBat which includes these varying effects.

Bayer et al. [95] discuss implications of the use of ComBat-GAM, which is offered
within the neuroHarmonize package. ComBat-GAM, extends on ComBat, and features
Generalised Additive Model (GAM) functionality. This statistical method makes use of
EB for fitting prior distributions. The downside of this is that EB may not apply well
to sites with varying sample sizes, with the smaller sites being over moderated. EB also
draws on the assumption that the distributions of features are defined with a single mean
and variance within each site. Due to the numerous factors (e.g. lifestyle, substance use,
health conditions) that play a role in the brain ageing process, this is likely not to be the
case for the datasets in question.

Recent research by Kushol et al. [94] indicates that ComBat harmonisation may be less
effective for disease classification tasks. The study details the substantial classification
accuracy drop of DL models when tested on data from different scanner manufacturers
compared to the data used in training, highlighting an instance of domain shift. The study
then focuses on the harmonisation of this multi-scanner dataset of individuals with neu-
rodegenerative diseases and performs a classification task based on disease status. They
make use of 3D structural MRIs and utilise deep learning for disease classification. They
were unable to detect enhancements in classification ability due to the harmonisation
indicating a need for further investigation into the efficacy of harmonisation techniques
in DL models for disease classification tasks.
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In the case of medical imaging, the behaviour of ComBat harmonisation may be
assessed through analysis of the intensity histograms of the images. One is able to set a
‘reference site’, which is the site which the other medical images should be harmonised
to. One is able to plot the histogram of intensity voxels per site, prior to, and following
harmonisation. From these plots, one is able to see that the intensity histograms of
the other sites are shifted and scaled to be of a similar distribution to the reference
site. We demonstrate this further in Section 4. This is not a full verification of the
harmonisation method though. Dinsdale et al. [101] discuss the challenges in validating
output images that have been harmonised. As detailed in Moyer et al. [102], pairs of
scans - one from the original scanner and one from the reference scanner - are required
to validate harmonisation. In practice, however, such data is rarely available.

Liu et al. [103] tackle harmonisation as a style transfer problem, whereby the goal is
to apply the style of one image (such as its colour) onto the content of another, while
preserving the core elements of the target image. Liu et al. [103] note that statistical
approaches have a tendency to remove relevant information. To achieve harmonisation,
they implement an unsupervised DL model inspired by a generative adversarial network
framework [103]. In essence the style information from a reference image is extracted and
transferred to a wider set of images. To this end, they successfully removed inter-site
related variance while maintaining anatomical and clinically valuable features.

2.4 HIV and the Brain
As of the end of 2022, an estimated 39 million people were living with HIV [21]. Of these
39 million, 1.5 million were children younger than 15 years old. Despite the rate of HIV
infection decreasing over the years, over one million individuals were infected with HIV
in 2022 [21]. Since the introduction of ART, the treated population of HIV+ individuals
has been steadily increasing with approximately 76% of people living with HIV receiving
treatment in 2022. However, HIV is still a critical health problem with over half a million
people dying of AIDS-related conditions in 2022, of which approximately 16% were under
the age of 20 [104]. In this section, we detail the mechanism through which HIV acts and
discuss literature outlining the impact HIV has on an individual’s health, with a focus on
the neurological effect. This section motivates the research question of what the effects
of HIV are on an individual’s brain ageing.

Chen [105] discuss the mechanism of infection of the HIV-1 virus. The HIV-1 type
is the more common of the two main HIV types: HIV-1 and HIV-2 [106]. Since HIV-
2 generally has a less severe impact on the immune system, and is less prominent, we
primarily discuss HIV-1, which we shall further refer to as HIV. The first stage of HIV
entry to a host cell involves the binding of the HIV viral membrane, also referred to
as the protein envelope (Env) [107], using the gp41 and gp120 receptors, to the CD4
receptors of immune system cells. These immune system cells include the helper T-cells
and macrophages. The CD4 receptors play a role in initiating the activation of the
helper T cells in the immune response [105]. Once bound to the CD4 receptors, the virus
then binds to a coreceptor, such as the CCR5 or CXCR4 coreceptors. Once the virus is
attached to the target, or host cell, it is able to pass through the cell membrane by fusion
[105, 107]. The attachment process is illustrated in Figure 2.11.

Following the fusion of the viral cell membrane with the host/target cell membrane,
the virus delivers its viral genome into the host cell cytoplasm. Since HIV is a retrovirus,
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Figure 2.11: The mechanism of HIV entry as depicted by Wilen et al. [107].

reverse transcription is initiated on the delivered viral RNA [108]. The viral genome is
then integrated into the hosts chromosome. Further transcription produces viral RNA
which then leads to the production of HIV. The steps detailed above are illustrated in
Figure 2.12.

Figure 2.12: The mechanism of HIV entry, viral contents delivery, reverse transcription,
integration and translation and release stages, as depicted by Ramdas et al. [108].

HIV leads to the destruction of CD4+ T-cells [106]. These CD4+ T-cells are a key
component in a healthy immune system. As more HIV is produced throughout the
body, more CD4+ T-cells are destroyed, thus weakening the individual’s immune system.
When the CD4+ T-cell count of an individual drops below 200 cells/mm3 blood, they
are said to have AIDS. We shall further refer to CD4+ T-cell counts as CD4 count.
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Lower CD4 counts are associated with weakened immunity and increased susceptibility
to opportunistic infections [109]. The CD4 count is a commonly used clinical measure
reflecting the number of these cells per cubic millimetre of blood and is used for assessing
immune system health in HIV+ individuals. The nadir CD4 count is an associated
clinical measure, referring to the lowest recorded CD4 count of an individual. This
measure is valuable for assessing the severity of previous immunodeficiency, for example,
prior to treatment with ART. Another highly informative clinical measure [110] is the
HIV RNA level, also known as viral load, which quantifies the amount of HIV virus
in the blood.

As a result of the widespread prevalence and serious health impact HIV has had on
society, a great deal of research has been put towards eradicating this virus and treating
those affected. It has also been of huge importance to understand the health impact HIV
has.

HIV is known to have a large impact on an individual’s health and can cause dam-
age to various systems and organs within the body [111]. With the advent of ART, life
expectancy for those living with HIV has substantially increased. Alongside this improve-
ment, however, a rise in comorbidities, such as cardiovascular disease, cancer, diabetes,
and liver disease, has been observed in HIV+ individuals compared to their HIV− coun-
terparts [112, 113]. Additionally, ART has been associated with its own set of challenges,
including toxicity and mitochondrial dysfunction, with these effects being particularly
pronounced in those undergoing long-term treatment [114]. Mitochondria play a crucial
role in cellular energy production, and impairment of their function can have detrimental
effects. There is promising research that suggests that newer ART regimens may have
less severe effects on mitochondrial function [115].

Aside from the health impact HIV may have on the body as a whole, HIV also has
a considerable neurological impact. This neurological impact stems from HIV infecting
monocytes and macrophages which cross the blood brain barrier (BBB) and enter the
central nervous system (CNS) [116]. Once in the brain, further infection ensues. Despite
combined antiretroviral therapy (cARTs) being beneficial to managing HIV and AIDS,
early treatments were limited in the ability to traverse the BBB and thus the neurological
effects of HIV persisted [117].

In 1991, Budka [22] discussed the neuropathological implication of infection with HIV.
This includes HIV encephalitis (HIVE) and HIV leukoencephalopathy (HIVL), and are
more prominent during infection with AIDS. In HIVL, the WM of the brain is often
damaged [118]. This WM damage has links to brain ageing (see Section 2.2). Since the
introduction of cART, HIVE and HIV-linked dementia have been more manageable [119],
but not eradicated. A prominent, debilitating treatment-resistant HIV-related disease is
distal neuropathic pain (DNP). Keltner et al. [120] show that the severity of this disease
is correlated with cortical GM atrophy that occurs as a result of HIV. Their multi-site
cohort study performed cross-sectional analysis on structural MRIs of HIV+ individuals
with (n=66) and without (n=175) DNP.

Grill [23] further discuss the neurological impact HIV may have. Broadly, HIV re-
lated CNS conditions fall under the categories of cerebrovascular disease (e.g. stroke),
meningitis (e.g. neurosyphilis), encephalitis (e.g. HIVE), intracranial mass/focal lesions
(e.g. toxoplasmosis) and myelitis (e.g. HIV vacuolar myelopathy). As later discussed
by Heaps et al. [121], HIV-associated neurocognitive disorders (HAND) are prevalent in
HIV+ individuals. HAND ranges in severity from asymptomatic neurocognitive impair-
ment to HIV-associated dementia. Grill [23] state the primary risk factors for HAND
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to be low nadir CD4 counts and the absence of ART treatment, with other factors such
as older age, vascular risk factors (e.g. hypertension), and illegal drug use contributing
to prevalence. Other infections, such as compartmentalised CNS infection, also known
as CSF escape, can be present. This involves continued replication of the HIV virus in
the CNS, while the individual displays relative viral suppression in the blood with on-
going ART treatment. Due to the subsequent weakening of the immune system which
may feature in individuals with HIV, opportunistic infections and co-infections are also
prominent. Since lower CD4 counts are linked to higher degrees of immunodeficiency, an
individual with a lower CD4 count is more susceptible to opportunistic infections [23].
An example of such opportunistic infections includes toxoplasmosis and progressive mul-
tifocal leukoencephalopathy (PML), both of which contribute to lesions [23]. As stated
by Schouten et al. [118], PML, or HIVL may cause damage to the WM. Toxoplasmosis
is the primary cause of brain lesions in HIV+ individuals. The risk of toxoplasmosis is
increased in individuals with CD4 counts < 200 cells/mm3, and further so with CD4
counts < 100 cells/mm3. These lesions are commonly found in the basal ganglia and
cortical GM [23]. The symptoms of individuals with toxoplasmosis include headaches,
fever, affected mental state and focal neurologic signs such as affected speech [23].

(a) Toxoplasmosis. Signal
intensity changes can be seen

in the left and right
hemispheres.

(b) CNS lymphoma. Diffuse
WM lesions can be seen in the
left hemisphere (right side of

scan).

Figure 2.13: Display, taken from Grill [23], of neurological effects of HIV using axial
fluid-attenuated inversion recovery (FLAIR) brain MRI scans.

Heaps et al. [121] explore the relation between brain volumes and HAND in HIV+ in-
dividuals. The study uses a dataset of untreated HIV+ individuals with (HIV+ HAND+,
n=37) and without HAND (HIV+ HAND−, n=37) and HIV− controls (n=29). Total
and subcortical GM, total WM, caudate, corpus callosum and thalamus were studied
using MRI scans to assess the relation in question. Neuropsychological tests were also
performed. While a significant decrease in brain volume of total and subcortical GM was
found for HIV+ HAND+ relative to HIV− controls, a statistically significant difference
could not be identified between brain volumes of HIV+ HAND+ and HIV+ HAND− or
between HIV+ HAND− and HIV− controls. The study cites that a larger sample size
and longitudinal information may improve results.

Thompson et al. [122] study the cortical GM thickness in AIDS patients (n=26) and
healthy controls (n=14). While a small study, they find that cortical GM tissue loss was
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prevalent in individuals with AIDS. Nir et al. [123] explore whether HIV+ individuals on
cART, with successful viral suppression, still experience progressive brain atrophy and
neurological consequences. Their dataset consists of n=155 HIV+ virologically suppressed
individuals, with a nadir CD4 count less than 200 cells/mm3, from the longitudinal HIV
Neuroimaging Consortium (HIVNC). This longitudinal study allows for the rate of pro-
gression of the infection to be studied, as opposed to using a cross-sectional study. As
mentioned in Heaps et al. [121], longitudinal information may assist in improving results.
Selecting two time points from the longitudinal HIVNC study, with a mean interval of
1 ± 0.5 years, and applying tensor-based morphometry, Nir et al. [123] were able to anal-
yse the rate of change of regional brain volumes in the HIV+ dataset. Furthermore,
correlations between this rate of change of regional brain volumes (brain tissue loss) and
measures such as nadir CD4 count, baseline CD4 count, baseline HIV plasma RNA con-
centration, duration of HIV infection, cART efficacy and AIDS Dementia Complex stage
were analysed. Nir et al. [123] finds that HIV+ virologically suppressed individuals may
still experience continual brain tissue atrophy. Furthermore, they found that measures
of the disease severity, such as lower CD4 and nadir CD4 count and higher HIV RNA
concentration, as well as age and neurocognitive decline, were linked with higher levels
of atrophy. This study provides us with useful information on the severe impact of HIV,
even in the case of treated individuals. Clifford et al. [124] compare n=24 age-matched
healthy controls with n=38 HIV+ individuals. For both groups, they select individuals
over 60 years to investigate the older HIV demographic which is a growing population
since the introduction of ART. They analyse brain atrophy rates in longitudinal structural
brain MRIs. To carry out this analysis, they make use of tensor-based morphometry. The
study finds that the HIV+ group displayed higher levels of brain atrophy relative to the
age-matched healthy controls.

The results from this section are summarised in Table 2.1. From Table 2.1, we can
conclude that HIV can have a severe impact on the brain, once it crosses the BBB
[116]. The effects present themselves in both untreated and treated HIV+ individuals
and include cortical and subcortical GM atrophy [120–122], WM damage [22, 118] and
lesions [23]. Overall brain atrophy [124] and subcortical atrophy [123] were seen in virally
suppressed, treated individuals.

These neurological effects provide a strong motivation for investigating the brain age-
ing impact of HIV. It is important to note however, that there is evidence to suggest
that MRI detection of HIV in individuals without neurological symptoms may not be
useful [125], thus consideration of the severity of the HIV case is of importance when
analysing predicted brain ages. In the following sections, we see the applications of DL
to predicting brain age and the use of ML techniques to investigating the impact of HIV
on the brain.

2.5 CNN Applications to Brain Ageing
In this section, we discuss previous CNN architectures tasked to predict brain age. In
order to address the research questions of this work and investigate the impact of HIV
on brain ageing, a model which can predict brain age is essential. This section will be
instrumental in motivating the model design choices in Section 3.3.

MRI brain scans contain highly complex, spatially distributed features and 3D CNNs
are a natural choice for the task of extracting information from them. The application of
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CNNs to predict brain age began with Cole et al. [9] in 2017. Since their seminal work,
numerous studies have further explored CNNs in this context of brain age prediction,
some of which are highlighted below.

As of the writing of this thesis, the state-of-the-art (SOTA) for brain age prediction
with a CNN is held by Peng et al. [15] with an MAE of 2.14y achieved on the UK Biobank
dataset, spanning the age range 44-80y. Peng et al. [15] implement a simple fully con-
volutional network (SFCN) to predict the brain age of T1-weighted structural brain MRI
data. The SFCN has considerably less parameters than a majority of previous models (see
Table 2.3) and is ideal for working with small datasets and 3D volumetric data. The work
implements performance boosting techniques, such as data augmentation, model regular-
isation, model ensembles and prediction bias correction. We discuss this bias correction
below in Section 2.5.1. The recent work of Yin et al. [16] also implement a lightweight 3D
CNN, with their model containing fewer parameters than that of the SFCN. They com-
bine datasets from multiple sources - the UK Biobank, CamCAN, Alzheimer’s Disease
Neuroimaging Initiative (ADNI) and Human Connectome Project (HCP) - and train and
test on a subset of cognitively healthy scans from the UK Biobank, ADNI, and HCP.
Overall their dataset spans the age range 18-92y. They achieve an MAE of 2.23-2.41y
which is competitive with SOTA. This MAE range is due to Yin et al. [16] obtaining
distinct MAEs for males and females. Furthermore, comparing the testing of the same
unseen data on the SFCN of Peng et al. [15] and the 3D-CNN of Yin et al. [16], Yin et al.
[16] obtain lower MAEs. Dinsdale et al. [17] also make use of the UK Biobank dataset
(age span stated as 44.6-80.6y) and implement an ensemble of 3D CNNs to predict brain
age. They explore the effects of training on linearly and non-linearly registered images
and use a subset of axial slices to conserve memory during computations. Like Peng
et al. [15] and Yin et al. [16], Dinsdale et al. [17] use a low number of convolutional layers
(twelve) and achieve an MAE of 2.71-3.09y. The MAE age range is a result of training
separately on male and female groups of linearly and separately, non-linearly registered
images. Dinsdale et al. [17] monitor the MSE on the validation set to decide whether the
learning rate should be decayed or if training should be stopped. Like Peng et al. [15],
Dinsdale et al. [17] also follow Smith et al. [126] to remove brain age bias. Levakov et al.
[48] train a CNN ensemble on T1-weighted brain MRI data (age range 4-94y) and obtain
an MAE of 3.07y. Like Peng et al. [15], Levakov et al. [48] implement dropout and data
augmentation. To obtain the MAE, they implement a simple linear regression to find
an optimal linear combination between each model output in the ensemble. Hofmann
et al. [127] also explores the use of combined ensembles of CNNs to determine brain age
and generate saliency maps to aid in the interpretability of how different brain regions
contribute to brain ageing. Saliency maps to aid model interpretability are also used by
Yin et al. [16], and in other brain ageing related research by Taylor et al. [128]. Hof-
mann et al. [127] makes use of population-based data (ages 18-82y) to train the neural
network, and obtains accurate predictions with an MAE of 3.37-3.86y for both single
and multiple modalities, and regionally restricted and whole-brain images. Jonsson et al.
[49], Kolbeinsson et al. [11] and Bashyam et al. [93] make use of residual blocks, inspired
by the ResNet architecture, in their models. They achieve MAEs of 3.39y, 2.87-3.42y
and 3.702y, respectively. Note that the Kolbeinsson et al. [11] MAE range derives from
them reporting an MAE of 2.87y on an N=2057 health stratified subset of UK Biobank
and an MAE of 3.42y on a subset not stratified for health with N=12196. Jonsson et al.
[49] and Bashyam et al. [93] span age ranges of 18-82y and 3-95y, respectively. While
the age range of Kolbeinsson et al. [11] is unknown, they make use of the UK Biobank
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dataset which is commonly quoted to span an age range of approximately 44-80y. Feng
et al. [129] and Cole et al. [9] follow very similar model structures and achieve MAE’s of
4.06y and 4.16-4.66y, respectively. Their datasets span the age range 18-97y and 18-90y,
respectively.

In Table 2.2 a summary of the datasets, input modalities, dataset age ranges, and
dataset sizes of previous works are detailed. We include an in-depth summary of these
works with details of the architectures, regularisation techniques, loss functions, optimis-
ers, learning rates and batch sizes in Table 2.3. For both tables, we order the rows in
ascending order of MAE.

In Table 2.3, as expected from Section 2.1.2, we see convolutional layers, often com-
bined with activation functions like ReLU or its variants (Leaky ReLU, exponential linear
unit), and pooling operations (max pooling, average pooling). The complexity and depth
of these architectures vary; some papers, such as Peng et al. [15] and Yin et al. [16], fea-
ture very lightweight models, while others, like Bashyam et al. [93], utilise much deeper
models.

Regularisation plays a crucial role in ensuring generalisation in DL models. Dropout
and L2 weight regularisation are the most commonly employed techniques across the
selected studies. Dropout aids generalisation by randomly deactivating a specified per-
centage of the features in a layer during each training iteration. L2 regularisation penalises
large weights by introducing a penalty term to the loss function. This encourages the
model to learn smaller weights and reduce the risk of overfitting. The dropout percent-
ages used vary, with a range between 0.2 (20%) to 0.8 (80%), indicating that different
studies have found varying levels of regularisation effective. The choice of optimisers and
learning rates also shows variability across the literature. The Adam optimiser is more
commonly used, followed by SGD and RMSprop. Initial learning rates generally range
between 2 × 10−5 to 10−2, with most works employing learning rate decay. For the batch
sizes, a size of eight appears most frequently, though some works opt for larger batches
[9, 17].

From Table 2.2 and Table 2.3, it can be seen that studies leveraging the UK Biobank
dataset [11, 15, 17, 130] typically observed MAEs ranging between 2.14y and 3.42y. These
studies contain age ranges between the mid-40s to early 80s, utilising between 10000 to
over 21000 UK Biobank scans. The variation of dataset size within the different studies
utilising UK Biobank data can be put down to varying quality control procedures, study
selection criteria and date at which the study was carried out in relation to ongoing
imaging collections, as well as participant withdrawals [131]. On the other hand, studies
utilising datasets from multiple sources, such as Levakov et al. [48], Feng et al. [129] and
Bashyam et al. [93], with the strong exception of Yin et al. [16], present MAEs between
3.07y and 4.06y. These multi-site studies span broader age ranges, from early childhood
to late 90s, and feature dataset sizes ranging from just over 10000 to more than 30000
scans. It is worth noting that although studies utilising multiple sources and broader age
ranges, on average, perform worse than the studies utilising the UK Biobank dataset,
this difference may be attributed to the increased complexity that accompanies brain
age prediction on datasets diverse in site and age. Yin et al. [16] diverge from this and
obtain an MAE highly competitive with SOTA, despite utilising a smaller dataset that is
more diverse (multiple sources) and spans a broader age range. As noted above, directly
comparing the MAE across studies is arguably not fair since different studies often utilise
different datasets and span different age ranges. A ‘weighted’ MAE could be a useful
method for fair comparisons, however this was not seen in the literature.
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2.5.1 The Brain Age Bias
Throughout the literature, unspecific to the type of ML technique used [132], a trend is
found to be prevalent within the prediction of the brain age. This trend is a bias between
the chronological and predicted age and presents itself with the over-prediction of age
in younger individuals and under-prediction of age in older individuals. Hence, the bias
results in a negative correlation between chronological age and the brain age delta, which
is given by Equation 1.1. For unbiased results, in healthy individuals, there should be
no correlation between chronological age and calculated brain age delta. We primarily
discuss the works of Smith et al. [126] and Treder et al. [133] where this bias and proposed
corrections are outlined. Causes of bias, as listed in Smith et al. [126], include regression
towards the mean and a non-Gaussian distribution of ages of individuals in the study
datasets. As seen in the above section, it is common practice for studies involved in the
prediction of brain age to implement these bias correction methods [11, 15–17].

Smith et al. [126] discuss a number of methods of correcting for this bias. We closely
follow their derivation for linear corrections below. To begin, they represent the vector
of predicted brain ages Ypred from imaging matrix X as

Ypred = Y + δ = f(X) (2.10)

where Y is the vector of corresponding chronological age labels, δ is the vector of differ-
ences between predicted and chronological age and f(X) is some vector function. They
first postulate f(X) to be approximated by a simple linear model acting on an input
matrix, i.e. f(X) = Xβ where β is a vector of parameters. Equation 2.10 can then be
reformulated as

Y = Xβ1 − δ1. (2.11)

The subscripts are introduced for clearer notation in the following paragraphs. Equation
2.11 can be solved, for example by representing β1 = X†Y , where X† = (XT X)−1XT is
the pseudo-inverse of X, as Smith et al. [126] lays out. Substituting this in one gets

δ1 = (XX† − I)Y. (2.12)

From this, one can see that the δ1 vector will not be orthogonal to the chronological ages
Y , and thus not independent. Note that since we use f(X) = Xβ1, it is apparent from
Equation 2.10 that Ypred = XX†Y . The study corrects for the bias by removing the
dependencies of δ1 on chronological ages Y and achieves this first by assuming linear cor-
rections only, later detailing the case of nonlinear corrections. We present the derivation
by Smith et al. [126] for the simpler case of linear corrections.

The dependency between chronological age Y and uncorrected brain age delta δ1 can
be given by the linear equation

δ1 = Y β2 + δ2. (2.13)

This equation represents the line of best fit of the uncorrected brain age deltas and
chronological ages, and is illustrated by the red line in Figure 2.14a. By taking β2 = Y †δ1,
analogously to the procedure of deriving Equation 2.12, Smith et al. [126] then derive the
equation

δ2 = MyXX†Y (2.14)

where MY = I −Y Y † orthogonalises a vector with respect to the chronological age vector
Y . As mentioned above, the work shows that XX†Y can be identified as the predicted
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Figure 2.14: Line of best fit for the brain age delta and the chronological age, y, before
and after linear correction proposed by Smith et al. [126]

brain age Ypred and so we can interpret δ2 as the corrected brain age delta. The line of
best fit for corrected delta and chronological age is illustrated in Figure 2.14b.

Peng et al. [15], following Smith et al. [126], use a linear bias correction method to
bias correct the brain age delta and fit a linear regression x = ay + b to the validation
set where y is the chronological age and x is the predicted age. The corrected predicted
age is then given by x̂ = (x − b)/a. Using these assumed generalisable a, b, the corrected
brain age delta is then obtained on the test set.

An alternative approach is proposed by Treder et al. [133] and addresses the bias
by developing an analytical solution to a constrained optimisation problem. The con-
straints are added to the correlation between predicted age and calculated delta during
model training. This solution is developed for linear, ridge and kernel ridge regression.
Mathematically, the crux of the method can be laid out as the optimisation of the loss
function

L(y, ypred) (2.15)

subject to constraint
|corr(y, δ)| ≤ ρ (2.16)

where ρ ≥ 0 is the correlation bound.
The work finds that the least-squares model is the optimal model, allowing correlation

constraints to be met and a best fit to be achieved, thus finding a model to minimise bias
with threshold ρ while maximising accuracy (quantified by MAE). The work shows that
for all models, increasing ρ (a looser constraint) caused the test set MAE to decrease -
thus emphasising the use of ρ as a balancing parameter between the level of bias and
predictive accuracy. Through using the Predictive Analytics Competition (PAC) 2019
data, the work shows that optimal unbiased predictive models are obtained. They state
that their approach holds many advantages over previously established approaches. These
advantages include correcting residuals on the training set and validating the corrections
on a separate test set. This contrasts with the approach whereby the correction for the
residuals is calculated on the training set and then applied to the test set which introduces
dependencies within the the test set [133]. Furthermore, since this approach corrects
the predictions (indirectly correcting residuals), the method is applicable to unlabeled
datasets.
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We keep these alternative approaches in mind when later applying a suitable correction
to our experimental results in Chapter 4.

The deep neural networks discussed above are detailed in the context of predicting the
brain age of healthy controls. We now dive deeper into the effects of HIV and applications
of ML models to the case of HIV+ individuals.

2.6 Machine Learning Applications to HIV
In this section, we dive into the literature of previous ML applications to investigating
the impact of HIV on individuals. In doing so, we improve our understanding of the task
and complexities involved.

Guaraldi et al. [134] present evidence for the increased susceptibility of non-infectious
comorbidities (NICMs) in HIV+ individuals with a history of ART. The NICMs inves-
tigated include diabetes mellitus type 2, renal failure, hypertension, bone fractures and
cardiovascular disease. The study involved HIV+ individuals (n=2854) and age, race
and sex matched HIV− controls (n=8562). By implementing logistic regression, the work
shows that certain age-associated NICMs, and presence of multiple (≥ 2)NICMs, are more
prevalent in HIV+ individuals than matched controls. Specifically, higher prevalence of
diabetes mellitus, bone fractures and renal failure were found in the HIV+ group. As
shown by Franke et al. [82], individuals with diabetes mellitus type 2 exhibit an increase
in brain predicted age. This suggests increased predicted brain age is likely in HIV+
individuals with diabetes mellitus type 2. Guaraldi et al. [134] also identify correlations
between multiple NICMs, lower nadir CD4 counts, and prolonged ART usage. El-Sadr
et al. [135] provides insight to this correlation between multiple NICMs and prolonged
ART use by studying the occurrence of opportunistic disease and death in HIV+ indi-
viduals. Their study comprises of a virologically suppressed group and an episodically
(based on CD4 counts) treated group. Their findings indicate a higher risk of opportunis-
tic disease or death in the episodically treated group, seemingly in contradiction to the
associations found by Guaraldi et al. [134]. This discrepancy suggests that the occurrence
of NICMs could potentially be even higher without a history of ART.

Focusing on neural alterations associated with ageing in HIV+ individuals, Jahan-
shad et al. [136] study disruptions in brain networks. They utilise high angular resolu-
tion diffusion tensor imaging (HARDTI) tractography, tracing WM connections between
cortical regions based on MRI-derived cortical parcellations. Furthermore, they inves-
tigate the relationship between neurodegeneration in HIV+ individuals and carriers of
the apolipoprotein E4 allele (ApoE4). This allele has been found to be a predictor of
increased risk of late-onset Alzheimer’s disease and, in individuals carrying two copies of
ApoE4, dementia [137]. Jahanshad et al. [136] hypothesise that the neural networks of
HIV+ individuals will experience impairment, with this impairment further increased in
ApoE4 carriers. In both cases, this impairment may provide evidence for increased brain
ageing. Jahanshad et al. [136] further hypothesise that the extent of this impairment may
be correlated to the duration of infection with HIV. Their dataset includes HIV+ individ-
uals (n=55) from the longitudinal study at the Memory and Aging Center, University of
California in San Francisco (UCSF), and age and sex matched HIV− controls (n=30). At
the time of assessment, all but three HIV+ individuals were on cART and only six did not
have undetectable plasma HIV RNA (less than 400 copies/mL). Jahanshad et al. [136]
implement a multilinear model and find that older HIV+ individuals exhibit disrupted
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brain connectivity and integrity, with this effect further heightened in those who carry
the ApoE4 genotype. They also find evidence of the interaction between duration of HIV
and presence of the ApoE4 genotype, with the longer HIV affected carriers exhibiting
further deterioration of connectivity.

Cole et al. [20] investigate the link between HIV and increased levels of brain atrophy.
Furthermore, the work explores whether increased predicted age is linked to HIV status,
age, cognitive performance and HIV-related clinical parameters. As seen in Nir et al.
[123], these correlations are informative to investigate. Cole et al. [20] uses neuroimaging
data from virologically suppressed HIV+ individuals (n=162) and comparable HIV−
controls (n=105). These individuals are part of the Comorbidity in Relation to AIDS
(COBRA) collaboration. The work uses a GPR model trained on concatenated GM
and WM tissue segmentation maps from independent healthy controls (n=2001). The
coefficients from the validated GPR model are applied to the testing datasets, allowing
for the brain age deltas for both HIV+ and HIV− groups to be derived. Cole et al.
[20] reports a brain age delta of 2.15 ± 7.79 years for HIV+ individuals and −0.87 ±
8.40 years for HIV− individuals. The standard deviation observed in the HIV− control
group can be attributed to the selection of HIV− controls to align closely with the
characteristics of the HIV+ dataset, ensuring comparability between the two groups.
In conclusion, the work finds evidence that HIV may accentuate brain ageing, even in
virologically suppressed individuals, due to the positive brain age delta obtained. The
findings suggest accentuated ageing rather than accelerated ageing as the calculated delta
was not correlated to duration of infection.

Following on from the work of Cole et al. [20], Kuhn et al. [138] implement a SVR
model to predict brain age on a HIV+ dataset. The study trains the model to predict age
on DTI metrics from the CamCAN (n=765) and University of Oslo (n=177) datasets.
Once trained, the model is applied to the HIV+ group (n=70) and HIV− comparable
controls (n=34). The findings indicate that HIV is linked to WM ageing, revealing
a significantly larger brain age delta in the HIV+ group in comparison to the HIV−
controls. Furthermore, the study identifies a significant positive correlation between the
viral load of HIV RNA and the brain age delta, and a negative correlation between
domain-level cognitive function and brain age delta.

Continuing the exploration of HIV’s impact on cognitive function and brain ageing,
Underwood et al. [139] investigate longitudinal changes in cognitive function of HIV+ in-
dividuals. They utilise T1-weighted MRI scans of virologically suppressed HIV+ partici-
pants (n=129) from the CNS HIV Anti-Retroviral Therapy Effects Research (CHARTER)
cohort. They employ structural imaging techniques and segment the scans into WM and
GM maps, followed by spatial normalisation, to prepare them for analysis. For training,
they implement a multivariate model to predict age and assess cognitive function. The
results display a noticeable difference in predicted age between the HIV+ individuals and
the HIV− controls. On average, the predicted age for HIV+ individuals was found to be
1.17 years higher than that of the HIV− controls. This age discrepancy was even more
pronounced in specific subsets of the HIV+ group: a 5.87 years increase was observed in
individuals with HIV and additional comorbidities, and a 3.03 years increase was noted
in those with a history of AIDS. Accurate prediction of cognitive impairment through the
ML models was not achieved.

More recently, Petersen et al. [140] investigate accelerated WM ageing in individuals
with HIV, with a focus on those with detectable viral load (VL). They train a GPR
model to predict age on DTIs of healthy controls from the CamCAN dataset. They
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apply the trained model to HIV+ individuals (n=290, 85% with undetectable VL) and
HIV− controls (n=165). Following this, they calculate the brain age delta and model it
as an age-VL interaction. They also use measures of fractional anisotropy (FA) and mean
diffusivity (MD) to quantify WM microstructure. FA is useful at deducing axonal degen-
eration and altered myelination whereas MD quantifies membrane density, necrosis and
oedema [140]. They carry out multivariate regression analysis to assess correlations and
find age and detectable VL to have a significant interaction effect. In more detail, HIV+
individuals with detectable VL were found to gain delta at a rate of 1.5 years δ/decade
compared to HIV− controls (p=0.018), and HIV+ individuals with undetectable VL were
found to gain delta at a rate of 0.86 years δ/decade relative to HIV− controls (p=0.052).
Furthermore, the study finds a correlation between brain age delta and lower levels of
overall cognition for individuals with detectable VL. Additionally, Petersen et al. [140]
utilise DeepBrainNet [93] with T1-weighted images of the same individuals for multi-modal
comparison and find the predicted deltas to be significantly correlated, thus emphasising
the reliability of the results. The results from this section are summarised in Table 2.4.

From Table 2.4, we can see how ML techniques have been applied to investigating the
physical impact of HIV. The effects of HIV include NICMs [134], with evidence indicating
that HIV causes brain damage [136, 140] and increases brain ageing [20, 138]. Together
with Section 2.4, we motivate the importance of investigating brain ageing in HIV+
individuals.

2.7 Summary
This literature review provides an overview of DL, and key neural network variants. The
review focuses on medical applications of DL, specifically the task of investigating brain
ageing in HIV+ individuals. Thus, throughout this chapter we study medical imaging,
including available training and testing datasets and pre-processing steps. We also discuss
brain ageing and study previous CNN applications to predicting brain age. Following this,
we explore the impact of HIV on the brain and previous ML applications to investigating
the effect of HIV on individuals.

The information detailed in the literature review paves the way for further research
to be performed. As seen in Section 2.4 and Section 2.6, there is substantial motivation
supporting the research questions of this work. Through the analysis of the architectures
detailed in Section 2.5, the foundations of a starting point model to conduct the exper-
iment and address the research questions can be constructed. Finally, from Sections 2.5
and 2.3.2, we note suitable datasets and how to pre-process them accordingly for the task
at hand.
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Paper Methodology Results
Budka et al.
[22] (1991)

Review of neuropathological and
other data.

HIV linked to increased
prevalence of HIVE and HIVL
which may cause brain WM

damage.
Thompson et

al. [122]
(2005)

Study of cortical GM thickness
in AIDS patients and healthy

controls.

Found prevalent cortical GM
tissue loss in individuals with

AIDS.
Heaps et al.
[121] (2014)

Total and subcortical GM, total
WM, caudate, corpus callosum,
and thalamus analyses, along
with neuropsychological tests.

Significant decrease in brain
volume of total and subcortical
GM found for HIV+ HAND+

relative to HIV− controls.
Keltner et al.
[120] (2014)

Cross-sectional analysis on
structural MRIs of HIV+

individuals with and without
DNP.

Severity of DNP correlated with
cortical GM atrophy in HIV+

individuals.

Clifford et al.
[124] (2018)

Analysis of brain atrophy rates
in longitudinal structural brain
MRIs of older HIV+ individuals

and age-matched healthy
controls.

HIV+ group displayed higher
levels of brain atrophy relative to

age-matched healthy controls.

Nir et al.
[123] (2019)

Tensor-based morphometry
between selected time points.

Significant brain tissue loss
found; predominantly in

subcortical regions. Correlation
between disease severity, age,
cognitive decline, and greater

atrophy.
Grill et al.
[23] (2021)

Review of clinical syndromes and
neurological conditions related to

HIV infection.

Susceptibility to range of
neurological illnesses such as
HAND (e.g. HIV-associated

dementia), opportunistic
infections (e.g. toxoplasmosis)

and other CNS conditions.

Table 2.1: Summary of previous key HIV research.
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Paper Dataset Data Type Age
Range (y) Size

Peng et al. [15] UK Biobank T1-weighted 44-80 14503

Yin et al. [16]
UK Biobank,
HCP, ADNI,

CamCAN
T1-weighted 18-92 7211

Dinsdale et al. [17] UK Biobank T1-weighted 44.6-80.6 19687
Kolbeinsson et al. [11] UK Biobank T1-weighted 21382

Levakov et al. [48] Multiple sources T1-weighted 4-94 10176

Hofmann et al. [127] LIFE-Adult

T1-weighted,
fluid-attenuated

inversion
recovery,

susceptibility
weighted
imaging

18-82 2637

Jonsson et al. [49] Icelanders, IXI,
UK Biobank T1-weighted 18-82 >12378

Bashyam et al. [93] LifespanCN T1-weighted 3-95 14468
Feng et al. [129] Multiple sources T1-weighted 18-97 >30000

Cole et al. [9] Brain-Age Healthy
Control

GM, WM,
T1-weighted 18-90 2001

Table 2.2: Summary of the studies and corresponding datasets, input modalities, dataset
age ranges, and dataset sizes. We order in ascending order of performance achieved.
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Paper Dataset Size Methodology Results

Guaraldi
et al. [134]

(2011)

HIV+ n=2854,
HIV− n=8562

Logistic
regression

model

Certain age-associated NICMs,
and presence of multiple

(≥ 2)NICMs, more prevalent in
HIV+ than matched HIV−

controls.
Jahanshad
et al. [136]

(2012)

HIV+ n=55,
HIV− n=30

Multilinear
model

Older HIV+ exhibit disrupted
brain connectivity, further

deterioration in ApoE4 carriers.

Cole et al.
[20] (2017)

Independent
healthy n=2001,
HIV+ n=161,
HIV− n=102

Gaussian
process

regression
model

Brain age delta calculated to be
2.15 ± 7.79 years in HIV+

individuals and −0.87 ± 8.40
years in HIV− individuals.

Kuhn et al.
[138] (2018)

Independent
healthy n=942,
HIV+ n=70,
HIV− n=34

Support
vector

regression
model

Larger delta for HIV+, positive
correlation between HIV RNA

viral load and delta, and negative
correlation between domain-level

cognitive function and delta.

Underwood
et al. [139]

(2018)
HIV+ n=139 Multivariate

model

Predicted age on average 1.17
years higher in HIV+; 5.87 years
higher in those with confounding

comorbidities; 3.03 years higher in
those with a history of AIDS.

Petersen
et al. [140]

(2022)
HIV+ n=290,
HIV− n=165

Gaussian
process

regression
model

Significant interaction between
age and detectable VL on brain

ageing. Detectable VL gain delta
at 1.5 years/decade compared to
HIV− (p=0.018). Undetectable

VL gain delta at 0.86
years/decade compared to HIV−
(p=0.052). Correlation between
delta and lower global cognition

in detectable VL.

Table 2.4: Summary of previous ML applications investigating effects of HIV in individ-
uals.
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Chapter 3

Experimental Design

In this chapter, we outline the pipeline and methods used to conduct the investigation of
the research questions outlined in Section 1.3. The pipeline begins with dataset acquisi-
tion and dataset pre-processing. In the model design phase, we build on previous brain
age prediction models and construct a novel architecture suited to this task. The model
then undergoes training, tuning and optimisations to improve the accuracy of results
and computational performance. For generalisability to broader datasets and age ranges,
transfer learning is then applied. Lastly we carry out testing, harmonisation and analysis
with the ENIGMA-HIV dataset. This pipeline is illustrated in Figure 3.1.

Model Design

Training, Tuning,
Optimisations

Transfer Learning

Testing and
Harmonisation

Analysis

Pre-Processing

UK Biobank

CamCAN

ENIGMA-HIV

Figure 3.1: Experimental pipeline implemented for investigating brain ageing in HIV+
individuals.

3.1 Datasets
Selecting a suitable dataset is a crucial component in carrying out a successful experiment.
In this section, we discuss the selection of training and testing datasets, and the key factors
we look for in these datasets.

3.1.1 Training Datasets
We first require a dataset to train a neural network to predict brain age. We select
T1-weighted brain MRI scans for the input, as is commonly seen in the literature (see
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Table 2.2). A suitable dataset is one which consists of scans of healthy individuals for
which chronological age is matched to apparent brain age. Recall from Chapter 1 that
the apparent age of the brain is defined to be the age value as measured by a health
professional, or a predictive model. Through training a model on these T1-weighted brain
MRI scans, the model learns a mapping between input brain scan and predicted age
value. Furthermore, to develop a robust model, it is important to ensure a suitably large
training dataset is used, as well as one which has a wide distribution of ages [17]. Table
3.1 details training datasets available (and used in Section 2.5) and features details on
the age range and size of the datasets.

Dataset Number of Scans
(N)

Age Range (Years) Relevant Studies

UK Biobank 21369 45-82 [11, 15–17, 49, 130]
CamCAN 652 18-88 [16, 129, 141]

IXI 544 20-86 [48, 49, 129]
LifespanCN 14468 3-95 [93]
Brain-Age

Healthy Control
2001 18-90 [9]

Table 3.1: Relevant brain MRI datasets with details on number of scans, age ranges and
brain age prediction studies that they have previously been applied in.

As seen from Table 3.1, the UK Biobank [142] is a large dataset of healthy controls.
We note that while the LifespanCN dataset is also large and spans a wide range, the access
is restricted [93]. We found the UK Biobank dataset to be more accessible, through the
University of Southern California (USC). Furthermore, the UK Biobank is widely used
and has been shown to lead to successful results [15, 17, 130] - in particular, Peng et al.
[15] is SOTA for brain age prediction at the time this work was carried out. A limitation
of the UK Biobank is that it spans a narrow age range. When developing a robust
model it is necessary for training and testing datasets to have comparable age ranges and
distributions. We do not want to restrict the applicability of the model to individuals
within the range 45-82 years, especially since HIV affects individuals of all ages. Hence,
we are motivated to obtain a second dataset, with a wide age range, for further training
of the model through transfer learning. Training the model on a larger sample of datasets
will not only allow for a greater range of age inputs to be used, but it will also allow for
the model to become more generalisable [48, 129], as different datasets often originate
from different scanners and scanning protocols. An accessible dataset which satisfies the
age range requirement is the CamCAN dataset [78, 79].

Additional Imaging Study Details for Selected Datasets

UK Biobank imaging data. The UK Biobank [142] is a large biomedical database
that contains genetic, lifestyle and health information of approximately half a million
participants from the UK population, recruited between 2006 and 2010. At the time of
first recruitment, the participants spanned the age range of 40-69 years. A follow up study,
commencing in 2016, involved the acquisition of medical images. The participants, at the
time of imaging, spanned the age range of 45-82 years. This study was first detailed
in Miller et al [131]. These multimodal medical images were acquired between three
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identical scanning centres using Siemens Skyra 3T scanners. The T1-weighted structural
data was acquired at a 1mm isotropic resolution using a MP-RAGE sequence.

CamCAN imaging data. The Cambridge Centre for Ageing and Neuroscience
(CamCAN) [78, 79] is a collaborative research project, started in October 2010. The
CamCAN dataset (available at http://www.mrc-cbu.cam.ac.uk/datasets/camcan/) con-
tains brain MRI data from the UK population and investigates healthy cognitive ageing.
CamCAN participants undergo screening to ensure healthy cognitive function. The par-
ticipants, at the time of imaging, spanned the age range of 18-88 years. The imaging was
carried out on a 3T Siemens TIM Trio System. As for the UK Biobank dataset, the T1-
weighted structural images were acquired at 1mm isotropic resolution using MP-RAGE
sequence [79].

The age distributions for the UK Biobank and CamCAN datasets are illustrated in
Figure 3.2. Similarly, we see the sex distributions of the UK Biobank and CamCAN
dataset in Figure A.1. In Figure 3.2 we see the higher frequency of UK Biobank scans,
particularly within the middle of the age range, and the broader age range of the CamCAN
scans. It is important to note that we have modified the original CamCAN dataset to
ensure that its age distribution aligns more closely with that of the testing dataset, which
will be discussed in the following section. This modification involved defining age bins
for both the CamCAN and testing dataset, and then removing scans from the CamCAN
dataset in bins where its frequency was higher than that of the testing dataset. When
removing scans we remove a proportional amount of male and female scans. Following
the removal of scans, N=484 scans remained in the CamCAN dataset.

3.1.2 Testing Dataset
To fulfil the research aims of this work, we require a dataset of T1-weighted brain MRI
scans of individuals with HIV, from which the effects of HIV on the brain can be inves-
tigated.

As seen in Section 2.6, there are a variety of datasets available for the study of HIV.
However, these datasets are fairly small and as seen in [121, 139, 143] the acquisition
of a sufficiently large dataset is beneficial to obtaining accurate results. It is also of
importance to have comparable HIV− controls [20, 143]. Comparable controls are often
matched in terms of age, sex, and/or lifestyles and allow for more accurate comparison
of predicted ages. When selecting a dataset, we aim to obtain a large, diverse dataset
paired with HIV− controls.

A large group involved in the study of HIV, as well as various other neuroimaging
and genetic studies, is the Enhancing NeuroImaging Genetics through Meta Analysis
(ENIGMA) consortium [144]. This group, launched in 2009, is a wide-scale collaboration
of over 1400 scientists from around the world. ENIGMA works to answer research ques-
tions in neuroscience, psychiatry, neurology, and genetics by combining datasets from
sources around the world. One of these working groups within the ENIGMA consortium
is the ENIGMA-HIV working group, formed in May 2013, which holds a diverse dataset
of HIV+ individuals. This diverse dataset is extremely valuable and features individuals
from South Africa, the USA, Asia, and Europe [145]. This dataset is thus a better rep-
resentative of HIV impacted individuals than a dataset from a single site would be. The
works of Jahanshad et al. [136], Underwood et al. [139] and Nir et al. [123], detailed in
Section 2.6, use datasets from sites contributing to the ENIGMA-HIV dataset.

Through ENIGMA-HIV, this investigation on brain ageing in HIV+ individuals, was
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Figure 3.2: Age frequency histograms of the UK Biobank (UKB) and CamCAN training
datasets.

given access to the data from twelve sites within the group. Table 3.2 contains details
on the number of scans and age ranges each site contains, as well as the case (HIV+) to
control and male to female proportions. Figure 3.3 represents these details graphically,
and additionally displays the age distributions within the sites. Six of the twelve sites
contain controls. In Table 3.3 we detail the key clinical measures provided by the sites
within ENIGMA-HIV. Due to sparsity of information, we primarily focus on the clinical
measures CD4, nadir CD4, duration of infection, treatment status and HIV plasma RNA
(plRNA) detectability status (see Section 2.4 for definitions). Note we exclude one of
the twelve sites due to the scan acquisition protocol which produced scans of very large
intensities and biased results. Following this exclusion, six sites with controls and five
sites with purely HIV+ cases remain. Figure C.1, C.2, C.3 illustrate the mean CD4,
nadir CD4 and HIV durations per site, while Figure C.4 and Figure C.5 illustrate the
percentage of HIV+ cases on ART, and with detectable levels of HIV plasma RNA,
respectively.

To ensure that the age distributions of the training and testing datasets are represen-
tative, we excluded N=168 older scans from the CamCAN dataset that fell outside the
ENIGMA-HIV age range. Leaving these scans in may introduce bias whereby the model
may tend to over-predict the ages of the individuals in the ENIGMA-HIV dataset and
thus produce misleading results. We see a comparison between the age and sex distribu-
tions of the CamCAN dataset and the ENIGMA-HIV dataset in Figure 3.4 and Figure
A.2, respectively. To assess the comparability of age distributions and sex frequencies
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Site Scans (N) Age Range (Yrs) HIV+ % (N) Male % (N)
Arch 134 21-69 59.0 (79) 61.2 (82)

Boban 157 17-76 51.6 (81) 81.5 (128)
Brew 32 39-75 100.0 (32) 96.9 (31)

Brown 131 23-79 61.8 (81) 64.9 (85)
Chang 191 20-74 100.0 (191) 91.1 (174)

Cysique 122 44-69 67.2 (82) 100.0 (122)
Hinkin 65 26-67 20.0 (13) 75.4 (49)
Navia 49 25-62 100.0 (49) 65.3 (32)
Paul 147 22-45 100.0 (147) 12.2 (18)

Search 62 22-56 100.0 (62) 41.9 (26)
Valcour 83 60-69 63.9 (53) 92.8 (77)

Table 3.2: Details of number of scans, age ranges, proportions of cases to controls and
males to females for sites forming part of the ENIGMA-HIV dataset. We highlight the
cohorts with controls in bold.
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Figure 3.3: Age distributions of scans for the sites in the ENIGMA-HIV dataset with sex
(top) and HIV status (bottom) splits.

between the CamCAN training dataset and the ENIGMA-HIV testing dataset, we con-
ducted Kolmogorov-Smirnov (KS) tests for the continuous age data and Chi-squared tests
for the categorical sex data. For these tests, the null hypothesis is that the datasets are
drawn from the same distribution. The Chi-squared test results indicated that the null
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hypothesis could not be rejected, while the KS test rejected the null hypothesis. From
Figure 3.4 it is evident that there are age bins where the ENIGMA-HIV dataset has a
higher frequency of scans, and vice versa. Hence, without excluding further training and
testing data, we will not be able to have matched age distributions. However, the criti-
cal step of removing older scans from the CamCAN dataset, which could introduce age
prediction bias, was performed. Since the UK Biobank dataset is purely for pre-training
the model, the distribution of ages relative to the ENIGMA-HIV dataset is not of high
importance.
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Figure 3.4: Comparison plot of the normalised age distributions of the CamCAN transfer
learning dataset and the ENIGMA-HIV testing dataset.

It is important to note that it is not viable to solely train and test on the ENIGMA-
HIV dataset. It is imperative that the model learns a mapping between a brain scan and
an age value, where the mapping is defined on healthy controls. As detailed in Section 2.2,
the apparent brain age of healthy controls is matched to the individual’s chronological age.
Healthy controls are defined here as HIV− individuals who have been screened for health
factors; for example, the controls in the UCSF Valcour cohort (see below). However,
within the ENIGMA-HIV dataset, the majority of controls are not classified as healthy,
or their health status was unavailable, hence they are not suitable for teaching the model
the appropriate mapping. Furthermore, as the ENIGMA-HIV dataset originates from
multiple sites, of which different sites contribute different numbers and distributions of
scans, a large dataset imbalance would be present.

Details on controls

From the distributions in Figure 3.3 we see, visually, that the controls appear to be
generally well matched by age and sex, with the exception of Hinkin, where there were
fewer HIV+ cases than controls. To numerically validate the similarity of age distribu-
tions and sex frequencies across these groups, we applied KS tests for the age data and

42



Chi-squared tests for the sex data, as before. The KS test results revealed significant
differences in age distributions at the Arch, Hinkin, Valcour, and Boban sites between
HIV+ and HIV− groups. Conversely, the Brown and Cysique sites, did not have the null
hypothesis (defined as before) rejected. Regarding sex frequencies, the Chi-squared tests
indicated differences in the frequencies within the Arch and Boban sites, but not for the
Brown, Hinkin, and Valcour sites. The Cysique site contains only males. We were able
to obtain additional information about the controls from four sites 1.

Arch and Brown. The health of the cases and controls were largely similar. The
majority of controls were recruited from the same population as the cases, many with
similar comorbidities. There were no major medical issues, but multiple risk factors were
present.

Cysique. The controls were selected to be age matched, with comparable demo-
graphic and lifestyle criteria.

UCSF Valcour. The controls form part of a healthy ageing cohort at UCSF and
have been extensively screened for factors linked to brain health, hence they are healthy
controls [123].

Although our training datasets from the UK Biobank and CamCAN were screened for
health, variations in the strictness of these criteria may affect the model’s performance.
Despite this, we believe that training a model on these health-screened datasets and
applying it to the ENIGMA-HIV dataset is feasible. In particular, ensuring that the
model is generalisable is important for improving the accuracy of results on the ENIGMA-
HIV dataset. Furthermore, we shall utilise statistical methods (see Section 3.5.3) to assess
differences between the HIV− controls and HIV+ cases, thus allowing for deeper insights
into the results to be obtained.

3.2 Pre-Processing
As detailed in Section 2.3.2, pre-processing is a standard feature in medical imaging
studies. The UK Biobank pre-training dataset was pre-processed by the USC. The first
of these pre-processing steps applied by the USC involved the reorientation of the brain
MRI scans to correspond with that of the standard template (MNI152) orientation. To
do this, FSL’s [2] fslreorient2std tool was used. For skull-stripping, the brain extraction
tool HD-BET was implemented [1]. A linear registration tool part of FSL’s [2] package,
FLIRT [3–5] was used to linearly register the scans to MNI152 space with the ICBM
2009a nonlinear symmetric 1 × 1 × 1mm template [6–8]. The scans were registered with
nine degrees of freedom and the mutual information cost function. As discussed by
Sengupta et al. [146], the mutual information cost function aims to maximise the aligned
voxel information between images and has been shown to be very successful in image
registration. Following registration, the scans were of dimensions 197×233×189. Dinsdale
et al. [17] discusses the potential loss of morphological information due to the registration
process. We justify the need for this pre-processing step since we are pooling data from
multiple sites [9] where the sites use varied scanners and scanning protocols and produce
scans of different dimensions. The USC performed visual quality control and excluded
scans with motion or Gibbs artifacts 2.

1Private correspondence
2Private correspondence
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To avoid introducing unnecessary variation to the model, it is sensible to be consis-
tent with pre-processing steps for the different datasets. Hence, the same pre-processing
pipeline, as used for the UK Biobank dataset by the USC, was applied to the CamCAN
and ENIGMA-HIV datasets. Since HD-BET was created to be robust to brain tumours,
lesions and resection cavities [1] it is also a suitable choice for the ENIGMA-HIV dataset
where lesions, and other neurological pathology, may be present as a result of progressed
HIV [23].

We choose to zero pad (in x and y dimensions) and crop (in y dimension) the scans
in the UK Biobank, CamCAN and ENIGMA-HIV datasets to have final dimension 225×
225 × 225, similar to He et al. [28]. Since the brain scans feature an outer coating of
black (zero) voxels it is justifiable to further add or remove zero voxels as they do not
contribute to brain structure.

Normalisation is typically the final step in the input pre-processing pipeline. This
process involves standardisation of the scans so that the scan voxels have intensity values
of mean µ = 0 and standard deviation σ = 1. The PyTorch torchvision transform
library was used to perform normalisation, with the mean and standard deviation being
calculated for each scan. The pre-processing pipeline utilised in this work is illustrated
in Figure 3.5.

Re-orientation to standard space

Skull-stripping

Linear registration

Cropping, Padding, Normalisation

Figure 3.5: Pre-processing pipeline for T1-weighted brain MRI scans used as input to the
model.

Once the initial pre-processing steps are complete, the MRI scans are in a suitable
format to input to the model for training, validation and testing. We transpose the tensor
of scan intensity values such that the input tensor to the model represents axial slices
[17, 93]. An example of an axial slice can be seen in Figure 2.10.

3.3 Model Design
To construct a novel brain age prediction model, we utilise aspects of the literature
detailed in Section 2.5 and other successful architectures in the field.

We draw on the architecture of the ResNet [28], a highly successful computer vision
architecture, and implement a 3D CNN with residual skip connections. In Table 2.3, we
see Kolbeinsson et al. [11] implement a ResNet and achieve the fourth ranking MAE in
the literature. Our model design begins with a 3D batch normalisation layer and ReLU
activation function. This is followed by a 7 × 7 × 7 convolution operation with stride 2
and a 3 × 3 × 3 max pooling layer to down-sample the spatial dimensions. This format
of 7 × 7 × 7 convolution and max pooling is the standard opening to the model proposed
in He et al. [28]. We differ from the usual sequence by implementing batch normalisation
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and ReLU prior to the convolution which has been shown to improve the accuracy of
results by Zagoruyko and Komodakis [69].

This initial block is followed by a series of four residual blocks, each composed of two
sets of batch normalisation, ReLU activation and 3 × 3 × 3 convolution operations. After
every residual block, a 2 × 2 × 2 max pooling layer is applied to progressively reduce the
spatial dimensions, similarly to Dinsdale et al. [17]. The residual connections implement
a 1 × 1 × 1 convolution (projection) on the convolved input tensor when feature map
dimensions have increased (or decreased) between layers. These residual connections
help mitigate the degradation of model learning and have been successful in brain age
prediction tasks [11, 49].

The final residual block replaces the usual max pooling layer with a 7 × 7 × 7 average
pooling layer. This average pooling is frequently used to summarise the abstracted spatial
dimensions of the tensor to a single value per feature map [11, 15, 28]. Next the model
comprises of a flattening operation to prepare the tensor for the fully connected layer and
a dropout layer to prevent overfitting. The model culminates in a fully connected layer
that outputs the predicted brain age. Throughout the model we zero pad to ensure edge
information is not discounted. The selected model architecture is illustrated in Figure
3.6.

Input

Batch Normalisation,
ReLU,

Convolution,
Max Pooling

Residual Block

Max Pool

Residual Block

Average Pool

Flatten, ReLU,
Dropout

Output

×3

Figure 3.6: Model designed for brain age prediction task. The residual block contains
two sequences of batch normalisation, ReLU activation and a 3 × 3 × 3 convolution, all
enclosed by a skip connection.

In total, the model consists of nine convolutional layers. As seen in Peng et al. [15], the
current SOTA for CNN brain age prediction, a model with as few as seven convolutional
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layers has been shown to achieve high performance. The selection of nine convolutional
layers is motivated by the dimension of the input scans, which is 225×225×225 - similar
to what is used for the ResNet by He et al. [28]. The sequence of convolutional and max
pooling layers reduce the spatial dimensions of the scans to 7×7×7 which is appropriate
for average pooling [11, 28]. As seen in Section 2.1.3, Zagoruyko and Komodakis [69] show
that residual connections are beneficial for performance in models with fewer layers, such
as ours. Throughout the model, we use filters of sizes [32, 32, 64, 128, 256]. He et al. [28]
use a maximum filter size of 512 for the ResNet-18, and so, bearing in mind computational
constraints, we justify selecting a maximum filter size of 256 for our smaller model.

3.4 Pre-Training, Transfer Learning and Tuning
In this section, we provide a detailed overview of the pre-training, transfer learning,
tuning and optimisation. We use PyTorch [147] for the computational tasks of this work.

Since the UK Biobank dataset is far larger, and has a substantially different age
distribution than the CamCAN dataset, we decide against pooling the two datasets into
one. Furthermore, the ENIGMA-HIV dataset also consists of a considerably different age
distribution than the UK Biobank dataset. It is important to train a model on datasets
with similar age distributions to prevent biasing the model. It is also essential for the
model to be sufficiently exposed to these younger (and older) individuals for accurate
brain age prediction. We thus motivate using the UK Biobank dataset as a pre-training
dataset, followed by applying transfer learning with the CamCAN dataset to develop a
robust model, trained on a large range of ages. As seen in Figure 3.4, the distributions
of the CamCAN and ENIGMA-HIV datasets are more closely aligned, justifying the use
of the CamCAN dataset for transfer learning. To this end, we first pre-train on the
UK Biobank dataset and then perform transfer learning on the UK Biobank pre-trained
model with the CamCAN dataset.

3.4.1 Pre-Training with UK Biobank Dataset
We split the UK Biobank pre-training dataset into training, validation and testing subsets
using a split ratio of 70%-15%-15%. The age and sex proportions across the training,
validation and testing subsets are illustrated in Figure 3.7. Similarly, the breakdown of
number of scans and sex proportions is given in Table 3.4. We ensure a proportional split
across ages and sex within each subset of the UK Biobank dataset. It is not uncommon
for brain age studies to stratify/split data based on sex [16, 17]. The inclusion of a
test subset from the UK Biobank is motivated by the need to benchmark our model’s
performance against previous studies utilising the UK Biobank dataset, as detailed in
Section 2.5.

Training Validation Testing
Total Scans (N) 14956 3205 3205
Male (%) 46.04 46.02 45.99

Table 3.4: Summary of number of scans and sex proportions within the UK Biobank
training, validation and testing subsets.

For all training, we utilise an NVIDIA Tesla V100-SXM2-32GB GPU accessed through
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Figure 3.7: Histogram displaying the number of scans and proportions of males and
females for each age bracket for training (left), validation (middle) and testing (right)
subsets of the UK Biobank.

the USC. The UK Biobank dataset size, following pre-processing, is approximately 1TB in
size and thus poses a prominent computational challenge. We write a custom DataLoader
class, which inherits from the classic PyTorch [147] DataLoader class, that loads the
required batches of input into memory as needed. This avoids the requirement for the
dataset to be loaded into memory in its entirety, for which we do not have the compute.
While this method of data loading increases the computational time required for the
training procedure, the memory burden was greatly reduced and allowed for a large pre-
training dataset to be used.

3.4.2 Transfer Learning with CamCAN Dataset
Following the same procedure as for the UK Biobank, we split the CamCAN dataset
into training, validation and testing subsets using a split ratio of 70%-15%-15%, again
stratifying by age and sex. The age and sex proportions across the training, validation
and testing subsets are illustrated in Figure 3.8, and the breakdown of the number of
scans and sex proportions is given in Table 3.5. To validate the similarity of age and
sex distributions across these subsets, we again applied KS tests for the continuous age
data and Chi-squared tests for the categorical sex data. The null hypothesis, that the
subsets are drawn from the same distribution, was not rejected for either test, verifying
the proportionality of our splits.

Training Validation Testing
Total Scans (N) 338 73 73
Male (%) 50.30 47.95 47.95

Table 3.5: Summary of number of scans and sex proportions within the CamCAN train-
ing, validation and testing subsets.

To further motivate the use of first pre-training with the UK Biobank dataset, we
compare the accuracy of the model on the CamCAN dataset with and without pre-
training. For transfer learning, we employ the strategy of loading the pre-trained model
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Figure 3.8: Histogram displaying the number of scans and proportions of males and
females for each age bracket for training (left), validation (middle) and testing (right)
subsets of CamCAN.

saved at the epoch with the lowest validation loss. Once the model weights and biases
are initialised, we commence training as usual.

Bashyam et al. [93] and Jonsson et al. [49], mentioned in Section 2.5, both make use
of transfer learning. Bashyam et al. [93] transfer learns to apply their model to datasets
featuring disease, while Jonsson et al. [49] uses transfer learning as a means of training
the model to accurately predict brain age on a new site, similar to the transfer learning
use case of this work.

3.4.3 Hyperparameter Tuning
We perform hyperparameter sweeps using the functionality provided by Weights and
Biases [148]. We note commonly used learning rates, loss functions, optimisers and
regularisation techniques in Table 2.3. We perform three separate hyperparameter sweeps,
for pre-training on the UK Biobank, transfer learning on CamCAN, and independent
training on CamCAN. The sweeps are executed by a grid search with validation loss as
the metric to be minimised. We sweep over different values of learning rate, learning rate
decay, L2 weight decay and dropout, as well as the MAE and MSE loss functions. To
ensure the model is robust to different initialisations, we assess its performance across
three random seed values, using the previously found optimal hyperparameters.

3.4.4 Reproducibility
When searching for the optimal hyperparameter configuration, it is important to eliminate
sources of randomness and non-determinism within the model. This allows one to draw
conclusions about how the choice of hyperparameters is linked to model accuracy, without
confounding factors in play. For a given library, fixing the seed sets a constant starting
point for the random number generator. For example, setting the PyTorch manual seed
to a fixed value ensures the convolutional weights within the model are initialised with
the same values for each subsequent instantiation of the model. During training we
experiment with different fixed seeds. By ensuring the weights and biases are instantiated
to the same values, it is clearer which hyperparameter changes impact results.
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3.4.5 Optimisations
Due to the large volume of data, the data loading process was computationally costly. As
mentioned previously, due to memory constraints we create a custom DataLoader class
which, while solving the memory issues, results in longer run times. Optimisation of data
loading was achieved by increasing the number of workers in the PyTorch DataLoader
function. For number of workers > 1, multi-process data loading is enabled. We ex-
periment with varying the number of workers within the range [1, 2, 4, 6, 8] and find four
workers to be optimal. The PyTorch DataLoader function also provides the option to ‘pin
memory’. Further optimisation of data loading was obtained by setting this parameter to
true, thus moving the called data to pinned memory and allowing for more efficient data
transfer from memory to GPU [147].

3.5 Testing
Since not all HIV− controls can be classified as ‘healthy’, we decide against further
transfer learning with these controls. Their primary use shall be for comparison of results
from the HIV+ cases. To obtain predicted brain ages, and thus calculate brain age deltas
on the ENIGMA-HIV dataset, we load the model saved at the lowest validation loss epoch
during transfer learning with the CamCAN dataset.

3.5.1 Harmonisation
A notable concern when pooling data from multiple sites is the additional variation in
scans that is introduced. The ENIGMA-HIV [145] dataset utilised in this work consists
of scans originating from eleven sites. These sites make use of different scanners and
scanning protocols. It is important to ensure that the model does not learn to associate
this variation as a factor contributing to the predicted brain age. A technique known
as harmonisation (see Section 2.3.3) has been engineered to detect and remove these
differences. The ENIGMA-HIV Working Group regularly incorporates this technique in
their analysis pipeline. We also note that two of the sites within ENIGMA-HIV use two
scanning protocols to obtain the MRIs. Hence, we specify these scans obtained through
differing protocols as distinct sites. Figure A.3 illustrates the age distributions each new
distinct site contains, as well as the male to female and HIV+ case to control proportions.

We use an algorithm known as neuroHarmonize [98] to implement harmonisation.
This software is an extension of neuroCombat [97] and ComBat [96], with additional
neuroimaging processing support. The method aims to harmonise the post-registration
NIFTI images, a common file format for neuroimaging data. We use post-registration
images as inputs to the harmonisation algorithm since the inputs are required to have the
same dimensions. The algorithm treats each voxel as a feature and computes appropriate
scale and shift parameters for each distinct site input. Through applying these parame-
ters, harmonisation corrects for the inter-site and scanner differences and preserves the
effects of specified covariates. In this work the covariates we specify for preservation are
age, sex and HIV status. Age and sex are commonly specified as covariates for harmoni-
sation [98]. We select the CamCAN test set as the reference site that the ENIGMA-HIV
scans should be harmonised to. The functionality to specify a reference site was accessed
through a fork of neuroHarmonize available at GitHub [149]. The specification of a ref-
erence site scales and shifts the voxel intensities of the NIFTI images within each site to
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align with that of the reference site, while preserving the effects of the specified covariates.
Due to time constraints, we were unable to explore the method proposed by Liu et al.

[103] (see Section 2.3.3) but believe it is a worthwhile future endeavour.

3.5.2 Brain Age Bias Correction
We implement a brain age bias correction (see Section 2.5.1) at the end of each stage
of pre-training, transfer learning and testing. We follow the brain age bias correction
detailed in Peng et al. [15] whereby a linear regression is fit to the age predictions of the
validation set. The estimated fit parameters are then used to correct the brain age delta
predictions on the test set. Hence, we follow this procedure for pre-training on the UK
Biobank and independent training and transfer learning with the CamCAN dataset. For
the ENIGMA-HIV dataset, following harmonisation to the CamCAN test set, we use the
correction parameters calculated on the transfer learning CamCAN validation set and
apply it to the ENIGMA-HIV testing results. Since the controls in the ENIGMA-HIV
dataset are of mixed health, it would not be accurate to calculate the correction on the
controls.

3.5.3 Analysis Overview
We analyse and compare the results obtained on the testing dataset with and without the
use of harmonisation. Pre-harmonisation, we perform two scopes of analysis, one using a
mixed-effects model on the full dataset and another with fixed-effects models for within
site analyses. Post-harmonisation, we use a fixed-effects model on the full harmonised
dataset.

For the analysis, we aim to determine the overall effect of HIV. As a first scope
of analysis for the pre-harmonisation dataset, we implement a mixed-effects model and
specify delta (the brain age delta) as the outcome variable and HIV, sex and age, as the
predictor variables. We group the input by site, which is the random effect, and allow
for random intercepts. This has the corresponding linear mixed-effects formula

Delta ∼ HIV + Sex + Age + (1 | Site), (3.1)

where ‘(1 | Site)′ denotes that site is the random effect. We choose to include sex as
a predictor variable instead of stratifying by sex. This approach allows for performing
analyses on a larger subset of data.

To harmonise, we train the harmonisation model on the whole dataset and specify the
CamCAN test set as the reference site. For the first scope of analysis post-harmonisation,
we implement the fixed-effects model and specify delta as the outcome variable and HIV,
sex and age, as the predictor variables, i.e.,

Delta ∼ HIV + Sex + Age. (3.2)

Furthermore, pre- and post-harmonisation, we perform additional analysis to investigate
correlations between the brain age deltas and clinical measures such as CD4 count, nadir
CD4 count, HIV duration, ART status and HIV plasma RNA detectability status.

For the CD4 counts, we create four distinct bins; controls, counts > 500 cells/mm3,
200 ≤ counts ≤ 500 cells/mm3 and counts < 200 cells/mm3. These bins establish
whether an individual is a HIV− control, HIV+ in good health, moderate health or
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has AIDS [150]. Similarly, for the nadir CD4 count, we create three distinct bins; for
HIV− controls, counts ≥ 200 cells/mm3 and counts < 200 cells/mm3. These bins cat-
egorise the individuals into HIV− controls and HIV+ without, and with, a history of
AIDS, respectively. We then perform the aforementioned analyses using the bin values,
which are treated as categorical variables. We choose to perform the analysis on discrete
bins as opposed to continuous values since we do not have CD4 and nadir CD4 infor-
mation for the HIV− controls. When defining the bins, we follow the general HIV CD4
classification system [151]. We also conduct analyses exclusively on the HIV+ cases. As
seen in Section 4.5.1, the mixed-effects model, which includes age, sex, CD4 count, and
nadir CD4 count as predictor variables, given by

Delta ∼ Age + Sex + CD4 Bin + Nadir CD4 Bin + (1 | Site), (3.3)

fails to converge when controls are included. This is due to the high complexity of
the model and limited data available. In these analyses, the HIV− control bin, or the
‘healthiest’ bin in the case of analyses without controls, serves as the reference bin for
the corresponding clinical measure in the analyses. Table 3.6 and Table 3.7 display the
frequency, means and standard deviations of the CD4 counts and nadir CD4 counts,
respectively, in the different count ranges.

CD4 Count
(cells/mm3) Frequency (N) Mean

(cells/mm3)
Std. Deviation

(cells/mm3)
> 500 310 742.70 219.66

200 ≤ count ≤ 500 379 338.82 83.80
< 200 162 120.99 53.46

Table 3.6: Frequency, mean and standard deviation of CD4 counts in different category
ranges.

Nadir CD4 Count
(cells/mm3) Frequency (N) Mean

(cells/mm3)
Std. Deviation

(cells/mm3)
≥ 200 273 360.44 150.20
< 200 322 78.02 60.51

Table 3.7: Frequency, mean and standard deviation of nadir CD4 counts in different
category ranges.

We opt to not report the MAEs for the HIV+ cases and HIV− controls since we believe
that the mixed and fixed-effects models provide a more comprehensive means of assessing
the differences between the groups. These models account for multiple influencing factors
and capture the direction of the differences between the predicted and chronological ages
of the individuals.

3.5.4 Noteworthy Limitations
It is important to address limitations associated with the testing dataset. As evidenced
in Section 3.1.2, we see not all controls may be classified as ‘healthy’. While we aim to
determine brain age differences solely due to HIV, HIV independent factors present, such
as substance use [143], mental health [12, 152], and cardiovascular health [153] play a role
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in brain ageing and may confound results. HIV dependent factors, such as incomplete
data on the duration of infection and treatment, further complicate the analysis. While
we aim to carry out the investigation with precision, it is necessary to be aware of these
constraints. Further limitations arise from the imbalanced distributions of age and sex
across cohorts, as well as between cases and controls within ENIGMA-HIV, which could
introduce biases in subsequent analyses. Also, due to differences in scanners and scanning
protocols, processing steps such as harmonisation are required. Despite implementing
post-harmonisation scan checks, this step adds further processing that might result in
the loss of HIV-relevant information.

3.6 Summary
In this chapter, we outlined the methodology employed to predict brain age using a 3D
CNN, largely inspired by the ResNet [28]. We leverage the UK Biobank and CamCAN
datasets for training, and partition them separately into training, validation, and testing
subsets, ensuring a proportional distribution across ages and sexes.

Due to the disparity in age distributions across the UK Biobank dataset versus the
CamCAN and ENIGMA-HIV datasets, we adopted a strategy of pre-training on the UK
Biobank dataset, followed by transfer learning on the CamCAN dataset. We hyperpa-
rameter tune and optimise to improve the accuracy and efficiency of the model. As the
datasets originated from multiple sites, harmonisation is necessary; this will be addressed
using the neuroHarmonize algorithm and contrasted with that of a mixed-effects model.
The model’s predictions will also be analysed through a fixed-effects model, with par-
ticular emphasis on the differentiation between HIV+ and HIV− brain age deltas, and
correlations with clinical measures, such as CD4 count, nadir CD4 count, HIV duration,
ART status and HIV plasma RNA detectability status.
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Chapter 4

Experimental Results

In this chapter we present the experimental results obtained. These results include model
pre-training with the UK Biobank dataset, independent training and transfer learning
with the CamCAN dataset, and pre- and post-harmonisation results and analyses on the
ENIGMA-HIV testing dataset.

4.1 Pre-Training with the UK Biobank Dataset
We first train, validate and test the model, developed in Section 3.3, on the UK Biobank
dataset (N=21366). We use the dataset split detailed in Table 3.4 whereby the training,
validation and testing datasets are stratified by age and sex.

As mentioned in Section 3.4.3, we perform hyperparameter tuning on the UK Biobank
and find suitable parameters to include a batch size of 8, initial learning rate of 10−4,
L2 weight decay of 10−5 and a dropout value of 0.25. Likely due to the large volume of
data within the UK Biobank training dataset, we found minor accuracy differences when
sweeping neighbouring learning rates and weight decays. This was also seen in Peng
et al. [15]. Furthermore, we find the MAE loss function to result in a lower validation
loss compared to the MSE loss function, and we use the Adam optimiser, which is a
common choice (Table 2.3). We apply learning rate decay by halving the learning rate
on epochs 20, 40, 60 and 80. The model is trained for 150 epochs and saved at the epoch
with the lowest validation loss.

Applying the testing dataset to this model, we achieve an MAE of 2.57 ± 1.94y and
Pearson correlation coefficient of 0.90. The training, validation, and testing results are
shown in Figure 4.1, and detailed in Table 4.1. The mean brain age delta is found to be
0.46y. While less indicative of model accuracy than the MAE, it is useful for assessing
whether the model is over-predicting or under-predicting ages.
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Figure 4.1: Training, validation and testing results obtained on the UK Biobank dataset.

Metric Full Dataset
Number of Scans 21366
MAE (y) - Training 2.27
MAE (y) - Validation 2.59
MAE (y) - Test 2.57 ± 1.94
Correlation (r) 0.90
Delta, δ (y) 0.46
Corrected MAE (y) - Test 2.83 ± 2.13

Table 4.1: Performance metrics of the model from pre-training and testing on the UK
Biobank dataset. The MAE metrics correspond to the epoch with the lowest validation
loss.

We follow the brain age bias correction inspired by Smith et al. [126] and implemented
by Peng et al. [15] whereby correction parameters are calculated on the validation set
and applied to the test set. Post-correction, the MAE increases to 2.83 ± 2.13y. It is not
unusual for the correction to increase the MAE [15]. The histograms displaying the brain
age delta distributions, pre- and post-correction, are shown in Figure 4.2, while Figure
4.3 illustrates the correlation between the deltas and chronological age, also pre- and
post-correction. In Figure 4.2 we see that the distribution of deltas is shifted to become
more centred around zero after correction, with the mean delta value reducing from 0.46y
to −0.03y. In Figure 4.3, we see that the dependency between delta and chronological
age is mostly removed, with the gradient of the line of best fit increasing from −0.15 to
0.01. Furthermore, the intercept of the line of best fit decreases from 10.12 to −0.53,
which is a considerable improvement.
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Figure 4.2: Histogram depicting the distribution of brain age delta values for the UK
Biobank test set, shown both before (top) and after (bottom) applying brain age bias
correction. We use a bin size of one year.
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Figure 4.3: Plot of brain age delta values verse chronological age of UK Biobank test set
calculated prior to (left) and post (right) the brain age bias correction.
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4.2 UK Biobank Size and Model Performance
While rich in features, 3D T1-weighted scans are costly. We explore the impact of dataset
size on the training, validation and testing accuracy. We use the large UK Biobank
dataset, and the MAE metric to assess accuracy. From Figure 3.2 we see the distribution
of ages in the UK Biobank. Note that the tail ends of the distribution feature fewer scans
than the midsection. When successfully training a model for application to a testing
dataset, having training, validation and testing splits with equivalent distributions is
important. For this reason we explore the impact of dataset size by implementing a
cut off on the number of scans per age bin, where age bins span one year. Through
this method we preserve the population of scans in the least represented age bins. We
implement this experiment with bin frequency maxima of 50, 100, 200 and 400. We
use the same hyperparameters for the different subsets of data. Since the subsets have
comparable distributions, we justify that the hyperparameters are suitable throughout.
We fix the seed for consistent weight initialisation between the runs.

The training and validation loss trends for each run are displayed in Figure B.1, with
their respective dataset sizes and minimum validation loss epoch metrics summarised
in Table 4.2. The models at the epochs with the minimum validation loss are saved for
testing. The correlation plots of chronological and predicted age on the test set are shown
in Figure B.2. Corresponding metrics for each run, including MAE, standard deviation,
Pearson correlation coefficient r, and brain age delta δ, are also detailed in Table 4.2.

Bin Maxima 50 100 200 400 Full
Number of
Scans

1690 3277 6245 11678 21366

MAE (y) -
Training

3.64 3.27 2.67 2.51 2.27

MAE (y) -
Validation

3.74 3.43 3.10 2.84 2.59

MAE (y) - Test 4.06 ± 3.13 3.47 ± 2.69 3.10 ± 2.34 2.78 ± 2.12 2.57 ± 1.94
Correlation, r 0.86 0.89 0.90 0.91 0.90
Delta, δ (y) -1.33 -0.42 0.11 -0.38 0.46

Table 4.2: Summary of the effects of dataset size on the training, validation, and test
MAE, correlation coefficient (r), and delta (δ). The best results in each category are
highlighted in bold.

4.3 Independent Training on CamCAN Dataset
We performed extensive hyperparameter tuning on the CamCAN dataset. This entailed
running a sweep over 80 epochs with various configurations including MAE and MSE loss
functions, learning rates of [10−4, 10−3], dropout values of [0.2, 0.3, 0.4], L2 weight decay
of [10−4, 10−5] and learning rate decays of [0.25, 0.5, 1], where 1 is no decay. We decayed
the learning rate on epochs 20 and 50 which were seen to be suitable decay points from
inspection of the loss.

From the hyperparameter sweep, we obtain the optimal hyperparameters to be an
initial learning rate of 10−4, L2 weight decay of 10−5 and a dropout value of 0.3. We
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run this configuration for 300 epochs with the early stopping callback occurring after the
114th epoch by which the learning rate had decreased to 2.5 × 10−5. For the independent
CamCAN training, early stopping was triggered if there was no decrease in validation
loss (by more than 0.01y) in 70 epochs. We also implemented learning rate decay on
plateau whereby if the validation loss had not decreased in 30 epochs, the learning rate
was decayed by a factor of 2. The model was saved at the epoch with the lowest validation
loss. This minimum occurred at epoch 44. The training, validation, and testing results
are shown in Figure 4.4, and detailed in Table 4.3. The test set MAE was 6.38 ± 5.30y.
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Figure 4.4: Training, validation and testing results obtained on the CamCAN dataset.

Metric Full Dataset
Number of Scans 484
MAE (y) - Training 6.27
MAE (y) - Validation 5.46
MAE (y) - Test 6.38 ± 5.30
Correlation (r) 0.83
Delta, δ (y) 2.18
Corrected MAE (y) - Test 6.97 ± 5.87

Table 4.3: Performance metrics of the model from independent training and testing on the
CamCAN dataset. The MAE metrics correspond to the epoch with the lowest validation
loss, which was epoch 44.

We follow the same brain age bias correction procedure as performed on the UK
Biobank pre-training stage. Post-correction, the MAE increases to 6.97 ± 5.87y. We see
the histogram of brain age deltas in Figure 4.5 and the plots of delta verse chronological
age in Figure 4.6. Similar to the results of the correction on the UK Biobank dataset,
in Figure 4.5 we see that the distribution of CamCAN test set deltas shifts to become
more centred around zero, with the mean delta reducing from 2.18y to −0.38y. In Figure
4.6 we see that the dependency between delta and chronological age is reduced, with the
gradient of the line of best fit increasing from −0.27 to −0.05. The intercept of the line
of best fit decreases from 15.15 to 2.22.
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Figure 4.5: Histogram depicting the distribution of brain age delta values for the Cam-
CAN test set following independent training, shown both before (top) and after (bottom)
applying brain age bias correction. We use a bin size of one year.
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Figure 4.6: Plot of brain age delta values verse chronological age of CamCAN test set
following independent training, calculated prior to (left) and post (right) the brain age
bias correction.

Using the tuned hyperparameters, we swept over three randomly generated seeds and
ran the model for 80 epochs to ensure that the results are consistent and not a feature of
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the model initialisation. We display the training and validation loss plots in Figure 4.7.
It is evident that the loss trends follow similar trajectories.

0 10 20 30 40 50 60 70 80
Epoch

0

50

100

150

200

250

300

350

400

M
AE

 (y
)

Average Train Loss
Average Val Loss

Figure 4.7: Average training and validation loss curves obtained on the CamCAN dataset
through independent training for three random seeds. Note we do not use a log scale on
the y-axis due to the confidence interval entering negative values.

4.4 Transfer Learning on CamCAN Dataset
To train a model applicable to the ENIGMA-HIV testing set, we perform transfer learning
on the pre-trained UK Biobank model. We use the CamCAN dataset for this transfer
learning. While considerably smaller, this dataset has age and sex distributions more
comparable to the ENIGMA-HIV testing dataset. To transfer learn, we load the pre-
trained model and commence training, validation and testing.

We performed extensive hyperparameter tuning on the CamCAN dataset. This en-
tailed running a sweep over 80 epochs with various configurations including MAE and
MSE loss functions, learning rates of [10−4, 10−3], dropout values of [0.45, 0.55, 0.65], L2
weight decay of [0, 10−4, 10−5] and learning rate decays of [0.5, 1], where 1 is no decay.
Again, we decayed the learning rate on epochs 20 and 50 which were seen to be suitable
decay points from inspection of the loss. We found the fine-tuning with transfer learn-
ing to require higher rates of dropout to prevent overfitting, hence the differing dropout
sweep values.

We find the MAE loss function, learning rate of 10−4 and learning rate decay of 0.5
to consistently perform better. An L2 weight decay of 10−5 was also found to be appro-
priate. From the performance of dropout we conclude that a value of 0.65 is preferable.
For reproducibility we fix the seed. As with the independent CamCAN training, we im-
plement learning rate decay on plateau whereby if the validation loss had not decreased
in 30 epochs, we decayed the learning rate by half. We implement early stopping and run
for 300 epochs. The early stopping callback occurred after the 116th epoch by which the
learning rate had decreased to 5 × 10−5. The minimum validation loss occurred at epoch
59. The training, validation, and testing results are shown in Figure 4.8, and detailed in
Table 4.4. The test set MAE was 3.54 ± 2.59y.

We follow the standard procedure for brain age bias correction. Post-correction, the
MAE slightly increases to 3.72±2.82y. We see the histogram of brain age deltas in Figure
4.9 and the plots of delta verse chronological age in Figure 4.10. Similar to previous
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Figure 4.8: Training, validation and testing results obtained from transfer learning on
the CamCAN dataset.

Metric Full Dataset
Number of Scans 484
MAE (y) - Training 3.66
MAE (y) - Validation 3.84
MAE (y) - Test 3.54 ± 2.59
Correlation (r) 0.95
Delta, δ (y) 0.24
Corrected MAE (y) - Test 3.72 ± 2.82

Table 4.4: Performance metrics of the model from transfer learning on the CamCAN
dataset. The MAE metrics correspond to the losses at the epoch with the lowest validation
loss, which was epoch 59.

results, in Figure 4.9 we see that the distribution of deltas shift to become more centred
around zero, with the mean delta value reducing from 1.35y to −0.30y. In Figure 4.10
we see that the dependency between delta and chronological age is also reduced, with the
gradient of the line of best fit increasing from −0.15 to 0.00. The intercept of the line of
best fit decreases from 8.58 to −0.53.
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Figure 4.9: Histogram depicting the distribution of brain age delta values for the Cam-
CAN test set after transfer learning, shown both before (top) and after (bottom) applying
brain age bias correction. We use a bin size of one year.
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Figure 4.10: Plot of brain age delta values verse chronological age of CamCAN test set
calculated prior to (left) and post (right) the brain age bias correction.

As for the independent CamCAN training runs, using the tuned hyperparameters, we
swept over three randomly generated seeds and ran the model for 80 epochs. We display
the training and validation loss plots in Figure 4.11. Again, we can see that the loss
trends for different seeds follow similar trajectories.
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Figure 4.11: Average training and validation loss curves obtained on the CamCAN dataset
through transfer learning for three random seeds.

4.5 Pre-Harmonisation Testing Results
In this section, we lay out the findings of the pre-harmonisation testing and analysis
conducted on the ENIGMA-HIV dataset. For testing, we use the model that has been
pre-trained and fine-tuned through transfer learning. Note that despite the differing age
and sex distributions between the CamCAN and ENIGMA-HIV datasets (Figures 3.4 and
A.2, respectively), we argue that our model, trained on age and sex-balanced datasets like
the UK Biobank and CamCAN, should robustly handle the variations in testing dataset
age and sex distributions. This variation is discussed further in Section 3.1.2.

In Sections 4.5 and 4.7 we use the legend defined in Table 4.5 for the analysis tables.
We set our significance threshold at α = 0.05 and use this threshold throughout the
analysis. When conducting analyses, we are interested in the directional influence of HIV
(and associated clinical measures CD4, nadir CD4, HIV duration, ART status and plasma
RNA detectability) on the brain age delta, hence we convert the two-tailed p-values to
one-tailed p-values, following standard statistical practice when testing for directional
hypotheses. We are able to use the reported mixed or fixed-effects model coefficients to
do this. The reported coefficients indicate the estimated effect of each predictor variable
on the dependent variable. More specifically, for continuous variables, the coefficients
indicate how much the dependent variable, in this case, delta, is expected to change
when the predictor variable increases by one unit, keeping all other variables constant.
For categorical variables, the coefficients represent the difference in delta when compared
to a baseline or reference category, assuming other variables are held constant. Since we
hypothesise the measures of HIV, and above mentioned associated clinical measures, will
lead to an increase in delta, if the reported coefficients are positive the one-tailed p-values
are calculated as

p1-tail = p2-tail

2 (4.1)

else, if the coefficient is negative,

p1-tail = 1 − p2-tail

2 . (4.2)

Note that all p-values in the reported mixed and fixed effects tables are given as two-tailed
p-values. We highlight, in bold, p-values of significance, accounting for their appropri-
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ately calculated one-tailed p-value. We also note that the reported intercept values,
while standard practice to include in the mixed and fixed-effects model outputs, are not
meaningful to our analyses and so we do not highlight, nor discuss them.

As we are conducting multiple hypothesis tests within our analyses, it is important
to correct for the increased risk of false positives. To address this, we use the Bonferroni
correction for adjusting p-values. This correction is conservative, adjusting the p-value
threshold for significance in proportion to the number of tests performed. The Bonferroni
method of correction has been widely used in the literature [11, 17, 154]. We do not
include the intercept in the p-value corrections. We follow the aforementioned procedures
throughout Sections 4.5 and 4.7.

Variable Description
Sex 1: Male, 2: Female
HIV Status 0: Control, 1: Case
CD4 Bin 0: Control, 1-Mild: > 500 cells/mm3, 2-Medium: ≤ 500

cells/mm3, ≥ 200 cells/mm3, 3-Severe: < 200 cells/mm3

Nadir CD4 Bin 0: Control, 1-Mild/Medium: ≥ 200 cells/mm3, 2-Severe: <
200 cells/mm3

ART 0: Untreated, 1: Treated, 2: Control
plRNA Detectable 0: Undetectable, 1: HIV plasma RNA Detectable

Table 4.5: Definition of variables used in analysis tables.

4.5.1 Mixed-Effects Model
In this section we apply a mixed-effects model to the test results from the ENIGMA-HIV
dataset. Within the testing dataset there is data pooled from eleven sites. Within two
sites, two distinct scanning protocols were used to obtain the data. As outlined in Section
2.3.3, data pooled from different sites and scanning protocols contains site and protocol
related variation. This variation should not contribute to the model age estimates, there-
fore when conducting analysis, the variation should be factored in. As discussed in Section
3.5.3, a mixed-effects model is a means of accounting for this variation.

The plot of chronological and predicted age for the cohorts within ENIGMA-HIV, split
by scanner protocol, is given in Figure 4.12. We run a mixed-effects model on the data
within this plot, first specifying brain age delta as the outcome variable, and HIV, age and
sex as the predictor variables and grouping by site, given by Equation 3.1. The results
from the mixed-effects model are given in Table 4.6. Applying Bonferroni correction, our
significance threshold becomes α/3 = 0.017. The one-tailed p-value for HIV status is
calculated as 0.773, which does not indicate statistical significance. Similarly, sex does
not demonstrates a significant contribution to delta, with a p-value of 0.097. We note
that age is statistically significant, with a negative reported coefficient. This is likely
attributable to the brain age bias phenomenon discussed in Section 2.5.1. This feature
with age is present throughout all analyses, hence we do not discuss it each time. Due
to the data being obtained from different sites and scanner protocols, we are not able to
perform a brain age bias correction for this stage.

The distribution of residuals of the mixed effect fit is given in Figure D.1. The normal
distribution fit has mean µ = −0.00±4.98 which indicates it is centred around zero. This
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Figure 4.12: Comparison between predicted and chronological age of cases and controls
for the cohorts within ENIGMA-HIV.
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Variable Coefficient Std. Error z-Statistic P-Value 95% CI
Lower

95% CI
Upper

Intercept 8.769 1.755 4.996 0.000 5.329 12.209
HIV=1 -0.303 0.405 -0.749 0.454 -1.097 0.491
SEX=2 -0.660 0.398 -1.658 0.097 -1.441 0.120
AGE -0.232 0.016 -14.251 0.000 -0.264 -0.200

Table 4.6: Statistical results from mixed-effects model for predictor variables HIV, sex
and age with site (split by scanner protocol) as the random effect.

is a typical characteristic of well-fitted residuals in a mixed-effects model, suggesting an
appropriate model fit.

We then implement a mixed-effects model, focussing purely on the HIV cases and
specify age, sex, CD4 count and nadir CD4 count as predictor variables, and delta as the
outcome variable. See Table 3.3 for the sites with available covariate information. As
before, we specify site as the random effect. This mixed-effects model formula is given
in Equation 3.3. Note that for the analysis including the HIV− controls, and specifying
the above predictor variables, the mixed-effects model fails to converge. This is likely
attributable to the high complexity of the model and insufficient data. The results of the
analysis with the HIV cases and specifying age, sex, CD4 count and nadir CD4 count as
predictor variables are given in Table 4.7. This analysis consisted of N=588 individuals.
The significance threshold, after Bonferroni correction, becomes α/5 = 0.010. The nadir
CD4 bin 2 was found to have a one-tailed p-value of 0.010 which is just within statistical
significance. As before, age is statistically significant. The residuals from the fit are given
in Figure D.2. The normal distribution fit has mean µ = 0.00 ± 5.25.

Variable Coefficient Std.
Error z-Statistic P-Value 95% CI

Lower
95% CI
Upper

Intercept 6.520 2.120 3.076 0.002 2.365 10.675
SEX=2 0.595 0.662 0.899 0.369 -0.702 1.891
CD4 Bin=2 0.257 0.491 0.522 0.601 -0.706 1.219
CD4 Bin=3 1.057 0.840 1.258 0.208 -0.590 2.704
nadCD4 Bin=2 1.178 0.505 2.333 0.020 0.188 2.169
AGE -0.224 0.024 -9.158 0.000 -0.272 -0.176

Table 4.7: Statistical results from mixed-effects model for predictor variables age, sex,
CD4 bin and nadir CD4 bin, for HIV cases only.

We carry out analyses for the combined cases and controls for CD4 bins and nadir
CD4 bins separately, but do not detect significant results for the bins corresponding to
the lowest counts. We did not detect the significance of ART, plasma RNA detectability
status or HIV duration on delta, for both the HIV only and combined HIV case and
control analyses.

4.5.2 Fixed-Effects Model
In Figure 4.13 we plot the chronological and predicted age comparison for the sites con-
taining controls.
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Figure 4.13: Comparison between predicted and chronological age of cases and controls
for HIV cohorts with controls.

We apply a fixed-effects model to each of the cohorts with controls. As with the
mixed-effects model, we specify delta as the outcome variable and HIV, sex and age
as predictor variables, as in Equation 3.2. The significance threshold, after Bonferroni
correction, becomes α/3 = 0.017. The results are displayed in Table 4.8 and Table D.1
to D.5 in Appendix D.

From Table 4.8, we find the one-tailed p-value for HIV in Arch to be 0.023 which is
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Variable Coefficient Std. Error t-Statistic P-Value 95% CI
Lower

95% CI
Upper

Intercept 12.7337 2.000 6.366 0.000 8.776 16.691
HIV=1 2.1928 1.084 2.023 0.045 0.048 4.337
SEX=2 0.8137 1.012 0.804 0.423 -1.189 2.816
AGE -0.2341 0.046 -5.079 0.000 -0.325 -0.143

Table 4.8: Arch cohort statistical results from fixed-effects model for predictor variables
age, sex and HIV.

statistically significant for the significance threshold α = 0.05, but outside of statistical
significance after Bonferroni correction.

Next we specify age, sex, CD4 count and nadir CD4 count as the predictor variables.
Arch is the sole cohort to reveal results of significance. We present these results in Table
4.9. Note that the sites with these predictor variables are detailed in Table 3.3. The
significance threshold, after Bonferroni correction, becomes α/7 = 0.007.

Variable Coefficient Std.
Error t-Statistic P-Value 95% CI

Lower
95% CI
Upper

Intercept 12.9660 2.047 6.333 0.000 8.914 17.018
SEX=2 0.6557 1.073 0.611 0.542 -1.468 2.779
CD4 Bin=1 0.2720 1.039 0.262 0.794 -1.786 2.330
CD4 Bin=2 1.0987 1.082 1.015 0.312 -1.044 3.241
CD4 Bin=3 1.8703 2.141 0.873 0.384 -2.368 6.109
nadCD4 Bin=1 1.3861 1.213 1.142 0.255 -1.016 3.788
nadCD4 Bin=2 1.8549 0.963 1.925 0.057 -0.052 3.762
AGE -0.2378 0.047 -5.029 0.000 -0.331 -0.144

Table 4.9: Arch cohort statistical results from fixed-effects model for predictor variables
age, sex and CD4 bin and nadir CD4 bin.

From Table 4.9, we find the one-tailed p-value for nadir CD4 bin 2 in Arch to be 0.029
which is statistically significant for the significance threshold α = 0.05, but again outside
of significance after Bonferroni correction.

Performing analysis with age, sex and CD4, again solely Arch has significant results,
before, but not after, Bonferroni correction. Similarly Arch shows significant results for
the analysis with age, sex and nadir CD4, before, but not after, Bonferroni correction.
These analyses are displayed in Tables D.6 and D.8, respectively.

4.6 Harmonisation
We applied harmonisation to the NIFTI post-registration scans and re-ran the testing.
The cohorts Brown and Chang, acquired using two different scanner protocols each, were
divided into sub-cohorts for harmonisation. Figures E.1 and E.2 illustrate the histograms
of average intensity for a sampled axial slice across each site, before and after harmon-
isation, respectively. This process aligns the intensity distributions with the CamCAN
reference dataset. The neuroHarmonize algorithm, using the CamCAN test set as the
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reference set, computes scale and shift parameters for each unique site to mitigate vari-
ations in scans unrelated to the preserved parameters (age, sex, and HIV status). The
site Navia was excluded from this analysis due to harmonisation biases, attributed to the
small number of younger scans in this site.

4.7 Post-Harmonisation Testing Results
In this section, we lay out the findings of the post-harmonisation testing and analysis
conducted on the ENIGMA-HIV dataset.

We first implement the brain age bias correction using the correction parameters
calculated on the CamCAN validation set as outlined in Section 3.5.2. Post brain age
bias correction, a change in gradient and intercept of chronological age and delta is evident
in Figure 4.15. We note that the negative correlation between chronological age and delta
is aligned with the brain age bias phenomenon discussed in Section 2.5.1. In Figure 4.16
we see the comparison of predicted and chronological ages for cases and controls, following
harmonisation and brain age bias correction.
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Figure 4.14: Histogram depicting the distribution of brain age delta values for the
ENIGMA-HIV test set (Navia and Shikuma excluded), shown both before (top) and
after (bottom) applying brain age bias correction. We use a bin size of one year.

We perform all further analyses using the brain age bias corrected results. The fixed
effects results for the analysis with age, sex and HIV as predictor variables, and delta as
the outcome variable (see Equation 3.2), are displayed in Table 4.10. We note that the
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Figure 4.15: Plot of brain age delta values against chronological age of ENIGMA-HIV
test set (Navia and Shikuma excluded) calculated prior to (left) and post (right) the brain
age bias correction.

distribution of deltas was shifted slightly away from normal. The significance threshold,
after Bonferroni correction, becomes α/3 = 0.017. From Table 4.10, we see that the
one-tailed p-value for HIV is 0.613 which is not statistically significant.

Variable Coefficient Std. Error t-Statistic P-Value 95% CI
Lower

95% CI
Upper

Intercept 5.8510 0.941 6.215 0.000 4.004 7.698
SEX=2 -0.2884 0.467 -0.617 0.537 -1.206 0.629
HIV=1 -0.1310 0.454 -0.288 0.773 -1.022 0.760
AGE -0.1543 0.017 -9.035 0.000 -0.188 -0.121

Table 4.10: Statistical results from fixed-effects model for predictor variables age, sex and
HIV.

We then implement a fixed-effects model and specify age, sex, CD4 count and nadir
CD4 count as predictor variables. This fixed-effects model formula is given by,

Delta ∼ Age + Sex + CD4 Bin + Nadir CD4 Bin. (4.3)

Figure 4.17 displays the comparison between chronological and predicted age, stratified
by CD4 bin and nadir CD4 bin, respectively. The results of the analysis are given in
Table 4.11. This analysis consisted of N=790 individuals. As in Section 4.5, the p-
values in the table correspond to a two-tail test and since we are investigating if the
clinical measures correspond to a statistically significant positive increase in delta, the
sign of the corresponding coefficients allow for calculation of the one-tailed p-value. The
significance threshold, after Bonferroni correction, becomes α/7 = 0.007.

The results indicate that the statistically significant predictor variables corresponding
to an increase in delta are the most severe CD4 bin (bin 3, CD4 < 200 cells/mm3)
and nadir CD4 bin (bin 2, nadir CD4 < 200 cells/mm3). The residuals from the fit
are given in Figure F.13 and are well-distributed. The normal distribution fit has mean
µ = −0.00 ± 6.70.

To include more data, we then implement a fixed-effects model and specify age, sex
and CD4 count as predictor variables - Delta ∼ Age + Sex + CD4 Bin. In Figure 4.18
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Figure 4.16: Comparison between predicted and chronological age of cases and controls for
the cohorts within ENIGMA-HIV following harmonisation and brain age bias correction.

the comparison between chronological and predicted age stratified by CD4 bin is plotted.
The results of the analysis are given in Table 4.12. This analysis consisted of N=1105
individuals. The significance threshold, after Bonferroni correction, becomes α/5 = 0.010.

The results indicate that the statistically significant predictor variables corresponding
to an increase in delta is the most severe CD4 bin (bin 3, CD4 < 200 cells/mm3), but
only prior to Bonferroni correction. The residuals from the fit are given in Figure F.14
and are well-distributed. The normal distribution fit has mean µ = 0.00 ± 6.72.

The fixed-effects models specifying HIV duration, CD4 count and nadir CD4 count,
as well as the model with ART status, CD4 count and nadir CD4 count, did not find
statistically significant effects due to HIV duration and ART, respectively.

Conducting analysis on the HIV cases only, we still do not find a statistically significant
effect for HIV duration or ART. The results of the fixed-effects model with predictor
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Figure 4.17: Plots of chronological and predicted age with lines of best fit plotted accord-
ing to CD4 (left) and nadir CD4 (right) bin values. These plot only includes data points
where both CD4 and nadir CD4 data was present, relevant to Table 4.11. Refer to Table
4.5 for the bin values.

Variable Coefficient Std.
Error t-Statistic P-Value 95% CI

Lower
95% CI
Upper

Intercept 5.1765 1.046 4.950 0.0000 3.124 7.229
SEX=2.0 1.4660 0.634 2.313 0.0210 0.222 2.710
CD4 Bin=1.0 -0.8208 0.464 -1.769 0.0772 -1.732 0.090
CD4 Bin=2.0 -0.3501 0.446 -0.786 0.4322 -1.225 0.524
CD4 Bin=3.0 2.9422 0.831 3.539 0.0004 1.310 4.574
nadCD4 Bin=1.0 0.5585 0.505 1.107 0.2688 -0.432 1.549
nadCD4 Bin=2.0 1.2128 0.446 2.719 0.0067 0.337 2.088
AGE -0.1653 0.020 -8.169 0.0000 -0.205 -0.126

Table 4.11: Statistical results from fixed-effects model for predictor variables age, sex,
CD4 bin and nadir CD4 bin.

variables age, sex, CD4 count, nadir CD4 count and plasma RNA detectability, given by

Delta ∼ Age + Sex + CD4 Bin + Nadir CD4 Bin + plasma RNA Bin, (4.4)

are displayed in Table 4.13. For this analysis, the significance threshold, after Bonferroni
correction, becomes α/6 = 0.008. The most severe nadir CD4 bin (bin 2, nadir CD4 <
200 cells/mm3) and a positive plRNA detectability status (bin 1) are within statistical
significance, prior to, but not following, Bonferroni correction. We see that the most
severe CD4 bin (bin 3, CD4 < 200 cells/mm3) is no longer within statistical significance.
Note that only N=232 data points, from three sites (four when split by scanner protocol)
were able to be used for this analysis. Recall that for harmonisation, it is necessary to
classify the data by scanner and protocol due to the variation in scans introduced by
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Figure 4.18: Plots of chronological and predicted age with lines of best fit plotted accord-
ing to CD4 bins. Refer to Table 4.5 for the bin values.

Variable Coefficient Std. Error t-Statistic P-Value 95% CI
Lower

95% CI
Upper

Intercept 5.6782 0.952 5.965 0.000 3.811 7.546
SEX=2 -0.6100 0.482 -1.267 0.205 -1.555 0.335
CD4 Bin=1 -0.8901 0.555 -1.604 0.109 -1.979 0.199
CD4 Bin=2 -0.2194 0.530 -0.414 0.679 -1.259 0.821
CD4 Bin=3 1.3797 0.684 2.017 0.044 0.038 2.722
AGE -0.1485 0.017 -8.533 0.000 -0.183 -0.114

Table 4.12: Statistical results from fixed-effects model for predictor variables age, sex and
CD4 bin.

different scanners and protocols. In Figure 4.19 the comparison between chronological
and predicted age, both without and with stratification of plRNA detectability status,
is plotted. We show that the fixed-effects model residuals are well-distributed in Figure
F.15.
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Variable Coefficient Std.
Error t-Statistic P-Value 95% CI

Lower
95% CI
Upper

Intercept -2.0406 2.156 -0.946 0.345 -6.290 2.209
SEX=2.0 0.1432 1.023 0.140 0.889 -1.873 2.159
CD4 Bin=2.0 -0.2893 0.958 -0.302 0.763 -2.178 1.599
CD4 Bin=3.0 0.4660 1.967 0.237 0.813 -3.411 4.343
nadCD4
Bin=2.0

1.8516 0.960 1.928 0.055 -0.041 3.744

plRNA de-
tectable=1.0

1.9722 1.036 1.904 0.058 -0.069 4.014

AGE 0.0071 0.045 0.159 0.874 -0.081 0.095

Table 4.13: Statistical results from fixed-effects model for predictor variables age, sex,
CD4 bin, nadir CD4 bin and HIV plasma RNA detectability.
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Figure 4.19: Plots of chronological and predicted age both without (left) and with (right)
HIV plasma RNA detectability stratification.
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Chapter 5

Discussion

In this chapter we discuss the experimental results outlined in Chapter 4 and to what
extent our research questions were addressed.

5.1 Pre-Training with the UK Biobank Dataset
We obtained high performing results on the UK Biobank test set following pre-training,
achieving an MAE of 2.57±1.94y. Although the primary role of the UK Biobank dataset
in this study is for model pre-training, including a UK Biobank test set is valuable. It
provides a point of comparison of our model’s performance with other studies in the
literature. From Table 2.3, we see that this result ranks third in the literature surveyed.
The leading two works both make use of the UK Biobank dataset, however, while the
leading work of Peng et al. [15] solely uses the UK Biobank dataset, Yin et al. [16] uses
three additional datasets. If we compare the results of this study with other works which
solely use the UK Biobank dataset, we rank second. Peng et al. [15] leads with an MAE
of 0.43y less, while Dinsdale et al. [17] follows our work with a reported MAE range
of 2.71 − 3.09y. Dinsdale et al. [17] provides differentiated results for female and male
subjects, as well as for subjects with linearly and non-linearly registered scans. Lastly
Kolbeinsson et al. [11] features with a reported MAE range of 2.87 − 3.42y. The MAE of
2.87y was obtained on a health stratified test set, while the MAE of 3.42y was obtained
on a test set not stratified for health.

See Table 5.1 for a summary of these results, including MAEs, standard deviations,
and details of the model architectures.

Our work features smaller standard deviations in comparison to those reported by
Dinsdale et al. [17] and Kolbeinsson et al. [11], indicative of more consistent model per-
formance across test samples. It is important to note that while Peng et al. [15] reports
a substantially smaller standard deviation, their calculation methodology differs. There-
fore, a direct comparison of standard deviation values between our work and theirs is not
a fair comparison.

It is also worth mentioning that our pre-trained model obtains a brain age delta
of 0.46y on the test set. This result is indicative that the model is not greatly biased
towards over-predicting or under-predicting ages. Studies often do not include their brain
age delta and so we do not compare our delta with other works.

Looking at the complexity of the architectures, we see Peng et al. [15] contains less
convolutional layers than our work while Dinsdale et al. [17] contains more. Kolbeinsson
et al. [11] does not state the number of layers in their architecture. Like this work,
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Study MAE and Std.
Dev. (y) Architecture

Peng et al. [15] 2.14 ± 0.05 (3x3x3 Conv, BN, 2x2x2 MP, ReLU)x5,
1x1x1 Conv, BN, ReLU,
AP, DP, 1x1x1 Conv, SM

Ours 2.57 ± 1.94
BN, ReLU, Conv, MP

((BN, ReLU, Conv)x2, SC, MP)x3,
(BN, ReLU, Conv)x2, AP,

Flatten, ReLU, DP, FC

Dinsdale et al.
[17]

2.86 ± 2.22,
3.09 ± 2.37,
2.71 ± 2.10,
2.91 ± 2.18

((3x3x3 Conv, ReLU, BN)x2, 2x2x2 MP)x3,
((3x3x3 Conv, ReLU, BN)x3, 2x2x2 MP)x2,

BN, FCx2

Kolbeinsson
et al. [11] 2.87−3.42±3.72 (3x3x3 Conv, BN, ReLU, 3x3x3 MP)x N,

(3x3x3 Conv, BN, ReLU, SC,
3x3x3 Conv, BN, ReLU)x4, AP, FC

Table 5.1: This table presents a comparative analysis of our study against other research
works that exclusively utilised the UK Biobank dataset. It is worth noting that Peng
et al. [15] derived the test set standard deviation by bootstrapping the data 1000 times,
resulting in a considerably smaller standard deviation value.

Kolbeinsson et al. [11] implements a ResNet, and obtains an MAE larger by 0.3y. Thus,
when compared to the study with the most similar architecture, our model achieves an
improved MAE.

5.2 Experimentation with Dataset Size
From Table 4.2 we see that as the size of the dataset increased, there was a noticeable
improvement in performance across the majority of metrics. More specifically, the test
MAE showed consistent improvements as the number of scans increased. The improve-
ments were approximately 14.53% when increasing the size of the dataset from 1690 (bin
50) to 3277 (bin 100), 10.66% from 3277 (bin 100) to 6245 scans (bin 200), 10.32% from
6245 (bin 200) to 11678 (bin 400) scans, and 7.55% from 11678 (bin 400) to 21366 scans
(full dataset). Overall, comparing the runs with the smallest and largest dataset sizes,
we observe a considerable reduction in the MAE, of 36.70%. It is clear that although the
accuracy is improving, these returns are diminishing. The Pearson correlation coefficient
also gets stronger, increasing by 5.81%, as the dataset size increases from 1690 (bin 50)
to 11678 (bin 400), peaking at 11678 (bin 400) with r = 0.91. The brain age delta closest
to zero corresponds to the run with dataset size 6245 (bin 200).

These results suggest that maximising dataset size is not always essential for successful
DL applications. Instead, depending on available resources, one can aim for an optimal
balance between computational costs and the accuracy of the results, and achieve a suc-
cessful outcome. It is useful to identify the threshold where the increase in computational
load outweighs the gains in accuracy, such as the test MAE. Unfortunately, accurate and
reproducible runtimes for each experiment could not be provided as the computational
resources for this work were shared, which influenced the durations of the different runs.
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5.3 Comparison of Independent Training and Trans-
fer Learning

Through transfer learning with the CamCAN dataset on the pre-trained UK Biobank
model, we achieve substantially improved performance. The MAE on the test set is
reduced to 3.54 ± 2.59y, demonstrating a 44.51% improvement compared to the MAE of
6.38 ± 5.30y obtained when independently training the model on the CamCAN dataset.
Similarly, the Pearson correlation coefficient increases from r = 0.83 to r = 0.95. These
improvements, along with information on the training and validation losses, are detailed
in Table 5.2.

Metric Independent Training Transfer Learning
MAE (y) - Training 6.27 3.66
MAE (y) - Validation 5.46 3.84
MAE (y) - Test 6.38 ± 5.30 3.54 ± 2.59
Correlation (r) 0.83 0.95
Delta, δ (y) 2.18 0.24

Table 5.2: Comparison of performance metrics between independent training and transfer
learning on the CamCAN dataset.

Figures 4.4 and 4.8 further highlight the differences in loss scales during training and
validation. It is apparent that pre-training has considerably stabilised and reduced the
validation loss and training loss magnitudes. Moreover, in the transfer learning results,
predicted ages align more closely with the ideal line, the line along which theoretical brain
age values fall for healthy individuals. Following brain age bias correction, we observe
a more effective removal of chronological age dependency on delta in transfer learning
results than in independent training. This effectiveness is evidenced by the gradient and
intercept of chronological age and delta being closer to zero.

Since our objective is to apply the trained model to investigate brain age in HIV+
individuals, achieving a minimal MAE is important. A lower MAE allows for more
accurate identification of the specific effects of HIV on brain ageing.

We could only find two other works using CNNs for brain age prediction on the
CamCAN dataset. Taylor et al. [128] utilised a ResNet trained solely on the CamCAN
dataset and obtained an MAE of 6.55y. Yin et al. [16], which we previously discussed,
trained a CNN on an aggregate dataset. When tested on the CamCAN dataset, they
obtained an MAE of 4.71 y for males and 3.01 y for females. Following transfer learning,
we obtained an MAE of 3.54±2.59y. This is notably better than the result of Taylor et al.
[128]. In comparison with Yin et al. [16], our MAE is slightly better than the average of
their reported MAEs, which is 3.86 y, although they do not train on any CamCAN data.
To our knowledge, our work is the first to achieve such a high level of accuracy on the
CamCAN dataset through transfer learning.

5.4 Pre-Harmonisation Results
Section 4.5 presented a comprehensive analysis of the pre-harmonisation testing on the
ENIGMA-HIV dataset, utilising mixed and fixed-effects models to assess the influence
of various predictor variables on the brain age delta. The variables used in the analysis
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are outlined in Table 4.5. We apply Bonferroni correction to our significance threshold
of α = 0.05, for each analysis, to assess significance in results.

5.4.1 Mixed-Effects Model Analysis
The mixed-effects model, as detailed in Section 4.5.1, considers HIV status, sex and age as
predictor variables, with site (stratified by scanning protocol) as the random effect. This
method is a means of mitigating the variation in scans across different sites and scanner
protocols. From the mixed-effects model analysis (see Table 4.6), we find that HIV does
not show a statistically significant influence on brain age delta, with p = 0.773. In all our
analyses, age consistently shows a significant negative correlation with brain age delta.
This trend primarily stems from the bias in brain age prediction models. Brain age bias
correction, based on the CamCAN parameters, mitigates but does not entirely remove
the age-related bias, maintaining age as a significant factor in our model’s predictions.
From the residual distribution of the mixed-effects model (Figure D.1), we validate the
reliability of the analyses.

Analysis with HIV Clinical Measures

Further analyses incorporating HIV clinical measures reveal additional insights. Individ-
uals with lower nadir CD4 counts (nadir CD4 bin 2, count < 200 cells/mm3) show a
significant increase in brain age delta (p = 0.010), with a coefficient of 1.18, indicating
an increase in delta of 1.18y, if other predictor variables are held constant. This sug-
gests that individuals who have experienced severe immunosuppression, with a history
of AIDS, tend to have higher brain age deltas, potentially reflecting accelerated brain
ageing. The residuals of the model were well-distributed (Figure D.2). We did not find
statistically significant correlations between the other HIV-related clinical measures (i.e.,
HIV duration, ART status and HIV plasma RNA detectability) on the brain age delta.

Our findings, that individuals with nadir CD4 counts less than 200 cells/mm3 exhibit
increased brain age deltas, are consistent with previous research detailed in Sections 2.4
and 2.6. For example, Underwood et al. [139] found larger brain age deltas in individ-
uals with nadir CD4 counts less than 200 cells/mm3. Our results also align with the
observations made by Thompson et al. [122], which linked increased cortical GM loss to
AIDS, and Nir et al. [123], which found continued brain tissue atrophy in virologically
suppressed individuals with a history of AIDS.

5.4.2 Fixed-Effects Model Analysis
The fixed-effects model applied to cohorts with controls (Figure 4.13) allows for a direct
comparison of cases and controls within each cohort, allowing for distinct within-site
effects to be determined. We also use fixed-effects models for within-site analyses of
clinical measures.

Cohort-Specific Observations

In general, we did not find correlations between HIV status, clinical measures and brain
age delta within cohorts, with the exception of the Arch cohort where HIV status was
significant. This is aligned with the trends in Figure 4.13 where it appears Arch is the only
cohort with controls where the effect of HIV has resulted in higher predicted ages overall.
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Here, the fixed-effects model HIV+ variable exhibited an increase in delta of 2.19y, with
other variables held constant (p = 0.023). However, this result did not remain significant
following Bonferroni correction. Due to the conservative nature of this correction, we
report both the uncorrected and corrected findings. This result suggests the potential
of accelerated brain ageing occurring in the Arch cohort, although further analysis is
required.

We conduct further analysis, applying a fixed-effects model to each site with CD4 or
nadir CD4 data. We do not find results of significance for the sites within this analysis,
with the exception of the Arch cohort, but only prior to correction. The plots of chrono-
logical age and predicted age, stratified by CD4 bin, and nadir CD4 bin, can be seen in
Figures D.3 and D.5, respectively.

An examination of Figures C.1 to C.5, and Table 3.3, suggests that the Arch dataset
is not the most significantly affected by HIV-related factors when compared with other
cohorts with controls. In terms of average CD4 and nadir CD4 counts, duration of HIV
infection, ART ratio and plasma RNA detectability, Arch ranks consistently lower in
severity. Specifically, it holds the fourth position for current CD4 count, third for nadir
CD4 count, third for HIV duration, second for ART ratio, and is the least severe in terms
of plasma RNA detectability, ranking by most healthy for all measures. These rankings
are out of eleven, seven, four, five and three sites, respectively.

The cohorts with the lowest CD4 counts and nadir CD4 counts, are Paul and Navia,
respectively. However, we did not find results of significance from their corresponding
fixed-effects models, investigating the effects of CD4 and nadir CD4 count on brain age
delta. In Table D.7, we see that the coefficient of the lowest CD4 bin in the Paul cohort
is more positive than that of the middle CD4 bin, but these results are not significant
relative to the highest CD4 bin. However, from Figure D.4 we see that there are very
few data points for the highest CD4 bin, the reference for the fixed-effects model, hence
this could confound results. In Table D.9, we see a positive coefficient for the effect of
the lowest nadir CD4 bin on brain age delta in the Navia cohort, but this effect is not
significant relative to the higher nadir CD4 bin. From Figure D.6, we see that there is
only one data point in the higher nadir CD4 bin, the reference for the fixed-effects model,
hence the results are not meaningful. It is evident that the smaller individual cohort
sizes, and imbalanced spread of data within each site impacts the analysis. Methods such
as the mixed-effects model, where the site data can be combined, are useful.

5.4.3 Summary
In the pre-harmonisation mixed-effects model analysis, where age, sex, CD4 count, and
nadir CD4 count were included as predictor variables, nadir CD4 count emerged as a
significant factor. Specifically, individuals in the lowest, most severe, nadir CD4 count
bin exhibited an increase of 1.18 years in brain age delta, holding other variables constant.
While the coefficient for the lowest current CD4 bin indicated a delta increase of 1.06
years, this was not statistically significant (p = 0.104). Our findings align with our
hypothesis that there is a negative correlation between an individual’s nadir
CD4 count and their brain age delta. The hypothesis that ART use correlates
with a smaller delta and that AIDS status correlates with a larger delta was
partially validated: AIDS status (not ART use) was linked to an increased
brain age delta.
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5.5 Harmonisation Considerations
The harmonisation of the ENIGMA-HIV dataset was a critical step in preparing the
multi-site neuroimaging data for consistent testing and analysis. This process aimed to
align intensity distributions across the different sites and scanning protocols, and reduce
non-biological variation in the scans. It also allowed for larger scale, and more meaningful
analysis to be conducted. The majority of sites within ENIGMA-HIV are quite small
(N<150), with only six sites containing controls. A majority of analyses would be lost if
we were not able to pool the scans for comparison.

We used the neuroHarmonize algorithm [98], which adjusts the data from each site
and scanner protocol using calculated scale and shift parameters. The scale and shift
parameters are crucial for adjusting each site’s data to match the reference dataset. As
one of the checks of the efficacy of the harmonisation, we visually inspected the scale
and shift maps within each site to ensure that the scales and shifts were reasonable.
Figures E.1 and E.2 show the effectiveness of this harmonisation, displaying histograms
of intensities for a selected axial slice before and after the process. Post-harmonisation,
we observed that the intensity distributions closely matched the mean and variance of
the CamCAN reference dataset, indicative of the harmonisation’s efficacy.

We encountered a challenge with the Navia site, which was ultimately excluded from
the analysis. In Figure F.9 we see the massive over-prediction of the ages of the younger
individuals. This was likely due to an imbalanced age distribution and a low number of
younger scans, skewing the harmonisation results, but further investigation is required.

While ComBat harmonisation has been shown to be effective for small multi-site
datasets, and for those with imbalanced covariate distributions [97, 100] such as ENIGMA-
HIV, its efficacy for whole-brain voxel analyses may be limited. According to Fortin et al.
[97], ComBat works under the assumption that scanner effects are consistent across vox-
els. However, this assumption may not be true in whole-brain voxel analyses, where
scanner effects depend on the tissue medium. The software we utilised, neuroHarmo-
nize [98], builds upon ComBat, offering additional features. However, to the best of our
knowledge, it has not yet addressed this specific limitation in voxel-level analysis.

In summary, while harmonisation effectively standardised the majority of the datasets,
it also highlighted the challenges posed by imbalanced dataset distributions within indi-
vidual sites. Therefore, conducting both pre- and post-harmonisation analyses is good
practice, although one must be aware of the limitations inherent in the harmonisation
process [97], and the difficulties in validating the output scans [101].

5.6 Post-Harmonisation Results
In this section, we discuss the key findings and implications of the post-harmonisation
testing and fixed-effects model analyses conducted on the ENIGMA-HIV dataset as de-
tailed in Section 4.7.

5.6.1 Fixed-Effects Model Analysis
The fixed-effects model results (Table 4.10) indicate that post-harmonisation, with brain
age bias correction, HIV status does not significantly influence the brain age delta (p =
0.613). Throughout the post-harmonisation analysis, age continues to be significantly
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correlated with a decrease in brain age delta due to the age bias in brain age prediction
models.

Analysis with HIV Clinical Measures

Further analysis incorporating HIV clinical measures (Table 4.11) reveals that individuals
with lower CD4 counts (CD4 bin 3, count < 200 cells/mm3) and lower nadir CD4 counts
(nadir CD4 bin 2, count < 200 cells/mm3) show significant increases in brain age delta
(p = 0.0002 and p = 0.0034, respectively). The corresponding increases in delta are 2.94y
and 1.21y, respectively, if all other variables are held constant each time. From Figure
4.17 the increased predicted ages, corresponding to individuals in the lowest CD4 and
nadir CD4 bins, are evident from the respective lines of best fit.

Similarly to our pre-harmonisation results, our findings that individuals with nadir
CD4 counts less than 200 cells/mm3 display increased brain age deltas align with that of
previous works [122, 123, 139]. Additionally, we found significance for a current status
of AIDS (p = 0.0002). These findings also align with the work of Grill [23], where lower
CD4 counts are linked to increased risk of opportunistic infections. As detailed in Section
2.4, these opportunistic infections may have neurological impacts, for example, causing
lesions.

In the analysis of HIV+ cases only, plasma RNA detectability emerges as a significant
factor (p = 0.029, see Table 4.13) with a corresponding increase in delta of 1.97y, if all
other variables are held constant. While the significance is lost post-Bonferroni correction,
this result highlights the potential influence of HIV plasma RNA presence on brain ageing.
This result aligns with the findings of Petersen et al. [140], who found an increased positive
delta in those with detectable viral loads. Similarly, Kuhn et al. [138] found a correlation
between HIV RNA viral load (related to HIV plasma RNA detectability) and delta. The
non-significance of the lowest CD4 bin in this fixed-effects model could be attributed to
the smaller sample size (four sites/scanners, N=232) and the specific clinical measures
of the included cohorts, as seen in Figure 4.19. We also find the lowest nadir CD4 count
bin to be of significance, prior to but not following correction (p = 0.028), with a delta
increase of 1.85y. In all above analyses we find the residual distributions to be normal
and validate the reliability of the analyses.

We do not find significance of HIV duration and ART status for the fixed-effects
models specifying HIV duration, CD4 count and nadir CD4 count, as well as the model
with ART status, CD4 count and nadir CD4 count. This may indicate that the predictor
variables of HIV duration and treatment status are less influential to accelerated brain
ageing than the state of the immune system (CD4 count and nadir CD4 count) and
amount of virus present in the blood (plasma RNA detectability). As aforementioned,
Nir et al. [123] found that virologically suppressed individuals with a history of AIDS
still experience brain atrophy. This may be linked to why we do not detect correlations
between delta and ART status, as nadir CD4 count confounds this result.

5.6.2 Summary
In the post-harmonisation fixed-effects model analysis with age, sex, CD4 count, and
nadir CD4 count as predictor variables, both CD4 count and nadir CD4 count significantly
affected brain age delta. The lowest CD4 count bin was associated with an increase in
delta of 2.94 years, while the lowest nadir CD4 count bin was associated with an increase
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in delta of 1.21 years, assuming other variables remained constant. This supports our
hypothesis that there is a negative correlation between current and nadir CD4
counts and brain age delta. For the fixed-effects model including age, sex, CD4 count,
nadir CD4 count, and HIV plasma RNA detectability, significant influences on brain age
delta were observed for nadir CD4 count and HIV plasma RNA detectability, but only
prior to Bonferroni correction. Here, the lowest nadir CD4 count bin showed an increase
in delta of 1.85 years, and HIV plasma RNA detectability showed an increase in delta of
1.97 years, again holding other predictor variables constant. There is research to suggest
that MRI screening is not useful for HIV+ individuals without neurological symptoms
[125]. It is therefore reasonable that we have only detected increased brain
age deltas in individuals with lower current CD4 counts, a history of AIDS
(lowest nadir CD4 count bin) and a detectable HIV plasma RNA status. These
findings contribute to a better understanding of the neurological impact of HIV and the
crucial clinical factors to monitor.
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Chapter 6

Conclusion

In this chapter, we revisit the aims and objectives outlined in Section 1.5 and the research
questions from Section 1.3, discussing the extent to which they have been met. This
chapter also highlights the contributions of our work to brain age prediction, and primarily
to investigating brain ageing in HIV+ individuals. Lastly, we detail the limitations of the
research and conclude with recommendations for future work.

Objective 1: Conduct an extensive literature review
Through the comprehensive literature review in Chapter 2, we established a thorough
understanding of the methodologies and common practices in the field of brain age pre-
diction. This review encompassed an overview of ML, with a specific focus on CNNs,
including ResNets. Additionally, the review delved into the phenomenon of brain age-
ing, detailing the changes that occur, as well as medical imaging background relevant to
brain scans, focussing on pre-processing steps and the role of harmonisation of MRI scans
- elements vital to this work. Furthermore, the neurological impact of HIV and relevant
ML applications were explored, providing motivation for our second and third research
questions and corresponding hypotheses. The review also offered an in-depth analysis of
specific applications of CNNs in brain ageing, which, along with the background on CNNs
and ResNets, allowed for the formulation of our model. In summary, the insights gained
from the literature review not only aided the design of our CNN model but also high-
lighted the novelty of our research in the context of existing literature, laying a foundation
for our experimental approach.

Objective 2: Develop an accurate pre-trained model
We designed, pre-trained and hyperparameter tuned the CNN model on the UK Biobank
dataset (N=21366). To this end, we achieved an MAE of 2.57 ± 1.94 years and Pearson
correlation coefficient r = 0.90 on the test set. This MAE ranked third in the literature
surveyed, following Peng et al. [15] and Yin et al. [16], and second within studies using
the UK Biobank dataset, following Peng et al. [15]. From these results, we can conclude
that our model design and pre-training was highly successful.
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Objective 3: Investigate the use of transfer learning for improv-
ing model performance and application to small datasets
Our third objective, directly addressing our first research question, ‘To what extent does
model pre-training and transfer learning allow for application of the model to smaller, un-
seen datasets?’, focused on exploring the effectiveness of model pre-training and transfer
learning in adapting our model for use with smaller, unseen datasets like the ENIGMA-
HIV dataset. We fine-tuned our model through transfer learning with the CamCAN
dataset and compared the results with those from independent training on the same
dataset. This comparison, particularly focusing on the MAE and Pearson correlation
coefficient, demonstrated the effectiveness of transfer learning, which notably led to a
44.51% improvement in the test MAE. This large improvement in MAE results in a ro-
bust model able to obtain more accurate results on smaller, unseen datasets, including
those of wider age ranges. However, it is important to note that for the ENIGMA-HIV
testing dataset, which comprised multi-site data, harmonisation was an essential step in
ensuring reliable and accurate results. In summary, while transfer learning substantially
improved model performance, the implementation of harmonisation was crucial for its
effective application to smaller, unseen datasets.

Objective 4: Apply the model to the testing dataset and analyse
correlations between HIV-related clinical measures and brain age
delta
Our fourth objective addressed our second and third research questions, ‘What are the
effects of HIV on an individual’s brain ageing?’ and ‘What HIV-related clinical measures,
such as an individual’s CD4 count, nadir CD4 count, ART status and AIDS status, is the
brain ageing effect correlated to?’, respectively. Regarding our second research question,
we did not find a direct correlation between HIV status and brain age delta, both pre-
and post-harmonisation. This finding suggests that HIV status alone may not be a direct
indicator of accelerated brain ageing. However, due to the variation in scan quality and
case-control, age, and sex distributions within the ENIGMA-HIV dataset, we cannot
definitively conclude this and further investigation is required.

For our third research question, our post-harmonisation analysis led to valuable in-
sights regarding HIV-related clinical measures and brain age delta. We found statistically
significant correlations between lower CD4 counts and nadir CD4 counts, and increased
positive brain age delta. These findings suggest a potential link between weakened pre-
vious and current immunity (as indicated by lower nadir CD4 and current CD4 counts,
respectively) and accelerated brain ageing. Additionally, HIV plasma RNA detectability
showed a correlation with increased positive brain age delta, but only prior to applying
Bonferroni correction. This is indicative of a potential link between HIV plasma RNA
detectability and accelerated brain ageing, but requires further investigation.

Pre-harmonisation, we found a statistically significant correlation between nadir CD4
count and increased positive brain age delta. It is worthwhile noting that we found nadir
CD4 count to be a significant factor both before and after harmonisation, indicating its
reliability. No significant correlations were observed with HIV duration or ART status,
either pre- or post-harmonisation. Throughout our analyses, we found age to be statis-
tically significant, however this was largely attributable to the brain age bias present in
predictive models, despite correction efforts.
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In summary, while HIV status alone did not directly correlate with accelerated brain
ageing, our findings post-harmonisation revealed links between accelerated brain ageing
and lower CD4 and nadir CD4 counts, with nadir CD4 count emerging as a consistent
factor both pre- and post-harmonisation. However, no significant correlations were found
with HIV duration or ART status, and the influence of age remained significant, likely
due to inherent model bias. We note that since clinical covariate information such as
CD4 count, nadir CD4 count, HIV duration, ART status, and plasma RNA detectability
status was available only for HIV+ cases, our conclusions regarding accelerated brain
ageing are applicable solely to the HIV+ cases, not the HIV− controls.

6.1 Contributions
This thesis makes several notable contributions to the field of brain ageing research.
Firstly, we developed a pre-trained model, which achieved high accuracy in brain age
prediction. The model code will be made publicly available on GitHub. As of this thesis
submission, we are investigating the permissions needed for the public release of the pre-
trained and fine-tuned model weights. It is important to note, however, that our findings
suggest the necessity of harmonisation as a step prior to applying these models to unseen
datasets.

Furthermore, through testing and analyses on the ENIGMA-HIV dataset, we have
contributed to improving the understanding of the neurological impact of HIV. In par-
ticular we have identified significant factors, largely CD4 count and nadir CD4 count,
associated with the acceleration of brain ageing in HIV+ individuals. These findings
highlight the need for regular monitoring of these measures to effectively discern HIV’s
impact on brain health. Our findings also emphasise the vital role of ART in improving
immune health and mitigating these neurological effects. Additionally, the development
of a DL model capable of estimating ‘brain age’ from neuroimaging data provides a valu-
able first step towards creating practical and efficient DL tools for assessing the severity
of HIV-related neurological changes.

6.2 Limitations
Our study offers valuable insights into the correlation between brain age delta and HIV-
associated clinical measures, but it is not without its limitations. Firstly, our analysis
did not include all possible influencing factors, for example, other HIV related clinical
measures like treatment duration, nor factors such as substance use or mental health
conditions which may also impact brain ageing [12, 155]. The challenge of incorporating
these factors stems from the limited availability of subjects with comprehensive data and
the complexities involved in such extensive analyses.

Additionally, the lack of control groups in some sites limited the extent to which
we could conduct case-control comparisons, leading us to rely on methods like mixed-
effects models and harmonisation. The registration pre-processing step, involving the
alignment of scans to a common template, might have also contributed to the loss of
age-predictive information. The necessity for harmonisation, due to the multi-site and
multi-scanner nature of the ENIGMA-HIV dataset, introduced additional complexity to
the study. Although we investigated the reliability of harmonisation, this process could
inadvertently introduce additional variations. A further limitation is the dependence on
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the CamCAN reference test set for harmonisation, necessitating future studies using our
models to access the CamCAN dataset.

Computational constraints also limited further in-depth pre-training and exploration
of model architecture variations, particularly regarding depth and width. These limita-
tions also affected the type of harmonisation strategies we could implement. For example,
we considered using ComBat-GAM [98], known for effectively accounting for nonlinear
covariate effects like age. However, the high computational demands of this approach
made it infeasible.

As shown by Kushol et al. [94], in-depth evaluations of scan quality are crucial. Due
to the extensive volume of data in our study, individual scan quality assessments, both
pre- and post-harmonisation, were not feasible within the time constraints.

Lastly, seemingly healthy individuals included in the study may also feature unde-
tected underlying conditions which could impact their brain health and thus the accuracy
at which the model could be trained.

6.3 Future Work
Considering the limitations identified in this study, future research should include the
utilisation of minimally pre-processed datasets to preserve informative features poten-
tially lost during pre-processing such as registration. Due to the variability in the initial
dimensions of the scans, resulting from the use of different scanners and scanning proto-
cols, registration was necessary. Investigating the effects of registration with fewer degrees
of freedom could provide insights into the preservation of critical information. Bias field
correction is also worth exploring for removing variation due to scanner effect1. Further
investigation into the effects of imbalanced datasets on neuroHarmonize output is sug-
gested. Exploring alternative harmonisation methods is also recommended. Approaches
like ComBat-GAM, given sufficient computational resources, or the style transfer method
proposed by Liu et al. [103], could offer valuable insights. Another direction for future
work involves domain shift. While we have aimed to mitigate the effects of domain
shift through transfer learning and harmonisation, future work could include extensive
verification of whether the impact of domain shift was alleviated2. In addition to this,
future work should involve further investigations into the efficacy of harmonisation for
whole-brain voxel images and their subsequent use in DL models.

While we have aimed to develop a pre-trained model that minimises the MAE and
brain age delta, ensuring model generalisability is highly important for accurate perfor-
mance on the HIV dataset. Thus, an important extension of this work would be to expose
the model to a more diverse range of datasets, featuring individuals from varying demo-
graphics. For example, there is demographic shift present in the datasets used whereby
the UK Biobank and CamCAN training datasets were collected in the UK, while the
ENIGMA-HIV dataset is international. This may introduce a bias in the model3. The
goal would be to train a model on multiple diverse datasets, enhancing its generalisability
and reducing the need for harmonisation. Furthermore, having a training dataset of a
more similar age distribution to the testing dataset is a point for future work. Alterna-
tively, strategies such as unsupervised pre-training could be explored, potentially elim-

1Private correspondence
2Private correspondence
3Private correspondence
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inating the need for large training datasets with matched distributions4. Using model
ensembles, as suggested by Dinsdale et al. [17], could also lead to enhanced accuracy.
Moreover, implementing SOTA models such as the SFCN introduced by Peng et al. [15],
and applying the ENIGMA-HIV testing dataset could provide a comparative analysis
of results. Longitudinal studies could also offer further understanding, correlating the
progression of HIV with clinical measures. Exploring additional analyses, such as using
continuous values for the CD4 and nadir CD4 counts in HIV+ individuals instead of
discrete bins, would be interesting.

As discussed in Section 6.2, time constraints made in-depth scan inspection infeasible,
thus future studies could include such evaluations.

Further exploration could also involve the implementation of techniques like saliency
mapping to better understand the aspects of brain scans that the network prioritises in
ageing analysis, such as that done by Taylor et al. [128]. This would be particularly
informative in the context of investigating brain ageing in individuals with HIV.

Finally, the application of transformers, known for their success in various fields, to
brain age prediction in the context of HIV, is a promising avenue for exploration.

6.4 Concluding Remarks
In summary, this thesis contributes an investigation of brain ageing in HIV+ individuals,
utilising CNNs and transfer learning. The development of a robust model, along with
harmonisation, allowed for application to smaller, diverse datasets like ENIGMA-HIV
and proved valuable in understanding HIV’s impact on the brain. We gained insights
into the roles of current CD4 and nadir CD4 counts in the brain ageing process among
HIV+ individuals, highlighting the importance of regular monitoring of these measures
and effective treatment. While there is future work to be done, this thesis contributes to
both the fields of brain age prediction and HIV-related neurological research, being the
first work to apply a CNN to the investigation of brain ageing in HIV+ individuals, and
thus aiding in laying down a foundation for the development of further DL clinical tools
and strategies.

4Private correspondence
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Appendix A

Dataset Distribution Plots
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Figure A.1: Comparison of sex distributions of the UK Biobank and CamCAN training
datasets.
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Figure A.2: Comparison plot of the normalised sex distributions of the CamCAN dataset
and the ENIGMA-HIV testing dataset.
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Appendix B

Training Dataset Size Effects Plots
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Figure B.1: Training and validation loss curves for different initial UK Biobank dataset
sizes.
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(a) Scan bin maximum 50. Dataset size
N=1690.

45 50 55 60 65 70 75 80
Chronological Age (y)

45

50

55

60

65

70

75

80

Pr
ed

ict
ed

 A
ge

 (y
)

Best Fit, y=0.82x + 11.09
y=x

0.0005

0.0010

0.0015

0.0020

0.0025

0.0030

De
ns

ity

(b) Scan bin maximum 100. Dataset size
N=3277.
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(c) Scan bin maximum 200. Dataset size
N=6245.
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(d) Scan bin maximum 400. Dataset size
N=11678.
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Figure B.2: Chronological and predicted age comparison plots for different initial UK
Biobank dataset sizes.

92



Appendix C

Testing Dataset Clinical Variable
Plots
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Figure C.1: Plot of the mean values of CD4 cell counts across different sites.
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Figure C.3: Plot of mean duration of HIV across different sites.
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Figure C.4: Plot of the ART ratio percentages across sites.
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Appendix D

Pre-Harmonisation Fixed-Effects
Model Results

Variable Coefficient Std. Error t-Statistic P-Value 95% CI Lower 95% CI Upper
Intercept 10.0732 1.661 6.065 0.000 6.792 13.354
HIV -2.9781 0.949 -3.139 0.002 -4.852 -1.104
SEX -1.5933 1.184 -1.346 0.180 -3.933 0.746
AGE -0.1615 0.040 -4.031 0.000 -0.241 -0.082

Table D.1: Boban cohort statistical results from fixed-effects model for predictor variables
age, sex and HIV.

Variable Coefficient Std. Error t-Statistic P-Value 95% CI Lower 95% CI Upper
Intercept 3.2775 2.102 1.559 0.121 -0.881 7.436
HIV 0.1999 0.972 0.206 0.837 -1.723 2.123
SEX 0.1277 1.003 0.127 0.899 -1.856 2.112
AGE -0.2036 0.044 -4.646 0.000 -0.290 -0.117

Table D.2: Brown cohort statistical results from fixed-effects model for predictor variables
age, sex and HIV.

Variable Coefficient Std. Error t-Statistic P-Value 95% CI Lower 95% CI Upper
Intercept -5.2841 3.810 -1.387 0.168 -12.828 2.259
HIV 0.4226 0.961 0.440 0.661 -1.480 2.325
AGE -0.1882 0.068 -2.755 0.007 -0.324 -0.053

Table D.3: Cysique cohort statistical results from fixed-effects model for predictor vari-
ables age, sex and HIV.
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Figure D.1: Histogram of residuals from mixed-effects model, for predictor variables
HIV, sex and age with site (split by scanner protocol) as the random effect, with normal
distribution fitted.
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Figure D.2: Histogram of residuals from mixed-effects model with predictor variables age,
sex, CD4 bin and nadir CD4 bin, with normal distribution fitted.
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Variable Coefficient Std. Error t-Statistic P-Value 95% CI Lower 95% CI Upper
Intercept 0.1749 4.003 0.044 0.965 -7.830 8.180
HIV -1.1064 1.528 -0.724 0.472 -4.163 1.950
SEX -2.0516 1.317 -1.558 0.124 -4.684 0.581
AGE -0.1963 0.071 -2.759 0.008 -0.339 -0.054

Table D.4: Hinkin cohort statistical results from fixed-effects model for predictor variables
age, sex and HIV.

Variable Coefficient Std. Error t-Statistic P-Value 95% CI Lower 95% CI Upper
Intercept 8.9267 13.278 0.672 0.503 -17.502 35.355
HIV -1.4105 1.093 -1.291 0.200 -3.585 0.764
SEX 2.2169 1.901 1.166 0.247 -1.567 6.001
AGE -0.2390 0.203 -1.179 0.242 -0.643 0.165

Table D.5: Valcour cohort statistical results from fixed-effects model for predictor vari-
ables age, sex and HIV.

Variable Coefficient Std. Error t-Statistic P-Value 95% CI
Lower

95% CI
Upper

Intercept 12.9364 2.038 6.349 0.000 8.903 16.969
SEX=2 0.7243 1.047 0.692 0.490 -1.347 2.796
CD4 Bin=1 1.8203 1.260 1.445 0.151 -0.673 4.314
CD4 Bin=2 2.8219 1.389 2.032 0.044 0.073 5.571
CD4 Bin=3 3.7503 2.640 1.420 0.158 -1.475 8.976
AGE -0.2379 0.047 -5.052 0.000 -0.331 -0.145

Table D.6: Arch cohort statistical results from fixed-effects model for predictor variables
age, sex and CD4 bin.

Variable Coefficient Std. Error t-Statistic P-Value 95% CI
Lower

95% CI
Upper

Intercept 16.6506 2.591 6.427 0.000 11.529 21.772
SEX=2 -3.1835 0.997 -3.194 0.002 -5.154 -1.213
CD4 Bin=2 -1.7923 1.581 -1.133 0.259 -4.918 1.334
CD4 Bin=3 -0.3602 1.586 -0.227 0.821 -3.495 2.775
AGE -0.4969 0.069 -7.157 0.000 -0.634 -0.360

Table D.7: Paul cohort statistical results from fixed-effects model for predictor variables
age, sex and CD4 bin.
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Figure D.3: Arch cohort plot of predicted and chronological age stratified by CD4 bin.

Variable Coefficient Std. Error t-Statistic P-Value 95% CI
Lower

95% CI
Upper

Intercept 13.0595 2.026 6.447 0.000 9.051 17.068
SEX=2 0.6819 1.054 0.647 0.519 -1.404 2.767
nadCD4 Bin=1 1.8624 1.308 1.424 0.157 -0.726 4.451
nadCD4 Bin=2 2.7061 1.253 2.160 0.033 0.226 5.186
AGE -0.2405 0.047 -5.143 0.000 -0.333 -0.148

Table D.8: Arch cohort statistical results from fixed-effects model for predictor variables
age, sex and nadir CD4 bin.

Variable Coefficient Std. Error t-Statistic P-Value 95% CI
Lower

95% CI
Upper

Intercept 7.3103 7.390 0.989 0.328 -7.573 22.194
SEX=2 1.0062 1.681 0.598 0.553 -2.380 4.392
nadCD4 Bin=2 6.0542 5.679 1.066 0.292 -5.383 17.492
AGE -0.3191 0.107 -2.994 0.004 -0.534 -0.104

Table D.9: Navia cohort statistical results from fixed-effects model for predictor variables
age, sex and nadir CD4 bin.
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Figure D.4: Paul cohort plot of predicted and chronological age stratified by CD4 bin.
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Figure D.5: Arch cohort plot of predicted and chronological age stratified by nadir CD4
bin.
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Figure D.6: Navia cohort plot of predicted and chronological age stratified by nadir CD4
bin.
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Appendix E

Harmonisation Intensity Histograms
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Figure E.1: Average intensity distribution of sampled axial slice (100) pre-harmonisation.
Intensity values below a threshold of 40 are not displayed to avoid the high frequency of
low intensity background voxels distorting the distribution.
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Figure E.2: Average intensity distribution of sampled axial slice (100) post-harmonisation.
Intensity values below a threshold of 40 are not displayed to avoid the high frequency of
low intensity background voxels distorting the distribution.
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Appendix F

Post-Harmonisation Comparison
Plots and Results
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Figure F.1: Boban cohort comparison between predicted and chronological age of cases
and controls, pre- and post-harmonisation.
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Figure F.2: Brew cohort comparison between predicted and chronological age, pre- and
post-harmonisation.
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Figure F.3: Brown 1 cohort comparison between predicted and chronological age of cases
and controls, pre- and post-harmonisation.
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Figure F.4: Brown 2 cohort comparison between predicted and chronological age of cases
and controls, pre- and post-harmonisation.
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Figure F.5: Chang 1 cohort comparison between predicted and chronological age, pre-
and post-harmonisation.
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Figure F.6: Chang 2 cohort comparison between predicted and chronological age, pre-
and post-harmonisation.
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Figure F.7: Cysique cohort comparison between predicted and chronological age of cases
and controls, pre- and post-harmonisation.
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Figure F.8: Hinkin cohort comparison between predicted and chronological age of cases
and controls, pre- and post-harmonisation.
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Figure F.9: Navia cohort comparison between predicted and chronological age, pre- and
post-harmonisation.
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Figure F.10: Paul cohort comparison between predicted and chronological age, pre- and
post-harmonisation.
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Figure F.11: Search cohort comparison between predicted and chronological age, pre-
and post-harmonisation.

60 62 64 66 68
Chronological Age (Years)

45

50

55

60

65

70

Pr
ed

ict
ed

 A
ge

 (Y
ea

rs
)

Pre-Harmonisation
HIV+
HIV

60 62 64 66 68
Chronological Age (Years)

50

55

60

65

70

Pr
ed

ict
ed

 A
ge

 (Y
ea

rs
)

Post-Harmonisation
HIV+
HIV

Figure F.12: Valcour cohort comparison between predicted and chronological age of cases
and controls, pre- and post-harmonisation.
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Figure F.13: Histogram of residuals from fixed-effects model with predictor variables age,
sex, CD4 and nadir CD4, with normal distribution fitted.
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Figure F.14: Histogram of residuals from fixed-effects model with predictor variables age,
sex and CD4, with normal distribution fitted.
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Figure F.15: Histogram of residuals from fixed-effects model with predictor variables age,
sex, CD4, nadir CD4 and HIV plasma RNA detectability, with normal distribution fitted.
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