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Abstract

Deep learning achieves encouraging performance in natural image classifica-

tion. It has huge potential for detecting neural degenerative anomalies, but this

is often limited by the availability of well-segmented neuroimages and compu-

tational resources. One way to address this problem is to apply self-supervised

learning methods that utilise unsegmented neuroimages and artificial labels.

Another solution is developing surrogate tasks to learn the representations of

neuroimages for classification. This thesis reports the investigations of dif-

ferent variants of self-supervised learning and pretext tasks to train feature

extractors for downstream Alzheimer’s Disease classification.

Firstly, this thesis reviews the literature regarding Alzheimer’s Disease clas-

sification and possible data leakage issues. Then, a lightweight 3D CNN-based

ensemble is trained to predict brain age using the 3D MRI data of cognitively

normal subjects from the OASIS-3 dataset. The extracted features are eval-

uated in the binary classification of CN vs. AD patients from their brain

MRI scans. This approach achieved competitive performance compared with

state-of-the-art methods in the literature.

The next part of this thesis developed four different self-supervised learning

pretext tasks for feature extractor training: brain age prediction, brain sMRI

reconstruction, brain sMRI rotation classification, as well as a combination of

all three approaches into one single multi-task predictor. To further explore

the feasibility of employing synthetic neuroimaging data in the self-supervised

learning setting, the proposed approaches are trained on the LDM100K dataset

followed by evaluation using real-world OASIS and ADNI datasets.

The real-world data training and testing leads to the best classification

performance. The random cropping data augmentation technique can improve

feature extractor training on 3D MRI data. Due to high computational ex-

pense and time limitations, the results of the training using synthetic data are

not as satisfactory as those using real-world data. Future research is needed

to develop more advanced feature extractor architectures and more complex

pretext tasks that can learn more discriminative features. Another area of

research to improve training efficiency would involve developing specialised

software and hardware for processing 3D neuroimaging data.
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Chapter 1

Introduction

1.1 Alzheimer’s Disease

Age is one of the primary risk factors for neurodegenerative diseases, especially

dementia and its most common form, Alzheimer’s Disease (AD) [92]. AD

causes an irreversible progressive impairment of memory and cognitive func-

tions that considerably disrupts a patient’s daily life. Because of the ageing

population, the cost of care for AD is expected to increase from the current 47

million to 152 million by 2050 [6] just in the US. In view of the lack of progress

in developing effective treatment for AD [92] and the rapidly increasing costs of

medical care and associated socioeconomic impact, defeating AD is a priority

for science and society.

In the context of neurodegenerative diseases, particularly AD, brain changes

are consistently found in the form of atrophy (e.g. tissue loss or shrinkage) com-

pared to a population of healthy brains, as shown in Fig. 1.1. Well-segmented

data is often unavailable in the medical domain, particularly in the field of AD

neuroimaging [64, 42]. The main reason is that the AD disease procession is

not limited to specific brain regions or sites [11]. Therefore AD neuroimaging

data are often only categorised into possible diagnostic groups in clinical prac-

tice. There are four groups: CN, cognitive normal or healthy controls; EMCI,

early mild cognitive impairment; LMCI, late mild cognitive impairment; AD,
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Alzheimer’s disease.

Figure 1.1: Comparison of brain tissue between a normal brain (left) and severe

brain atrophy caused by Alzheimer’s Disease (right) from a coronal (frontal)

point of view. This figure is copied from website [77].

Due to human brain inaccessibility, structural magnetic resonance imaging

(MRI) is a widely used neuroimaging technique to assess an individual’s brain.

MRI is a tomographic technology that produces two-dimensional images that

consist of individual slices of the brain. The MRI scanner can only measure

the signals in one plane, thus a coordinate system consists of three planes to

describe the standard anatomical position of a human. Fig. 1.2 shows the

three imaging planes of a 3D MRI scan.

The task of differentiating subjects with AD from cognitively normal (CN)

subjects is popular in the literature. As shown in Fig. 1.3, before the develop-

ment of AD, subjects go through an early stage called mild cognitive impair-
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Figure 1.2: An MRI is defined by the plane (direction) of the image that is

taken. Typically, three planes are used to describe the standard anatomical

position of a human body [65]. The basic orientation terms for an MRI with

respect to the human body: from the inferior (I) to superior (S) is the axial

plane; from the left (L) to right (R) is the sagittal plane; and from the anterior

(A) to posterior (P) is the coronal plane. Figure source [4].
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ment (MCI) during which their cognitive functions deteriorate. Subjects with

MCI may remain cognitively stable or subsequently progress to AD. Therefore,

identifying MCI subjects from CN subjects is another task of interest.

Figure 1.3: Three examples of structural MRI scans slices of subjects from

the OASIS-3 [42] dataset in three planes: axial, coronal and sagittal. Row

(a) shows images from a healthy subject, whereas row (b) comes from a MCI

subject with obvious brain changes in all planes. Lastly, row (c) reveals the

severe brain tissue loss of an Alzheimer’s subject.

Inspired by the success of natural image classification, many publications

proposed end-to-end convolutional neural networks (CNN) to classify brain

MRI scans into AD or CN. To utilise 3D MRI data, slice-level, patch-level and

scan-level approaches are widely used. Slice-level and patch-level approaches

are computationally efficient, but only scan-level methods are able to take
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advantage of the full 3D spatial information. The state-of-the-art results are

very promising, however, a significant proportion of the studies performed a

biased evaluation. Their data leakage issues will be discussed in the next

chapter.

1.2 Neuroimaging and Computer Science

Automated medical image analysis systems have been built since it has been

possible to scan and load medical images into a computer. From the 1970s to

the 1990s, sequential application of low-level pixel processing (edge and line

detector filters, region growing) and mathematical modelling (fitting lines,

circles and ellipses) were used for medical image analysis [48]. In the same

period, artificial intelligence concepts were implemented with many if-then-

else statements to form rule-based image processing systems [79].

At the end of the 1990s, supervised machine learning techniques using

training data to build medical image analysis systems began increasing in

popularity. Examples include the use of active shape models for segmentation

[21], the employment of atlas methods to differentiate new data from training

data [43], and the concept of pattern recognition [52] and use of statistical

classifiers [5, 61] for computer-aided detection and diagnosis. Many commer-

cially available medical image analysis systems [15, 53, 73] are based on such

pattern recognition or machine learning approaches.

Although there is a shift from systems that are completely designed by

humans to systems that are trained by computers using example data from

which features are extracted, the extraction of discriminant features from the

images is still done by human researchers [48]. Conventionally, constructing

such machine learning systems requires meticulous engineering and consider-

able domain knowledge to transform the raw data (i.e. the pixel values of an

image) into discriminative features, such as the shape, colour, and/or texture

roughness as well as their combinations. The learning system then determines
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the optimal decision boundary in the feature space so that it can detect pat-

terns (e.g. tumor tissue) in the raw data. However, this transformation relies

on handcrafted features, thus the conventional machine-learning techniques

are limited in their ability to process raw data. Logically, one possible next

step is to let the computer learn such features for discrimination directly from

raw data.

1.3 Deep Learning

Recently, the Machine Learning (ML) field has received enormous attention

due to the exciting breakthrough of the Deep Learning technique[55]. Deep

learning is a sub-field of machine learning, but it is different from traditional

machine learning in that features are learned from the raw data. Deep learning

aims to discover high-level data representations by utilising hierarchical archi-

tectures [44]. For example, a cat’s different combinations of shape, colour, and

texture can be represented at a higher abstract level. Deep learning computa-

tional models consist of multiple processing layers to learn such representations

of data with multiple levels of abstraction. With the composition of enough

such layers, appropriate discriminative features can be learned as high-level

representations in a latent space. The reason is that higher levels of represen-

tation amplify aspects of the input that are important for discrimination and

suppress irrelevant variations [44].

Deep learning-based algorithms and techniques gained significant attention

when they started outperforming other approaches on the ImageNet classifica-

tion benchmark in 2012 [41] due to using progressively deeper networks. Deep

learning methods even exceed human performance in natural image classifica-

tion to a level that the error rate is close to the Bayes rate [41]. Henceforth,

deep learning is the state-of-the-art approach for a wide variety of computer

vision problems.

There are generally two categories of neural networks: feedforward and re-
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current networks. A feedforward network (e.g. convolutional neural networks)

is a network that contains inputs, outputs, and hidden layers. The inputs

only travel in the forward direction. Each neuron (node) computes the output

based on the weighted sum of its inputs. Then the output is fed into the next

processing layer as inputs. This feedforward computation continues until the

final layer and determines the output of the network. Feedforward networks

are often used in classification tasks.

In contrast, a recurrent network has feedback paths. This allows data to

travel in both directions between the layers as well as each connection between

neurons. Due to the looping nature, recurrent networks aim to reach a state of

equilibrium by continuously changing themselves based on the inputs. When

the input changes, the network tries to achieve a new state of equilibrium.

This type of network is widely used in optimisation problems.

1.3.1 Supervised Learning

The majority of modern deep learning architectures are based on feedforward

neural networks. They are built upon many layers of non-linear processing

units for feature extraction. Data is fed into the input layer and propagates

through the network to reach a final output. An error value is obtained by

comparing the network output against the expected value. The training proce-

dure propagates the error backwards and updates the weights of the network to

minimise the error [45]. This supervised learning/training process is repeated

a given number of epochs to optimise the weights.

Supervised learning is the most common training technique when the data

are well-labelled. The idea is to learn the relevance of different features by

fitting the known outcome. Supervised learning can be grouped into two main

types: classification and regression. A classification task uses algorithms to

classify data into particular categories (e.g. email vs. spam), whereas regres-

sion tasks aim to predict a numerical output (e.g. temperature forecast).
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1.3.2 Self-supervised Learning

CNN-based classifiers in the literature show promising performance in some

tasks. However, achieving such performance requires a vast amount of well-

labelled data. The collection of labelled data can be costly and extremely

difficult or even impossible to obtain. Therefore, self-supervised learning tech-

niques can be very beneficial.

Self-supervised learning belongs to the unsupervised learning method fam-

ily which can be applied to suitable data formats (e.g. images) where labels are

not available. Generally, computer vision pipelines that employ self-supervised

learning involve performing two tasks, a pretext task and a target task. The

target task can be anything like a classification or detection task that requires

a vast amount of well-labelled data. The pretext task is the self-supervised

learning task solved to learn visual representations, with the aim of using the

learned representations or model weights obtained in the process, for the target

task. This is based on the assumption that the unlabelled data can be repre-

sented in a semantic and structurally meaningful way by learning the pretext

task.

A pretext task is designed by fabricating artificial labels from unlabelled

data without human annotation. Predicting rotations is one of the most pop-

ular pretext tasks which has a simple and straightforward architecture and re-

quires minimal sampling. For example, the rotations of 0, 90, 180, 270 degrees

can be applied to the image and a network is trained to predict such rota-

tions. Equivalently, the network performs a 4-way classification to identify the

rotation. Then this network or its weights can be passed to the downstream

(target) task.

1.4 Contributions

The main thesis hypothesis is that the appropriate application of self-supervised

learning can obtain superior deep learning-based feature extractors that im-
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prove the classification accuracy of Alzheimer’s Disease neuroimages. Based on

the hypothesis, this thesis investigates feature extractor training approaches

based on (a) brain neuroimage age prediction, (b) brain neuroimage rotation

classification, (c) brain neuroimage reconstruction, and (d) multi-head train-

ing.

The main contribution of the thesis is as follows:

• Proposed a 3D CNN-based brain neuroimage age prediction approach as

a pretext task to train feature extractors.

• Proposed a 3D CNN-based brain neuroimage rotation classification ap-

proach as a pretext task to train feature extractors.

• Proposed a 3D CNN-based AutoEncoder for brain neuroimage recon-

struction approach as a pretext task for feature extractor training.

• Proposed self-supervised single-head and multi-head training approach

for brain neuroimage feature extractors including reconstruction and ro-

tation classification.

• Application of 3D Latent Diffusion Model-generated high-resolution brain

MRI data comprising 100k subjects to train 3D CNN-based feature ex-

tractors.

• The extracted features are then evaluated in the binary classification of

CN vs AD patients from their brain MRI scans. The evaluation of the

above feature extractors uses a training approach based solely on subject-

wise train-test-splits. The unbiased results show promising performance

of the self-supervised approaches.

The proposed 3D CNN-based brain age prediction approach [97] has been

published in the 2022 International Joint Conference on Neural Network, Italy.

We are working on publishing the other approaches.
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1.5 Thesis Outline

This thesis is structured as follows:

Chapter 2 introduces the fundamental blocks to build neural networks and

the loss functions and the optimisation methods for training. This section

also describes the neuroimage datasets used in this study.

Chapter 3 reviews the literature related to training feature extractors for

neuroimage classification using deep learning.

Chapter 4 presents an approach that uses CNN-based brain age prediction

as a pretext task for feature extractor training.

Chapter 5 explores the idea of using synthetic neuroimaging data for feature

extractor training.

Chapter 6 investigates an AutoEncoder-based feature extractor training ap-

proach as a pretext for AD classification.

Chapter 7 investigates the possibility of using brain sMRI rotation classifi-

cation as a pretext task for feature extractor training.

Chapter 8 explores the possibility of feature extractor training by utilising

the multi-head configuration of brain age prediction, brain rotation clas-

sification, and brain image reconstruction.

Chapter 9 firstly concludes the contribution of this thesis, followed by a sum-

mary of the experimental results from the previous chapters. Then this

section provides recommendations for further research that could build

on this work.



Chapter 2

Background

This chapter starts by revisiting the basic concepts of deep learning, followed

by a brief overview of the building blocks of artificial neural networks (ANN).

The next section reviews the loss functions and optimisation methods for ANN

training. The last section describes the datasets used in this study.

2.1 Artificial Neural Network Architectures

Artificial neural networks are the backbone of deep learning algorithms and

techniques. The most common ANN is the feedforward architecture. In the

context of supervised learning or self-supervised learning, ANNs are trained

to approximate some function f . For example, an ANN can map an input

x to a target y, and is parameterised by θ. This ANN defines a mapping

y = f(x; θ) and learns the optimal values of the parameters θ to minimise the

loss. theta is often randomly initialised [28] in the literature. The training

process adjusts θ by backpropagating a gradient value with respect to the

calculated loss between the target and the output.

In practice, a network is normally composed of many layers. For example,

functions f (1), f (2) and f (3) can be chained together as f(x) = f (3)(f (2)(f (1)(x))).

In this case, function f (1) is called the input layer, whereas functions f (3) is

referred as the output layer, and f (2) is the hidden layer.
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2.1.1 Convolutional Layers

The convolutional layers are the keystone of neural networks to operate on

image data. Their purpose is to extract elementary visual features such as

edges, endpoints, and corners. The most common type of convolution that is

used is the 2D convolution layer which is usually abbreviated as conv2D. A

kernel in a conv2D layer “slides” over the 2D input data, in 2-direction (x, y),

performing an element-wise multiplication. Finally, the products are summed

up into a single output pixel. The kernel will perform the same operation

for every location it slides over, transforming a 2D matrix of features into a

different 2D matrix of features. An example of 2D convolution is shown in

Fig. 2.1.

Figure 2.1: Examples of 2D convolution operation. A kernel size of 3 × 3 is

applied to an 4× 4 image, producing a 2× 2 feature map.

Figure 2.2: Examples of 3D convolution operation. A kernel size of 3× 3× 3

is applied to an 4× 4× 4 image, producing a 2× 2× 2 feature map.
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The convolution operation can be used with three-dimensional data. 3D

convolution kernels move in 3-direction (x, y, z) to calculate the convolutional

output which produces a 3D volume as a result of the operation. The idea is

to preserve spatial information between pixels in the MRI data, or temporal

information between frame stacks of video data. An example of 3D convolution

is shown in Fig. 2.2.

2.1.2 DeConvolutional Layers

DeConvolution layers [94] (also called transposed-convolution layers) are sim-

ilar to convolutional layers, but fairly different in operations. Unlike convo-

lution layers which concentrate the information of various pixels into a single

pixel, deconvolution layers spread the information from one pixel to various

pixels. As shown in Fig. 2.3, zero padding is added to the original input fol-

lowed by a convolution operation. This thesis employs 3D deconvolution, with

an example provided in Fig. 2.4.

Figure 2.3: Examples of 2D deconvolution operation. A kernel size of 3× 3 is

applied to an 4× 4 image, producing a 2× 2 feature map.

2.1.3 Batch Normalisation

Training Deep Neural Networks is a complicated task. The problem is that

the distribution of each layer’s input changes because the parameters of the

previous layers change [32]. This requires lowering the learning rate and metic-
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Figure 2.4: Examples of 3D deconvolution operation. A kernel size of 3×3×3

is applied to an 4× 4× 4 image, producing a 2× 2× 2 feature map.

ulous parameter initialisation which makes training deep networks notoriously

time-consuming.

To accelerate deep neural network training, [32] proposed a batch normali-

sation technique. It is implemented in the form of a batch normalisation layer

that is part of the deep architecture. The idea is to apply normalisation to the

activation x over a mini-batch followed by scaling and shifting, which can be

expressed as:

y =
x− µ[x]√
σ[x] + ϵ

∗ γ + β (2.1)

where µ is the mini-batch mean, σ is the mini-batch variance, ϵ is a constant

added to the mini-batch variance for numerical stability, and γ and β are

the learnable scaling and shifting parameters, respectively. There are also

alternatives like LayerNorm Ba et al. [7] that are well suited for sequence

models such as transformers. They are not considered in this thesis.

2.1.4 Pooling Layers

Pooling layers are normally added after convolution layers for downsampling.

The idea is to reduce the dimensions of hidden layers by combining the outputs

of the previous layer into a single neuron in the next layer. The most common

ones are max pooling and average pooling are shown in Fig. 2.5. This thesis
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uses the 3D version pooling layers that are shown in Fig. 2.6.

Figure 2.5: Examples of max pooling and average pooling with a stride of 2.

The max pooling operation passes the maximum value within a 2× 2 kernel,

whereas the average pooling produces the mean within a 2× 2 kernel.

2.1.5 Fully-Connected Layers

Feedforward networks often use a fully-connected layer as the output layer

that can be written as:

f(x;W, b) = xTW + b (2.2)

where W is the weight matrix and b is the bias vector. The size of W and b

is defined according to the input and output dimensions. For example, input

dimension 4 and output dimension 5 of a fully-connected layer require a weight

matrix with dimensions 5 by 4.

2.1.6 Activation Function

To introduce nonlinearities, non-linear activation functions are used in the

networks. The most common one is the rectified linear unit (ReLU). The idea
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Figure 2.6: Examples of max pooling and average pooling with a stride of 2.

The max pooling operation passes the maximum value within a 2× 2 kernel,

whereas the average pooling produces the mean within a 2× 2 kernel.

is to convert the negative inputs to zero therefore not activating such neurons.

It is defined as:

ReLU(x) = max(0, x) (2.3)

where the input x represents element-wise input. One major benefit is the re-

duced likelihood of the gradient vanishing [13]. This arises when the values of

gradients are smaller than one. The gradients are multiplied in backpropaga-

tion to get the gradients of lower layers. The effect of multiplying the gradients

makes the value of gradients to be even smaller for lower layers, leading to a

very small change or even no change in the weights of lower layers. Therefore,

the deeper the network, the more the effect of vanishing gradients. This makes

learning per iteration slower when activation functions that suffer from van-

ishing gradients such as sigmoid and tanh activation functions. On the other

hand, the gradient of a ReLu function is either 0 for x <= 0 or 1 for x > 0.

Therefore, there is no need to worry about the depth of layers as the gradients

will neither vanish nor explode when multiplied.

Depending on the task, the choice of activation function greatly impacts

the training efficiency and predictive performance. For the classification tasks,

the softmax function is widely used as the final layer to transform the raw
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outputs of the network into a vector of probabilities, essentially a probability

distribution over the input classes. It is defined as:

Softmax(xi) =
exi∑C
j=1 e

xj

(2.4)

where C is the number of classes and the label is generally given to the class

with the highest probability.

2.2 Loss Functions

This section discusses the most widely used loss functions for regression, re-

construction, and classification that this thesis used.

2.2.1 Mean Absolute Error Loss

This is the most widely used function to measure the absolute error of each

network output and target value. It can be expressed as:

MAE(y, ŷ) =

∑N−1
i=0 |yi − ŷi|

N
(2.5)

where N is the number of data samples, ŷ is the network output and y is the

target value.

2.2.2 Categorical Cross-Entropy Loss

Softmax cross-entropy is the most frequently used classification loss function

which measures the difference between the expected probability distribution

and the predicted probability distribution. It can be written as:

CE(y, ŷ) = −
C∑
i=1

yi · log(ŷi) (2.6)

where C is the number of classes, ŷi is the output of the softmax activation

value (probability) for the ith class and yi is the corresponding ground truth

probability. The value is usually 1 for the correct class and 0 for all other

classes.
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2.3 Training & Optimisation

This section briefly describes the backbone algorithms for training neural net-

works and optimisation methods to improve training efficiency.

2.3.1 Backpropagation

Training a neural network means adjusting the weights of the model in such

a way that the loss of the overall dataset is minimised. Backpropagation [81],

short for ”backward propagation of errors”, is an algorithm for supervised

learning of artificial neural networks using gradient descent. The ”backward”

part of the name stands for the gradient calculation that proceeds backwards

through the network, with the gradient of the final layer of weights being

calculated first and the gradient of the first layer of weights being calculated

last. Partial computations of the gradient from one layer are reused in the

computation of the gradient for the previous layer. This backward flow of the

error information allows for efficient computation of the gradient at each layer

versus the naive approach of calculating the gradient of each layer separately.

Given an artificial neural network f and a loss function L, the method cal-

culates the gradient of the error function with respect to the neural network’s

weights θ, which can be written as:

min
θ

1

N

N∑
i=1

[L(f(xi; θ), yi)] (2.7)

where N is the number of of training samples, xi is the feature vector of the

ith sample and yi is the corresponding target label.

Using gradient descent, the updating rule for network parameters θt+1 at

iteration t can be described as:

θt+1 = θt − α∇L(f(x; θt), y) (2.8)

where α is the user-defined learning rate to control the step size of parameter

updating, whereas α∇L(f(x; θ), y) is the gradient that combines the partial

derivatives of each input-output pair over the loss function with respect to
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the network parameters. The network parameters θ then can be updated by

gradient descent. This process is repeated until a local minimum is found or

some convergence criterion is met.

2.3.2 Optimisation Methods

The vanilla gradient descent method requires the gradient from all training

samples. This is computationally infeasible when the training set is very large.

Therefore, stochastic optimisation methods are employed to update network

parameters. Practically, a large dataset is often broken down into smaller

mini-batches and then fed into the network. The gradient is calculated per

mini-batch and then the parameters are updated accordingly. This is known as

Stochastic Gradient Descent (SGD) and has proven to converge at a sublinear

rate [87].

To accelerate the speed of convergence speed, [67] proposed a momentum

mechanism for the updating rule. The idea is to accumulate the previous

gradient as momentum and update the network parameters by adding the

momentum, which can be expressed as:

Mt = γMt−1 + α∇L(f(x; θt), y) (2.9)

θt+1 = θt +Mt (2.10)

whereMt−1 is the accumulated momentum and γ is the momentum scale which

is often set to a large value such as 0.9.

Fine-tuning the global learning rate for the optimisation algorithms can

be very difficult in certain tasks, thus, adaptive learning rate optimisation

methods are preferred. Different from keeping track of the sum of gradients

(momentum), the Adaptive Gradient algorithm [19], or “AdaGrad” for short,

keeps track of the sum of squared gradients and uses that to adapt the gradient

for different features. The idea is that the more a feature has been updated

already, the less chance it needs an update in the future, thus giving other

features a higher chance to be updated. The update rule for AdaGrad can be
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expressed as:

Vt =

√√√√ t∑
i=1

∇L(f(x; θt), y)2 (2.11)

θt+1 = θt − α
∇L(f(x; θt), y)

Vt + ϵ
(2.12)

where Vt is the accumulated sum of gradients of parameters θ at iteration t

and ϵ is a smoothing term (often set to 1e−5) to avoid division by zero.

However, AdaGrad is incredibly slow because the sum of the squared gra-

dients only grows and never shrinks. The Root Mean Square Propagation

(RMSProp) algorithm fixes this issue by adding a decay factor to Vt, which

can be written as:

Vt =

√√√√βVt−1 + (1− β)
t∑

i=1

∇L(f(x; θt), y)2 (2.13)

θt+1 = θt − α
∇L(f(x; θt), y)

Vt + ϵ
(2.14)

where β is the decay rate. The idea is that only recent gradient2 values matter,

and the ones from long ago are basically forgotten. The decay rate also helps

with the scaling of gradients so that the gradients will have a smaller chance

to overshoot near minima.

Adam [38] (short for Adaptive Moment Estimation) optimisation algorithm

takes the best of both worlds of momentum and root mean square mechanism.

It can be written as:

Mt = β1Mt−1 + (1− β1)∇L(f(x; θt), y) (2.15)

Vt =

√√√√β2Vt−1 + (1− β2)
t∑

i=1

∇L(f(x; θt), y)2 (2.16)

θt+1 = θt − α
Mt

Vt + ϵ
(2.17)

where β1 is the decay rate for the sum of gradients (momentum), commonly set

at 0.9; β2 is the decay rate for the sum of squared gradients, commonly set at

0.999; α is the learning rate, and it is commonly set between 0.001 and 0.0001.

Adam empirically works well [38], and thus in recent years, it is commonly the

go-to choice for deep learning problems.
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Adam has an inherent problem with the L2 regularisation term. In deep

learning libraries such as PyTorch [71], Tensorflow [1] or Keras [16], instead of

modifying the loss function, the L2 regularisation is implemented by adding

the sum of all parameters squared (λ
∑W

i=1w
2
i ) to the loss function. The user-

defined hyperparameter λ is a positive real number. The idea is to reduce each

network parameter by an amount proportional to its current value during the

optimisation step. L2 regularisation is also referred to as weight decay.

However, if one adds the weight decay term at this point, then moving av-

erages of the gradient M and its square V keep track not only the values of the

gradients of the loss function but also additionally the values of the regulari-

sation term. To address the ineffective handling of weight decaying, AdamW

[54] was proposed, where weight decay is only performed when updating the

parameters:

θt+1 = θt − α
Mt

Vt + ϵ
+ αλ

W∑
i=1

w2
i (2.18)

Where W represents the total number of parameters in the network. The

idea is that the weight decay term does not end up in the exponential moving

averages and is thus only proportional to the weight itself. The authors exper-

imentally demonstrated that AdamW yields better training loss and that the

models generalise much better than models trained with Adam. Therefore,

this thesis chose AdamW as the optimiser for all the training tasks.

2.4 Data Augmentation Techniques

Data augmentation is a technique of artificially increasing the training set

by creating modified copies of a dataset using existing data. This can be

done by applying minor changes to the data, such as flipping, rotating, or

cropping. Data augmentation can be used to improve the performance of

machine learning models by making them more robust to noise and variations

in the data. It is especially useful for tasks where the amount of available

data is limited. Fig. 2.7 depicts some of the most common data augmentation
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techniques.

Figure 2.7: An example of data augmentation techniques including flipping,

shifting, rotation and blurring. The original image is the No. 80 slice in the

axial plane of subject sub-000000 from the LDM100K dataset.

2.5 Magnetic Resonance Imaging

As explained by the Medical School of Case Western Reserve University [76]:

MRI is based on the magnetisation properties of atomic nuclei.

A powerful, uniform, external magnetic field is employed to align

the protons that are normally randomly oriented within the water

nuclei of the tissue being examined. This alignment (or magneti-

sation) is next perturbed or disrupted by the introduction of an

external Radio Frequency (RF) energy. The nuclei return to their

resting alignment through various relaxation processes and in so

doing emit RF energy. After a certain period following the initial

RF, the emitted signals are measured. Fourier transformation is

used to convert the frequency information contained in the signal

from each location in the imaged plane to corresponding intensity

levels, which are then displayed as shades of grey in a matrix ar-

rangement of pixels. By varying the sequence of RF pulses applied

& collected, different types of images are created. Repetition Time

(TR) is the amount of time between successive pulse sequences ap-

plied to the same slice. Time to Echo (TE) is the time between

the delivery of the RF pulse and the receipt of the echo signal.

The most commonMRI sequences are T1-weighted and T2-weighted

scans. T1-weighted images are produced by using short TE and TR

times. The contrast and brightness of the image are predominately

determined by T1 properties of tissue. Conversely, T2-weighted

images are produced by using longer TE and TR times. In these

images, the contrast and brightness are predominately determined

by the T2 properties of tissue.
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As shown in Fig. 2.8, T1- and T2-weighted images can be easily

differentiated by looking at the cerebrospinal fluid (CSF). CSF is

dark on T1-weighted imaging and bright on T2-weighted imaging.

A third commonly used sequence is the Fluid Attenuated Inversion

Recovery (Flair). The Flair sequence is similar to a T2-weighted

image except that the TE and TR times are very long. By doing

so, abnormalities remain bright but normal CSF fluid is attenuated

and made dark. This sequence is very sensitive to pathology and

makes the differentiation between CSF and an abnormality much

easier.

This thesis used T1-weighted (T1w) structural MRI scans as it is the most

commonly available neuroimaging modality in the OASIS-3 dataset. Due to

availability issues, there are other types of MRI imaging are not considered in

this work.

Figure 2.8: A comparison of T1w vs. T2w vs. Flair neuroimaging of the same

subject. This figure is copied from [76].

2.6 Datasets

This section describes the publicly available brain neuroimaging datasets for

Alzheimer’s disease (AD) that were used in this thesis, including two real-

world datasets: OASIS and ADNI and a synthetic dataset LDM100K. Both

the OASIS and ADNI focus on Alzheimer’s disease, but none of them has

detailed segmentation for the disease lesion, which would indicate the regions
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in an organ or tissue that have suffered damage caused by the disease. A brief

summary of the datasets is shown in Table.2.1.

Dataset Classes #Subjects #Scans MMSE∗ CDR∗∗ Sex Age

ADNI

AD

MCI

CN

192

398

229

530

1126

877

23.3 +/- 2.1

27.0 +/- 1.8

29.1 +/- 1.0

2

1, 0.5

0

Male 1,426

Female 1,316
55 - 94

OASIS-3

AD

MCI

CN

104

389

605

237

1131

2021

15.0 +/- 5.8

24.9 +/- 3.3

29.1 +/- 1.2

2

1, 0.5

0

Male 487

Female 611
42 - 95

LDM-100k CN 100,000 100,000 N/A N/A N/A 44 - 82

Table 2.1: A brief summary of the datasets. *The Mini-Mental State Exami-

nation (MMSE) measures general cognitive status, with scores ranging from 0

(severe impairment to 30 (no impairment). **The Clinical Dementia Rating

(CDR) is a numeric scale used to quantify the severity (stages) of dementia

in clinical practice. Clinical Dementia Rating Assignment Qualitative equiva-

lences are as follows: 0 is none; 0.5 is very mild; 1 is mild; 2 is moderate and

3 is severe.

2.6.1 ADNI-3

In 2004, the Alzheimer’s Disease Neuroimaging Initiative (ADNI) [64] began

as a longitudinal study to develop clinical, imaging, genetic, and biochemical

biomarkers for AD. The long-term goal is to improve diagnostic methods for

the early detection of AD. This cooperative study made a global impact by

developing a set of standardised protocols that allows for the comparison of re-

sults across different medical centres and scanner manufacturers. Furthermore,

ADNI’s data-sharing policy significantly simplifies the data access procedure

for qualified researchers worldwide.

ADNI includes participants between the ages of 55 and 90 across 57 sites

in the United States and Canada. The participants undergo a series of initial

tests that are repeated at intervals over subsequent years, including a clinical

evaluation, neuropsychological tests, genetic testing, lumbar puncture, and

MRI and PET scans.
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After more than a decade of dedicated effort, ADNI released the phase

3 data in 2016 which consolidated the existing data from ADNI-1, ADNI-

GO and ADNI-2. In total, there are 483 cognitively normal, 300 early mild

cognitive impairments, 551 mild cognitive impairments, 150 late mild cognitive

impairments and 437 AD subjects. An example from the ADNI dataset is

shown in Fig. 2.9.

Figure 2.9: Slice samples of subject ID S15147 from the ADNI database. The

overall shape of this MRI image is 166× 256× 256.

2.6.2 OASIS-3

Open Access Series of Imaging Studies (OASIS) [42] is a project that aimed

at making neuroimaging datasets freely available to the scientific community.

The OASIS-3 dataset became available in early 2020. This thesis uses the

OASIS-3 dataset as it is the newest at the time of writing.

OASIS-3 is a longitudinal multimodality neuroimaging dataset for normal

ageing and Alzheimer’s Disease. It is a retrospectively compiled dataset of 1378

participants that was collected across many projects over 30 years. Ranging

from 42 to 95 years old, there are 755 cognitively normal adults and another

622 adults at different stages of cognitive decline. To protect privacy, each
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participant was randomly given a subject identifier. Then all dates were nor-

malised to reflect the number of days from the beginning of the study. Each

subject recorded at least one magnetic resonance imaging (MRI) session. An

example from the OASIS dataset is shown in Fig. 2.10.

Figure 2.10: Slice samples of subject ID OAS30001 from the OASIS database.

The overall shape of this MRI image is 176× 256× 256.

OASIS-3 also includes the Clinical Dementia Rating (CDR) Score [63] for

each subject upon each clinical assessment along with the participation. The

real dates of clinical visits for CDR scoring are also removed and reformatted

to show the days from the first visit. In most cases, the clinical visits and the

MR sessions are not carried out on the same day.

2.6.3 LDM-100k

Given the data-hungry nature of deep learning-based approaches, generating

synthetic data provides a promising alternative for training superior models.

More medical data allows researchers to conduct experiments on a larger scale.

Inspired by the photorealistic synthetic images produced by a latent diffusion

model [80], the authors of [74] used T1w MRI images from the UK Biobank

dataset [86] to generate brain MRI images.
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Their proposed method selected 31, 740 healthy individuals aged between

44 and 82 years from the UKBioBank database. There are 14,942 male subjects

and 16,798 female subjects, respectively. They also utilised the volume of

ventricular cerebrospinal fluid (min-max: 6,995.68 - 171,375.0 mm3) and the

brain volume normalised for head size (min-max: 1,144,240 - 1,793,910 mm3).

The T1w MRI scans were used to train the models to learn about the

probabilistic distribution of brain images, while conditioning on covariables

including age, sex, and brain structure volumes. Then the authors evaluated

the generated brain scans by computing the correlation between the obtained

values and the inputted conditioning values for brain volume and brain age,

resulting in a high correlation coefficient of r = 0.972 and r = 0.692, respec-

tively.

The authors used the conditioning variables to control the data generation

for a synthetic dataset with 100, 000 brain scans. They made the dataset

publicly available along with the conditioning information. An example from

the LDM100K dataset is shown in Fig. 2.11.

Figure 2.11: Slice samples of subject ID sub-000000 from the LDM100K

database. The overall shape of this MRI image is 160× 224× 160.
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2.7 Evaluation Metrics

To measure the performance, we computed the true positive (TP), false posi-

tive (FP), true negative (TN), false negative (FN) and area under the receiver

operating characteristic curve (AUC). The Classification accuracy (ACC) rep-

resents the proportion of correctly classified scans among the whole popula-

tion. The sensitivity (SEN) shows the rate of being predicted positively when

the disease is present, whereas the specificity (SPE) shows the rate of being

predicted negatively when the disease is absent. The AUC represents the prob-

ability that a randomly selected positive scan is ranked more highly than a

randomly selected negative scan. Table. 2.2 shows the metrics for evaluation.

In addition to the metrics used previously, Youden’s J statistic (J stat) is

added to the list of metrics. As shown in Table. 2.2, J stat summarises the

performance of a diagnostic test. It combines sensitivity and specificity into a

single measure (Sensitivity + Specificity - 1) and has a value between -1 and

1. An example of J stat is given in Fig. 2.12. In a perfect test in which there

are no false positives or false negatives, J stat equals 1. Values close to 0 mean

that the diagnostic test gives the same likelihood of positive results for groups

with and without the disease, which renders the test not very informative.

The J stat value of -1 shows that the predictions are exactly opposite to the

ground truth. In this case, a flip of the labels could resolve the issue.
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Figure 2.12: An example of J stat. The vertical line represents the maximum

value of Youden’s index for the ROC curve. The diagonal line corresponds

to the ROC curve of a classifier that predicts the class at random. The more

area under the ROC curve indicates better discriminative performance of the

classifier.
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Table 2.2: Evaluation Metrics

Metric Formula

Accuracy(ACC) TP+TN
TP+TN+FP+FN

Sensitivity(SEN) TP
TP+FN

Specificity(SPE) TN
FP+TN

Y ouden′sJstatistic(J stat) TP
TP+FN

+ TN
FP+TN

− 1



Chapter 3

Related Work

The first section reviews the literature regarding Alzheimer’s Disease classifi-

cation. This section also shows the data leakage problem commonly found in

related works. The next three sections review the development of brain age

prediction, autoencoder-based brain image reconstruction and image rotation

classification methods, respectively.

3.1 Alzheimer’s Disease Classification

As shown in Fig.1.1 and Fig.1.3, the brain tissue loss is most obvious between

the CN and AD classes, therefore, the class difference is most distinguishable

on structural MRI scans. As a result, the classification between Alzheimer’s

Disease (AD) and cognitively normal (CN) subjects is the most studied task

in the literature. Before the development of dementia, patients go through a

phase called mild cognitive impairment (MCI) in which they experience the

deterioration of certain cognitive functions, such as having difficulty reasoning.

MCI patients can be subdivided into stable, progressive and converting stages

or early and old stages, denoted as sMCI, pMCI or cMCI, EMCI and LMCI

respectively. Identifying this cognitive stage of a patient is another task of

interest.

As Structural MRI (sMRI) is the most available form of neuroimaging

modality, this thesis mainly focuses on publications that use CNN-based meth-
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ods on T1w data. It is worth noting that other modalities such as functional

MRI and positron emission tomography (PET) are slowly gaining popularity

in the literature due to their increasing availability in the datasets [42].

Inspired by the success of natural image classification using 2D CNNs (e.g.

ResNet [30] and VGGNet [85]), extracting 2D slices from 3D MRI volumes is a

popular choice of input in many studies. Many studies report state-of-the-art

classification accuracy on various datasets. However, many of the proposed

approaches are suspected to have data leakage or biased evaluation metrics. It

is speculated that the authors are primarily from medical domains and are not

experienced in machine learning [90]. The rapid adoption of machine learning

methods in a certain domain could lead to errors. Moreover, the classification

results are often unclear about slice-level or subject-level accuracy.

A very recent publication [36] highlights this issue which is apparently

present in all application areas of machine learning. This thesis critically

reviewed some recent studies using machine learning techniques in the field

of Alzheimer’s Disease classification. The common data leakage found in the

literature are:

• Leakage A: Wrong Data Split. The data split is not performed on the

subject-level when defining the train, test and validation subset, result-

ing in data from the same subject appearing in multiple subsets. This

problem can occur when 2D patches or 2D slices are extracted from a 3D

image, or when 3D images of the same subject are available at multiple

time points.

• Leakage B: Late split. Procedures such as data augmentation, feature

selection or pre-training tasks are performed before subject-level train-

ing, validation and testing splits. For example, the generated image of

the same subject could appear in several subsets if the augmentation is

performed before the subject-level split.

• Leakage C: Biased transfer learning. Transfer learning can cause data



33

leakage if the source and target domains overlap. For example, the CN

subjects used in a pre-training task of an AutoEncoder are also used in

the downstream task of CN vs. MCI or CN vs. AD classification.

3.1.1 Prior Work without Data Leakage

In the literature, there are publications that evaluated their approach without

clear data leakage. For example, some 2D slice-level and 3D patch-level ap-

proaches performed train-test-split on the subject-level before extracting 2D

slices, whereas some 3D volume-level studies only selected one scan per subject.

A brief summary of each paper in this subsection is listed in Table.3.1.

Using predefined brain regions of interest (ROIs) is a popular information

extraction choice to reduce the number of dimensions of the input. Aderghal

et al. [2] proposed a 2D slice-based approach (Fig.3.1). From the ADNI

database, they selected the screening T1w Structural MRI images of 188 AD,

228 CN and 399 MCI subjects. The 3D hippocampus ROI is firstly extracted

from the MRI volume by a shape of (28×28×28). Then 2D slices are extracted

from the 3D ROI from the sagittal, coronal and axial planes. After that, the

median slice of each plane was chosen and its two closest neighbours were also

included as a shape of (28 × 28 × 3). Each image undertakes a preprocess-

ing of alignment, intensity normalisation and augmentation of flips, volume

translations and blurring. Then their approach trained three independent 2D

CNN for each plane followed by a majority vote of probability to predict the

class. Their paper reported the binary classification results for AD vs. NC

with 91.02% accuracy, 92.72% sensitivity, and 89.94% specificity. Although

the authors did not explain the train-test-split procedure, the subject-level 3D

ROI extraction is unlikely to have data leakage issues.

In their follow-up paper [3], a transfer learning approach (Fig.3.2) is pro-

posed to pre-train the models on sMRI data to improve the performance on a

different neuroimaging modality. This paper used the same set of subjects [2]

for the pre-training task. The authors included an additional small number of
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Figure 3.1: Three independent 2D CNNs for each plane followed by a majority

vote of probability to predict the class. This figure is copied from [2].

subjects with both sMRI and Diffusion Tensor Imaging (DTI) for testing. The

MRI volumes are processed in a similar pipeline with the addition of skull-

stripping and brain tissue segmentation, followed by the same augmentation

techniques of flips, volume translations and blurring. After that, the median

slice of each plane was chosen with its two closest neighbours as a three-channel

image (28× 28× 3). They trained the sMRI models using the same scheme as

shown in Fig.3.1, and then the best-trained parameters are reused to initialise

the DTI model and fine-tune it on the DTI dataset. The DTI classification

achieved 92.5% accuracy, 94.7% sensitivity, and 90.4% specificity. The authors

also reported poor performance while using random initialisation for the DTI

model. Their train-test-split method is clearly explained as a subject-level

split thus there is no data leakage issue.

The authors in [8] proposed a 3D CNN classifier achieving 90% accuracy

on AD and CN classification. They selected 199 AD and 141 CN subjects

from the ADNI dataset where each subject has multiple MRI scans. The pre-

processing includes conforming, motion correction, non-uniform intensity nor-

malisation, affine transformation, max-min intensity normalisation, and skull

removal. They also reported that training their network without preprocessing

yielded a drop in accuracy of 38%. Their proposed architecture is described in

Fig.3.3. They clearly reported a subject-level data partition strategy to avoid
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Figure 3.2: An overview of the transfer learning approach from sMRI to MD

imaging. This figure is copied from [3].

data leakage.

Figure 3.3: An overview of the 3D Convolutional Network architecture in [8].

This figure is copied from [8].

[40] proposed two 3D CNN-based approaches, as shown in Fig.3.4. They

proposed a VoxCNN (similar to VGG) and ResNet network with modified

components for 3D inputs. They selected 50 AD, 43 LMCI, 77 EMCI and

61 CN subjects from the ADNI subject. Only the first sMRI image of each

subject is selected followed by alignment, normalisation, and skull-stripping.

The evaluation reported 79% and 80% AD vs CN accuracy for 3D VoxCNN

and 3D ResNet, respectively. The authors are aware of the data leakage issues

and performed subject-level splits. The size of the chosen data is relatively

small compared to other studies.

Li et al. [46] proposed a classification method based on the combination of

multi-model convolutional networks to learn the various features from brain
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Figure 3.4: An overview the 3D VoxCNN and 3D ResNet architectures in [40].

This figure is copied from [40].
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sMRI and classify AD and NC subjects. As shown in Fig.3.5, their approach

consists of two feature extractors: part one is a deep 3D CNN, whereas part

two has multiple 3D CNN AutoEncoders (AEs). The AutoEncoders are pre-

trained for sMRI reconstruction followed by a fine-tuning for AD vs. CN

classification. The input sizes are varied for the AEs to obtain multiple fea-

ture extractors. Then the features from both CNN and AEs are concatenated

for fully connected layers and softmax activation. To evaluate their approach,

they selected the T1w sMRI data of 199 AD and 229 CN subjects from the

ADNI baseline visits. Each MRI image is processed for linear registration,

intensity normalisation, skull-stripping and cerebellum-removal. The testing

result showed 88.31% accuracy for AD vs. CN classification task. As the au-

thors only used the baseline visit per subject, there is no data leakage detected.

Figure 3.5: An overview of the multi-model convolutional networks in [46].

This figure is copied from [46].

Li et al. [47] proposed a classification framework by fusing multiple DenseNets

to classify AD and NC subjects on T1w sMRI data, as shown in Fig.3.6. They

selected 199 AD, 403 MCI and 229 NC subjects for evaluation. All MRI images

are nonuniform intensity normalised, skull-stripped and cerebellum-removed,

followed by a linear registration to align all the images. They partitioned

each brain MRI image into a number of local regions and extract 3D patches
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32×32×32 from each region for clustering. Then each cluster of 3D patches is

fed into a 3D DenseNet followed by a concatenation for final prediction. The

average classification performance of k-clustering is optimal with K = 10, re-

sulting in 89.5% accuracy. Their method can effectively reduce the dimension

of 3D MRI. Similar to their previous study [46], only the baseline scan of each

subject is selected, therefore no data leakage is detected.

Figure 3.6: An overview of 3D patch k-clustering and 2D DenseNet ensemble

for 3D sMRI classification in [47]. This figure is copied from [47].

A 3D multi-modality fusion approach is proposed in [50] for AD classifi-

cation. They selected 93 AD, 76 MCI converters (pMCI) and 128 MCI non-

converters (sMCI), 100 NC with both sMRI and PET data from the ADNI

dataset to evaluate the proposed approach. All baseline visit T1w sMRI images

were preprocessed by applying the typical bi-commissural line correction, skull-

stripping, cerebellum removal, intensity normalisation and affine registration,

whereas each PET image is registered to its corresponding sMRI orientation.

A number of 27 3D local patches are uniformly extracted from each sMRI and

PET image. As shown in Fig.3.7, each group of local patches is utilised to

pre-train an independent 3D CNN, followed by a joint fine-tuning of 2D CNNs

before feature fusion and final prediction. The fusion approach resulted in a
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higher 93.26% accuracy compared to either single modality sMRI 84.97% and

PET 88.08% in the AD vs CN task. This study only selected one image for

each modality per subject, thus there is no risk of data leakage.

Figure 3.7: An overview of the multi-modality fusion approach for AD classi-

fication in [50]. This figure is copied from [50].

Senanayake et al. [83] proposed a multimodality fusion approach for AD

classification. They utilised the 3D sMRI volumes and neuropsychological

measurements (35 features) from the ADNI database. The resulting dataset

has 515 MR volumes that belong to three classes: 161 AD volumes, 193 MCI

volumes and 161 CN volumes. There is no proprocessing step explained in their

paper. Their proposed approach used dilated convolutions, residual connec-

tions and dense connections to reduce the dimension of 3D MRI to a compara-

ble dimension so the two feature vectors can be meaningfully merged together.

They reported about 80% accuracy for AD vs CN classification. Although

they clearly stated the subject-level train-test-split, they did not employ the

cross-validation technique to demonstrate the robustness of their proposed ap-

proach.

Valliani and Soni [88] proposed an approach that uses pre-trained residual

network models to classify AD. They selected 188 AD, 243 MCI and 229 CN

subjects from the ADNI dataset. The authors clearly stated that only the
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Figure 3.8: An overview of the fusion approach for AD classification in [83]. ⊕
represents addition operation and ⊗ represents concatenation operation. This

figure is copied from [83].
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median axial slice of the first sMRI from each subject is used to avoid data

leakage, but they did not explain the preprocessing pipeline in the paper. Their

proposed architecture consists of a ResNet-18 network, which is initialised

using ImageNet weights. Then the network is fine-tuned on MRI data with

on-the-fly affine transformation. Their evaluation showed 81.3% accuracy in

the AD vs. CN scenario. Their approach only utilised one plane of the 3D

MRI volume and a relatively shallow architecture for transfer learning, which

underused the spatial information in the 3D volume.

Figure 3.9: An overview of the transfer learning approach for AD classification

using pre-trained ResNet-18 in [88]. This figure is copied from [88].

Oh et al. [68] proposed an unsupervised approach to extract discriminative

features for AD classification on T1w sMRI data. Their approach first trains

a 3D AutoEncoder to reconstruct AD and CN MRI images with minimal loss,

then the encoder is fine-tuned for AD and CN classification. They also con-

ducted transfer learning that uses weights of the AD/CN classifier to initialise

the sMCI vs. pMCI classifier for later fine-tuning. To evaluate the approach,

they selected the baseline scans of 198 AD, 166 pMCI, 101 sMCI and 230 CN

subjects from the ADNI database. All MRI images are preprocessed including

realignment, normalisation, and smoothing. The testing result showed 86.6%,

77.37% and 63.04% accuracy for AD vs. CN, pMCI vs. CN, and sMCI vs CN

classification tasks, respectively. As they only selected one sMRI image from
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each subject, there no risk of data leakage.

Figure 3.10: An overview of the AutoEncoder-based feature extraction ap-

proach for AD classification in [68]. This figure is copied from [68].

Liu et al. [51] proposed a method that combines two models to classify

AD on T1w sMRI images. As shown in Fig.3.11, the first multi-task model

consists of multiple residual and upsampling layers that generate a binary seg-

mentation mask of the hippocampus region along with bottleneck features.

The second model utilises a 3D patch from the mask to learn features and

then concatenates with the bottleneck features for a final prediction. To eval-

uate their method, they randomly selected 449 participants, including 97 AD,

233 MCI, and 119 CN subjects, from whom the ADNI baseline collection.

All MR images were resized and intensity normalised then skull-stripped and

cerebellum-removed before extracting a 64 × 64 × 64 3D patch around the

hippocampus region. The obtain ground truth segmentation of each MRI im-

age, they used FIRST from the FMRIB Software Library [62] to gain a coarse

segmentation then three radiologists manually corrected it. For AD vs. CN

classification task, they reported 80.1% accuracy. There is no data leakage

detected as they only used one 3D patch per MRI image from each subject.

Basher et al. [10] proposed a compound approach to classify AD on T1w
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Figure 3.11: An overview of the AutoEncoder-based feature extraction ap-

proach for AD classification in [51]. This figure is copied from [51].
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sMRI images. As shown in Fig.3.12, the first localisation CNN model learns

to estimate the 3D hippocampal region in a 3D MRI image. Secondly, plane-

wise discrete volume 2D CNN models are trained to measure the number of

voxels of each slice in the hippocampus region as a feature matrix. Then the

final CNN is trained on the features matrix to predict a binary label of the

input 3D image. The authors selected 171 CN and 80 AD subjects from a

private dataset, the Gwangju Alzheimer’s and Related Dementia (GARD),

to evaluate their approach. They only used z-score normalisation to process

each MRI image. The testing results show near 95% accuracy for the binary

classification task. Although their chosen dataset is private and the number

of subjects is comparatively small, their approach is using the MRI images in

a 3D fashion thus no data leakage is detected.

Figure 3.12: An overview of the compound feature extraction approach for AD

classification in [10]. This figure is copied from [10].

Venugopalan et al. [89] proposed a fusion approach to classify AD on T1w

sMRI images, clinical and genetic data. As shown in Fig.3.13, they used
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3D CNN for imaging data and stacked Denoising AutoEncoders for clinical

and genetic data to extract features for fusion followed by classification. The

authors selected 266 AD, 104 MCI and 132 CN subjects for their last visit

from the ADNI database. There are 220 patients that have all three data

modalities (testing dataset), 588 patients have genetic and clinical, 283 patients

have imaging and clinical, and the remaining patients have only clinical data.

The preprocessing pipelines for MRI images are registration, segmentation and

normalisation, whereas the clinical and genetic features with missing values

> 70% are discarded in clinical and genetic data. Their evaluation showed

86% accuracy performance. As they are only using one MRI image per subject,

there is no data leakage.

Figure 3.13: An overview of the multi-modality feature fusion approach for

AD classification in [89]. This figure is copied from [89].

Wu et al. [93] proposed a transfer learning and self-supervised method to

classify AD on the T1w sMRI modality. As shown in Fig.3.14, 32 axial slices
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closest to the centre of each MRI image are fed into a pre-trained network to

generate the bottleneck features for dimension reduction. Then an AutoEn-

coder is trained on these features and the bottleneck features are utilised again

to further reduce dimension. Finally, the slice-wise features are merged for the

final classification. The authors selected 100 AD subjects and 316 CN subjects

for training from the OASIS-1 database. An additional 100 subjects of each

class are chosen for testing purposes. Each MRI image is processed through

facial features, smoothing, correction, normalisation and registration. Using

the MobileNet as the pre-trained bottleneck feature extractor showed the best

classification accuracy of 80.5%. The authors are aware of the data leakage

problem and clearly performed subject-level train-test-split.

Figure 3.14: An overview of the multi-modality feature fusion approach for

AD classification in [93]. This figure is copied from [93].
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3.1.2 Prior Work with Potential Data Leakage

Many other scan-level studies either performed non-subject-level train-test-

split or did not provide a clear enough explanation of their method to en-

sure reproducibility, therefore their reported results are highly likely to data

leakage. A brief summary of each paper in this subsection is listed in table

Table.3.2.

Islam and Zhang [33] proposed an approach for multiclass classification of

disease stages using 2D Dense CNN. They selected 416 subjects of four stages

from the OASIS database. They clearly reported a subject-level data partition

strategy to avoid data leakage. Multiple 2D patches (112× 112) are extracted

from each plane of a 3M MRI volume. The 2D patches are normalised to zero-

mean and unit variance. Random cropping is applied before the inputs are fed

into a 3-in-1 ensemble model, as shown in Fig.3.15. The authors reported an

average 94% accuracy for a four-class classification task. However, the number

of samples in the test for each class is imbalanced and a baseline evaluation on

the AD vs CN task is not reported. Although their proposed approach utilises

3D sMRI volume as input, the train-test-split is suspected to have Leakage A.

Basaia et al. [9] proposed a 3D CNN classification approach to identify

AD on T1w sMRI data. They have selected 352 AD and 510 CN from the

ADNI dataset, they also have access to 124 AD and 55 CN subjects in a

private dataset, namely the Milan dataset [58]. They proposed a plain 3D

CNN architecture and reported 99.2% accuracy on AD vs. CN task. However,

they did not state the number of sMRI volumes selected from each subject

thus it is suspected to have a data leakage A issue.

Raju et al. [78] also proposed a plain 3D CNN based approach to clas-

sify AD on T1w sMRI images. From the ADNI database, they selected 152

NC, 181 MCI, and 132 AD subjects for evaluation. Each image goes through

a preprocessing pipeline including centre-cropped resizing, motion correction,

non-uniform intensity normalisation, affine transformation, intensity normal-

isation and skull stripping. Then 27 half-overlapping patches (50 × 41 × 40)
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Figure 3.15: An overview of the 2D Dense CNN ensemble for AD classification.

This figure is copied from [33].
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are extracted. As shown in Fig.3.16, each 3D patch is given to an individual

3D CNN to generate a feature vector. A fusion of the 27 feature vectors and a

support vector machine is used for the final prediction. The author reported

97.77% accuracy for a three-class classification task. They did not explain the

sMRI selecting and splitting process for each subject thus it is suspected to

have a data leakage type B.

Figure 3.16: An overview of the 3D CNN based feature extraction approach

for AD classification in [78]. This figure is copied from [78].

3.1.3 Prior Work with Data Leakage

There are a few papers that have clear data leakage issues. The non-subject-

level train-test-split is the most common issue, whereas the data leakage of

representation or features is less common but more difficult to avoid. Publi-

cations in this section are also listed in Table. 3.2.

Jain et al. [34] proposed a 2D CNN (VGG-like) approach for AD, MCI and

CN classification. Using a relatively simple VGG-like 2D CNN, they reported

over 99% accuracy on a collection consisting of 50 subjects for each class from

the ADNI database. The extracted 2D slices from each MRI image are then

split into training and testing subsets for evaluation, risking that the slices of

the same subject could end up in both training and testing subsets (i.e. Data

Leakage A).
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Paper

Dataset

#Subjects

(#Scans)

Data Selection Preprocessing & Augmentation Classifier & Approach Modality
Accuracy (%)

AD vs CN

Aderghal et al. [2]

ADNI

AD 188

MCI 399

CN 228

Hippocampus

ROI (28x28x28),

3 slices from

each plane,

Subject-level

alignment,

intensity normalisation,

flips, blurring,

volume translations,

2D CNNs (one for each plane)

and majority voting
T1w sMRI 91.02

Aderghal et al. [3]

ADNI

AD 188

MCI 399

CN 228

Hippocampus

ROI (28x28x28),

3 slices from

each plane,

Subject-level

alignment,

intensity normalisation

2D CNNs (one for each plane),

Transfer and

Fine-Tuning for DTI

data, then feature fusion

of T1w sMRI and

Diffusion Tensor

Imaging

92.5

Bäckström et al. [8]

ADNI

AD 199

CN 141

3D MRI

(110x110x110),

Subject-level

Cortical Reconstruction,

Edge Trim, Resize,

Intensity Min-Max Normalisation

3D CNN T1w sMRI 98.37

Korolev et al. [40]

ADNI

AD 50

LMCI 43

EMCI 77

CN 61

3D MRI

(110x110x110),

Subject-level

alignment,

normalisation,

skull-stripping

3D VoxCNN &

3D ResNet
T1w sMRI

79 &

80

Li et al. [46]

ADNI

AD 199

CN 229

Multiscale 3D MRI,

Subject-level

linear registration,

intensity normalisation,

skull-stripping,

cerebellum-removal

Ensemble of 3D CNN and 3D ConvAE T1w sMRI 88.31

Li et al. [47]

ADNI

AD 199

MCI 403

CN 229

Multiple 3D patches

(32x32x32) from

each ROI,

Subject-level

linear registration,

intensity normalisation,

skull-stripping,

cerebellum-removal

K-means clustering of ROI patches

followed by the Ensemble of

Multi-cluster DenseCNN

T1w sMRI 89.5

Liu et al. [50]

ADNI

AD 93

MCI 204

NC 100

Multiple 3D ROIs

(50x41x40),

Subject-level

sMRI: skull-stripping,

intensity normalisation,

cerebellum removal,

affine registration

PET: registration to sMRI

Fusion of 3D CNNs (one for each ROI)

for sMRI and PET

T1w sMRI

and PET
93.26

Senanayake et al. [83]

ADNI

AD (161)

MCI (193)

CN (161)

3D MRI and 1D

neuropsychological

features,

Subject-level

Not Explained

Dilated 3D CNN, dense connections

and residual connections fusing

with neuropsychological features

T1w sMRI and

1D Feature Vector
76

Valliani and Soni [88]

ADNI

AD 188

MCI 243

CN 229

median axial 2D

slice of 3D MRI,

Subject-level

Not Explained
ImageNet ResNet (pretrained) plus

FullyConnected Layers (training)
T1w sMRI 81

Oh et al. [68]

ADNI

AD 198

pMCI 166

sMCI 101

CN 230

3D MRI,

Subject-level

realignment,

normalisation,

smoothing

3D ConvAE on AD and CN

reconstruction,

then transfer learning for

classification

T1w sMRI 86.6

Liu et al. [51]

ADNI

AD 97

MCI 233

CN 119

3D patch raw and

segmentation of

hippocampus,

Subject-level

resize,

affine registration,

intensity normalisation,

skull stripping,

cerebellum removal,

3D ResNet and 3D DenseNet

then concatenation for

classification

T1w sMRI 92.5

Basher et al. [10]

GARD

AD 80

CN 171

One 3D patch from

hippocampus,

Subject-level.

z-score normalisation
volumetric features transformation,

CNN classification
T1w sMRI 94.82

Venugopalan et al. [89]

ADNI

AD 266

MCI 104

CN 132

Clinical 2004

genetic 808

21 ROIs from

each sMRI,

EHR 1680 features,

SNPS 5 million

features.

For sMRI

registration, segmentation,

normalisation

For EHR and SNP:

discard features missing

more than 70 percent

3D CNN for sMRI (100 features),

Denoising AE for EHR (100 features),

Denoising AE for SNP (50 features),

Fusion of all features

for classification

T1w sMRI,

Electronic Health Records,

Single Nucleotide Polymorphisms

86

Ebrahimi et al. [23]

ADNI

AD 132

CN 132I

3D MRI volume

intensity normalisation,

registration,

tissue segmentation,

resize, scaling,

pixel translation

3D CNN ResNet-18 from pre-trained 2D

ImageNet transfer learning by

duplicating 2D weights for the

third dimension

T1w sMRI 96.88

Wu et al. [93]

OASIS Training

AD 100

CN 316

OASIS Testing

AD 100

CN 100

2D Slices of a

3D MRI volume

facial features,

smoothing,

correction,

normalisation,

registration

Pre-trained CNN (MobileNet) to

extract features, then train

autoencoder to reduce dimension

for classification

T1w sMRI 80.50

Table 3.1: Table of papers without data leakage. EMCI: early MCI, LMCI:

late MCI, pMCI: progressive MCI, sMCI: stable MCI.
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Unlike many other papers, Maqsood et al. [56] extracted subjects from

the OASIS-2 database based on CDR scores. They also divided the 3D MRI

into 2D slices that might have a data leakage issue (type A). There is no

explicit explanation for the slice extraction process, so it is very likely to have a

data leakage issue (type A). They used a pre-trained ImageNet-based transfer

learning approach resulting in 92.85% accuracy in a four-class classification

setting.

Mehmood et al. [59] also used the OASIS database, but they extracted

full-size 2D slices from each plane. Their preprocessing pipeline includes re-

sizing, linear contrast stretching, and intensity normalisation. They also used

augmentation techniques such as rotation, zoom, linear transformation and

channel shift. The authors chose a plain 2D CNN for the binary classifica-

tion task. Their evaluation shows 99.05% accuracy in the binary classification

task. They used two parallel VGG-like 2D CNNs followed by concatenation

to obtain better features of the 2D slices. However, their train-test-split is

not performed on the subject-level, thus it is almost certain to have a type A

leakage issue.

Later on, Mehmood et al. [60] proposed a transfer learning approach for the

AD classification task. From the ADNI database, they selected sMRI for grey

matter tissue segmentation. Then they extracted 2D slices of each plane from

the segmented voxels for learning. The authors utilised pre-trained VGG-like

2D CNN along with the layer freezing technique. Their evaluation showed

98.73% accuracy in the AD vs. CN task. However, their train-test-split is

performed on the slice level after the grey matter segmentation. It is highly

likely to have a data leakage that processed or augmented images of the same

subject are in both subsets (i.e. leakage type B).

Huang et al. [31] proposed a 3D CNN approach but they extracted 3D

hippocampus ROI from both sMRI and PET data. The ROI is selected after

MRI realignment, and resizing. The 3D ROI for PET modality is chosen as

the same location as sMRI images. Each modality data is used to train a
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model for feature concatenation followed by AD vs. CN classification. They

reported 90.10% accuracy using a weight-sharing strategy for the two models.

They also reported single modality-model results of 81.19% and 89.11% for

sMRI and PET, respectively. As a single subject might have multiple sMRI

images, there is a risk that the MRI image of the same subject could be in

both training and testing subsets (type A leakage).

Zhang et al. [95] also introduced a 3D CNN based approach for AD classifi-

cation that is similar to [31]. They selected subjects from the ADNI database

then the sMRI volumes are prepared for Skull-stripping, spatial normalisation,

background removal and resizing. From each 3D sMRI volume per subject,

64 overlapping 3D patches are extracted. As the authors did not provide

an explicit explanation of the train-test-slip process, it is possible that their

evaluation result (97.35% accuracy) is flawed by a data leakage (type A). Nev-

ertheless, they proposed a novel network architecture that incorporates an

attention mechanism along with dense connectivity between layers, as shown

in Fig.3.17.

Figure 3.17: An overview of the 3D CNN attention mechanism with dense

connectivity for AD classification. This figure is copied from [95].

Liu et al. [49] also used the OASIS database to evaluate their proposed

depth-wise separable convolution (DSC) network. They used 1× 1 kernels for

the convolution layers instead of 3 × 3 or larger kernels. The smaller kernels

greatly reduced the computational costs. They first trained a 2D CNN to ob-

tain 78.02% accuracy as a baseline, then they replaced the CNN layers with

DSC layers using significantly fewer parameters that showed similar perfor-



53

mance. However, they performed the train-test-split on the slice-level after

the MRI selection and augmentation. As no explanation was given for their

choice of only using the axial plane, it is almost certain that there is data

leakage of type B.

Kang et al. [35] utilised a generative adversarial network (GAN) as part of

their approach for the AD classification task. The authors selected subjects

from the ADNI database under the preprocessing pipeline of affine transfor-

mation, non-linear registration, bias field correction, and smoothing. Then a

2D CNN is trained using coronal plane slices to select the top 11 slices per sub-

ject with the highest classification. As shown in Fig.3.18, their approach uses

the selected slices to train the GAN part, then the discriminator parameters

are transferred into multiple independent 2D CNNs. Each CNN is fine-tuned

using a random subset of the 2D slices. The final prediction is obtained by ma-

jority voting over an ensemble of the CNN predictions. The authors reported

an accuracy value of 90.36% when classifying AD vs. CN. The utilisation of

GAN networks is the highlight of their approach, but the lack of clarification

of train-test-split raises the concern of type B data leakage in their evaluation.

Shanmugam et al. [84] explored the transfer learning approach for AD clas-

sification using pre-trained networks. They selected subjects from the ADNI

database and then applied linear contrast stretching and intensity normali-

sation. Their evaluation showed that the overall accuracy of the GoogleNet,

AlexNet and ResNet-18 in detecting AD is 96.39%, 94.08% and 97.51% re-

spectively. As the explanation of 2D slice selection is not clearly stated, it is

very likely to have a data leakage of type A.

Goenka and Tiwari [29] proposed a workflow for AD classification using

sMRI data on volume-level inputs, patch-level inputs and slice-level inputs. As

shown in Fig.3.19, the authors established a workflow to examine the classifi-

cation efficiency of the three inputs. For network inputs, the whole 3D volume

can be fed into the network or smaller 3D patches are selected from a vol-

ume as inputs, whereas the slice-level method takes 2D slices from each plane
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Figure 3.18: An overview of the approach using GAN for AD classification in

[35]. This figure is copied from [35].

of a volume. Their evaluation shows that the 3D volume-level approach was

the most efficient with a classification accuracy of 98.26%, followed by the 3D

patch-level approach (97.48%) and then the 2D slice-level approach(95.40%).

The authors selected subjects from the ADNI database, and they utilised mul-

tiple scans per subject. This leads to the potential data leakage that the scans

of one subject might be in both training and testing subsets for either of the

volume, patch or slice approaches.

Savaş [82] also attempted the transfer learning approach for AD classifica-

tion. From the ADNI database, the authors extract 2D slices from the sagittal

plane of T1w sMRI volumes. They established a comparison framework for

a variety of pre-trained models including ResNet, EfficientNet, AlexNet, Ima-

geNet, VGGNet, MobileNet, XceptionNet. Among them, the EfficientNetB0

reported the highest binary classification accuracy of 92.98%. While split-

ting the slices into training and testing subsets, each slice is organised as an
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Figure 3.19: An overview of the workflow for AD classification. This figure is

copied from [29].

independent data point, thus there is a risk of type A data leakage.

Orouskhani et al. [69] proposed an approach for AD classification using

Triplet Networks. Their idea is to employ a triplet loss function to calculate the

difference between various AD stage images. By minimising the loss, the triplet

networks can be trained as feature extractors for downstream classification. As

shown in Fig.3.20, three input images from different classes of AD are given

to the network with identical architecture and weights. Then, each network

generates the corresponding features for each input, followed by the calculation

of the distance between features. Using subjects from the OASIS database,

their approach achieved 99.41% accuracy in a multiclass classification task.

Despite the novelty of their approach, the authors did not clarify the slice

selection process and train-test-split process. Therefore, it is very like to have

a data leakage that the slices of the same subject could be in both subsets.

3.2 Brain Age Prediction

Along with the advancement of neuroimaging technologies, neuroimage-driven

brain age prediction has received increasing research attention due to its poten-

tial contribution to clinical practice. Study [25] shows that non-demented in-

dividuals with type II diabetes have a brain age 4.6 years greater than healthy

individuals. [66] found that individuals with schizophrenia show increased

brain age by 2.6 years.
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Paper

Dataset

#Subjects

(#Scans)

Data Selection & Leakage Preprocessing & Augmentation Classifier & Approach Modality
Accuracy

AD vs CN

Islam and Zhang [33]

OASIS

Total 416 Subjects

of CDR 0,0.5,1,2

2D Patch (112x112) from each plane,

(Suspected Leakage A)

Z-score normalisation,

3 crops of each plane

2D Dense Connectivity

CNNs (one CNN for each plane)

then majority voting

T1w sMRI
93

(multiclass)

Basaia et al. [9]

ADNI / Milan

AD 352 / AD 124

sMCI 294 / MCI 50

cMCI 253 / CN 55

CN 510

3D MRI, Subject-level

(Suspected Leakage A)

tissue segmentation,

registration,

affine transformation

3D CNN classification T1w sMRI 99.2

Jain et al. [34]

ADNI

AD 50

MCI 50

CN 50

32 most informative MRI slices

(256x256x256) based on entropy

(Leakage A)

motion correction, conform,

affine transformation,

intensity normalisation,

skull stripping

2D CNN (VGG-like) T1w sMRI 99

Maqsood et al. [56]

OASIS

CDR-0 167

CDR-0.5 87

CDR-1 105

CDR-2 23

2D Slices

(Leakage A)

intensity

normalisation
ImageNet-based transfer learning T1w sMRI

92.85

(multiclass)

Huang et al. [31]

ADNI

AD(1355)

CN(1506)

3D slices of hippocampus ROI

(Leakage A)

realignment, resize,

hippocampus ROI selection

3D CNN x 2 for both modalities

then feature concatenation

T1w sMRI,

PET
90.10

Mehmood et al. [59]

OASIS

CDR-0 167

CDR-0.5 87

CDR-1 105

CDR-2 23

2D slices

(Leakage B)

resize,linear contrast stretching,

intensity normalisation,

rotation, zoom, linear

transformation,

channel shift

Two parallel

VGG-like 2D CNNs

followed by feature

concatenation

T1w sMRI 99.05

Raju et al. [78]

ADNI

AD 132

MCI 181

NC 152

27 3D patches

(50x41x40) per subject,

Subject-level

(Suspected Leakage A)

resize, motion correction,

non-uniform intensity normalisation,

affine transformation,

intensity normalisation,

skull stripping.

One 3D CNN for each 3D patch

followed by feature concatenation

and SVM classification

T1w sMRI
97.77

(multiclass)

Mehmood et al. [60]

ADNI

AD 75

EMCI 70

LMCI 70

CN 85

2D Slices

(Leakage B)

tissue segmentation,

affine regularization,

spatial normalisation,

smoothing, resize

CNN with frozen layer training

then transfer learning
T1w sMRI 98.73

Zhang et al. [95]

ADNI

AD 280

cMCI 162

sMCI 251

CN 275

64 3D patches (96x120x96)

per subject

(Leakage B)

skull-strip, spatial normalisation,

background removal, resize

3D connection-wise attention

and densely connected convolution

neural network

T1w sMRI 97.35

Liu et al. [49]

OASIS

AD (90)

MCI (136)

CN (266)

2D slices

(Leakage B)

resize, intensity normalisation;

clipping, flipping,

increase contrast, rotate

2D CNN with

1 by 1 kernel
T1w sMRI 91.40

Kang et al. [35]

ADNI

AD 187

MCI 382

CN 229

2D Slices

(Leakage A)

affine transformation,

non-linear registration,

bias field correction,

smoothing

GAN Discriminator

transfer learning to

multiple classifiers

for a majority voting

ensemble

T1w sMRI 90.36

Shanmugam et al. [84]

ADNI

AD 277

LMCI 234

MCI 228

EMCI 264

CN 162

2D Slices

(Leakage A)

linear contrast stretching,

intensity normalisation

Transfer learning from

pre-trained networks

GoogLeNet,

ResNet-18,

and AlexNet

T1w sMRI

98.63

94.08

97.51

Goenka and Tiwari [29]

ADNI

AD 70

MCI 224

CN 475

3D MRI

3D patches

2D slices

(Leakage B)

Bias Field Correction,

Skull Stripping,

Rigid Registration,

Image Rotation

3D CNN for 3D volume,

3D CNN for 3D patches,

2D CNN for 2D slices

T1w sMRI

98.26

97.48

95.40

Savaş [82]

ADNI

AD 99

MCI 148

NC 135

2 middle slices

(Leakage A)
resize

2D CNN with transfer

learning from ResNet,

EfficientNet, AlexNet,

ImageNet, VGGNet,

MobileNet, XceptionNet.

T1w sMRI
92.98

(EfficientNetB0)

Orouskhani et al. [69]

OASIS

CDR-0 167

CDR-0.5 87

CDR-1 105

CDR-2 23

2D slices

(Leakage A)
Not Explained VGG16-based Triplet Loss Network T1w sMRI

99.41

(multiclass)

Table 3.2: Table of papers that might have data leakage. pMCI: progressive

MCI, cMCI: convert MCI, sMCI: stable MCI, ncMCI: non-convert MCI.
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Figure 3.20: An overview of the Triplet Network for AD classification. This

figure is copied from [69].

Researchers utilise this approach to introduce a reliable biomarker for neu-

rodegeneration diagnosis and monitoring in individuals with AD. The idea is

that an ”older-appearing” brain MRI indicates an accelerated brain ageing

process. [26] presented a brain age estimation framework with 81% accu-

racy in predicting the conversion of MCI to AD within 3 years of follow-up,

which outperformed methods based on two state-of-the-art biomarkers: hip-

pocampus volume and cerebrospinal fluid. [24] reported a five years mean gap

between the predicted age and chronological age of cognitively normal indi-

viduals, whereas the mean estimated age difference of AD individuals is ten

years. [72] reported mean absolute error (MAE) of 2.14 years in brain age

prediction and 99.5% accuracy in sex classification using a 3D CNN model

trained on the UKBiobank T1w MRI data (N = 14, 503). Despite using 3D

MRI images, their CNN model only has 3 million parameters, therefore the

computational complexity and memory cost are significantly reduced. [12]

first generated grey and white matter images using a nonlinear deformation

template based on 839 healthy individuals, then they trained support vector

regression models for 129 AD subjects to estimate the brain age. Although the

AD images show significantly higher estimated brain age than actual age, the

number of preprocessing steps required is significant, making their approach

inflexible and difficult to reproduce. These studies show that predicted brain
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age is correlated with neurodegenerative disease progression, therefore it can

be used as a valid feature for classification.

3.3 Self-supervised Approach for AD Classifi-

cation

The self-supervised approach achieved promising results in the literature for

natural image processing. Among the few attempts dedicated to the AD classi-

fication task, Dufumier et al. [20] proposed a cross-entropy-based loss function

for a self-supervised approach that maps subjects’ T1w sMRIs with a similar

age close to each other in a latent space. They applied the new loss function

to pre-train 3D DenseNet and 3D UNet as feature extractors on 10, 000 3D

sMRI volumes from 13 publicly available datasets. Their evaluation using a

subset from the ADNI dataset reported 96.58% and 96.84% AUC, respectively.

All the MRI data for pre-training and testing are preprocessed with non-linear

registration followed by grey matter segmentation. To the best knowledge of

this thesis, Dufumier et al. [20] involved the most extensive amount of real-

world sMRI data in the literature. Although the train-test-split is performed

on the subject-level without the concern of data leakage, this approach heavily

depends on the quality and accuracy of the grey matter segmentation.

Zhao et al. [96] proposed a self-supervised learning approach for AD classi-

fication using AutoEncoders. As shown in Fig.3.21 they embedded a dummy

unit vector τ in the network by applying a fully connected layer to it. This

made τ a global variable and independent of the input volumes. The au-

toencoder is pre-trained on a synthetic dataset with image pairs to learn the

development of the AD over time, in which the vector z is colinear with τ .

The preprocessing consisted of denoising, bias field correction, skull stripping,

affine registration to a template, re-scaling to a 64 × 64 × 64 volume, and

transforming image intensities within the brain mask to z-scores. Using the

longitudinal sMRI image pairs of subjects from the ADNI and the Alcohol
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dataset, a fine-tuning process improved the classification accuracy from 72.0%

62.9% to 84.1% 71.7%, respectively. The authors ensured that the image pairs

from the same subject belong to the same subset during evaluation. How-

ever, the authors did not provide much information regarding the synthetic

dataset, therefore the overlapping of the subjects between training and testing

is unknown.

Figure 3.21: An overview of the AutoEncoder-based self-supervised learning

approach for AD classification in [96]. The Orange blocks are the encoder and

the blue blocks are the decoder networks. This figure is copied from [96].

Ouyang et al. [70] proposed an autoencoder-based self-supervised approach

for AD classification. The novelty of their approach lies in utilising each sub-

ject’s longitudinal sMRI scans to train an autoencoder for feature extraction.

The autoencoder learns a latent space in which the neighbourhoods are age-

consistent (i.e. MRI volumes of different subjects but with similar brain ages

are close to each other) and progression-consistent (i.e. the latent space vector

of the MRI volumes pairs from the same subject captures the age develop-

ment). The authors linked the MRI volumes of each subject into ”pairs”

according to their chronological order. To augment the inputs, random shift

(within 4 pixels), rotation (within 2 degrees), and random flipping of brain

hemispheres are applied to each pair of MRIs. Their approach is very un-

likely to have a data leakage as their train-test-split and volume usage is on

the subject-level. The evaluation showed an 83.5% accuracy for AD vs. CN

classification.
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Figure 3.22: An overview of the AutoEncoder Network used in [70] for AD

classification. This figure is copied from [70].

3.4 Discussion

This section briefly discusses the choice of input shapes, the variety of pre-

processing methods and deep networks, and the data leakage issues in recent

publications on AD classification.

3.4.1 Input Shape

Many papers extracted 2D slices from 3D MRI volumes as inputs. It is an

instinctive choice as the convolutional networks showed promising performance

in natural images. However, slice-level inputs are more prone to data leakage

if the train-test-split is not performed on the subject level. Another issue

with slice-level inputs is that the spatial information in 3D MRI volumes is

not comprehensively utilised. Many studies treated the slices from the same

volume as independent images. Some studies extracted patch-level data (from

the volume) as inputs as a way of compensation. One advantage of this method

is increased training samples as the number of patches per volume can be quite

high.

To reduce the computational cost of large 3D CNN, some authors divided

the whole 3D volume into smaller 3D patches. The hippocampus region is the

most common location for single patch selection. While extracting multiple



61

patches, the number of patches and the option of overlapping are different

across papers. As shown in the previous section, selecting multiple patches

from a single volume has the same risk of data leakage as choosing multi-

ple slices. Nevertheless, patch-level methods can partially utilise the spatial

information within the volumetric data with reduced computational cost.

The improved computational power in more recent times has allowed direct

model training on 3D MRI volumes as opposed to 2D slices. As a result, the

number of papers using 3D volume as input is on the rise. However, one issue

with volume-level methods is that the total number of training samples is often

limited. Given the increased number of parameters to learn in 3D CNN, the

risk of model overfitting is significantly increased.

3.4.2 Preprocessing and Augmentation

In the literature, there is a wide range of preprocessing methods has been

employed. For example, resizing, registration/realignment, and intensity nor-

malisation are the most popular ones. Some papers used skull-stripping to

extract the brain tissue as a way to reduce noise. Some papers used third-

party software to generate brain grey matter tissue segmentation for learning.

The evaluation and performance of the downstream task heavily depend on

the choice of preprocessing methods.

In AD classification, the authors used augmentation techniques that are

similar to what has been used in natural image classification problems. For

example, geometric transformations such as random flip, crop, rotate, stretch,

and zoom images can be directly applied to 2D slices. For 3D volumes, random

crop and linear shift are more popular in the literature due to their simplicity

for the third dimension.

The choice of preprocessing pipeline and data augmentation techniques is

not consistent across the publications. The reason for the choice of prepro-

cessing and augmentation is often not clearly explained by the authors. This

makes the comparison of different approaches very difficult to reach a system-



62

atic conclusion.

3.4.3 Architecture and Learning

It is good to see the wide variety of deep network architectures in the literature.

From VGG-inspired networks to DenseNet, ResNet and GANs, the promising

architectures in the natural image domain have been adapted into AD clas-

sification. These models are often the go-to choice for slice-level approaches

due to their readiness. The availability of pre-trained weights also encouraged

the transfer learning approaches to utilise those well-studied models. Some

authors replaced the 2D convolutional layers with 3D ones for 3D volume-level

inputs. One can observe that the tremendous number of trainable parameters

of 3D convolution is limiting the usage of whole 3D volume as inputs.

In terms of learning schemes, most papers used a supervised learning ap-

proach for AD classification. However, given the number of trainable parame-

ters in their networks, the amount of data is far from ideal. Only a few papers

attempted the unsupervised approach, but the potential risk of data leakage

in their work increased the difficulty of a systematic comparison.

3.4.4 Summary

As mentioned above, a significant proportion of the studies in the literature

are suspected to have a data leakage issue. The approaches using slice-level

inputs are the most sensitive to data leakage as the slices of each subject are

mixed together before the train-test split. The patch-level approaches are can

be liable to leakage as well due to the wrong split. The volume-level approach

can be flawed as well if the multiple 3D MRI volumes extracted from the same

subject are mixed before splitting into train and test subsets.

Furthermore, it is difficult to compare studies using different datasets, the

different choices of subjects, and the lack of explanation about the preprocess-

ing pipeline and augmentation techniques. Due to the potential data leakage

issues, conducting a systematic comparison of various approaches is faced with
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unique challenges. In addition, the choice of neural architecture and the choice

of hyperparameters often lacks explanation. Moreover, the working code of im-

plementation is often not available, thus it is very difficult if not impossible to

reproduce the results.



Chapter 4

Feature Extractor Training

using Brain Age Prediction

Inspired by the success of natural image classification, many publications pro-

posed end-to-end convolutional neural networks (CNN) to classify the brain

MRI scans of AD subjects from CN subjects. To utilise 3D MRI data, slice-

level, patch-level and scan-level approaches are widely used. Slice-level and

patch-level approaches are computationally efficient, but scan-level methods

are able to take advantage of the 3D spatial information. The state-of-the-

art results are very promising, however, a significant proportion of the studies

performed a biased evaluation. Their data leakage issues will be shown in the

next section.

In the literature, the neuroimage-driven approach uses brain structural

variations and alternations to predict brain age [12]. A comparison of pre-

dicted age with true chronological age can be used to determine the brain

condition of subjects. Studies [17, 39, 25, 66, 26, 24] show that there is a

link between neurodegenerative disease progression and ageing. Utilising this

link, we present a deep learning-based brain age prediction approach as a pre-

text task for obtaining a robust feature extractor for AD vs CN classification

on T1-weighted (T1w) MRI scans. The following assumptions are made and

assessed:
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1. AD individuals suffer from accelerated brain ageing.

2. The appearance of the brain in MRI scans of AD subjects is significantly

older than CN subjects of the same chronological age.

3. CNN-based models trained to predict the age of CN-only MRI scans will

predict the age of AD MRI scans higher (older) than CN scans.

4. Trained models for CN age prediction can generate discriminable latent

representations from MRI for CN vs AD classification.

The motivation behind a pretext task is to leverage the available relative

information of the vast amount of unsegmented data to train discriminating

models. Each MRI scan has a timestamp in the OASIS database. The times-

tamp may be used as an accurate description of the chronological age of the

subject. Cost-efficiency is another consideration as this thesis has no resources

to annotate neuroimaging data with segmentation. This brain age prediction

pretext task is scalable to large datasets such as synthetic datasets.

Using the 3D T1-weighted MRI data of cognitive normal (CN) subjects

from the OASIS-3 dataset, lightweight 3D CNN-based models are trained to

predict brain age. The extracted features are then used in the binary clas-

sification of CN vs. AD patients from their brain MRI scans. To establish

a baseline, we used support vector machines and random forest classifiers as

base classifiers. Our results suggest that the 3D MRI-driven CNN brain age

prediction pretext task approach can learn AD-relevant features with high

discriminative power without a complicated pipeline of preprocessing or data

augmentation. Highlighting the novelty of the approach: the train-test-split

is carefully performed on the subject-level to avoid data leakage; the spatial

information of 3D volumetric data is fully utilised; the robustness is proven by

not using complicated data preprocessing and augmentation techniques.
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4.1 Subject Selection

The proposed method was evaluated on T1w MRI scans from the public

dataset OASIS-3 [42]. OASIS-3 is a collection of 2, 168 T1w MRI sessions

for 609 cognitively normal adults and 489 individuals at various stages of cog-

nitive decline ranging in age from 42-95 years. To eliminate the bias of younger

CN subjects, we selected only CN subjects older than 59 years to match the

youngest subject in the AD group. In the OASIS-3 dataset, most MRI sessions

are in T1w format, thus we chose to download T1w scans. Each subject has

multiple MRI sessions and each session might have multiple MRI scans. We

used the entry timestamp of each MRI scan as the brain’s chronological age.

To evaluate the cognitive change of subjects, the Clinical Dementia Rating

(CDR) [18] was proposed in 1993, and then globally used due to its diagnostic

accuracy and reliability. The CDR system quantifies dementia severity from

very mild (CDR 0.5) to mild (CDR 1), moderate (CDR 2), and severe (CDR

3). Research [37] found that CDR scores can provide very useful information

to evaluate mild cognitive impairment (MCI) to AD progression in individuals

in clinical practice. We have organised the subjects according to their CDR

scores of the first and last clinical assessments. The final number of AD and

CN subjects selected is shown in Table. 4.1

By convention, Nibabel [14] axes are always in RAS+ orientation (from

left towards right, from posterior towards anterior and from inferior towards

superior) as shown in Fig. 1.2. However, the 3D scans in the OASIS-3 dataset

have various orientations due to different scanners and acquisition protocols.

To establish a uniform baseline, this study only included scans that are RAS+

oriented. Scans with less than 128 slices on any plane are excluded.

4.2 Preprocessing

The whole brain scan size of 178×256×256 voxels is not GPU memory-efficient

due to a large number of black voxels on the scan border. Therefore, resizing all
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Table 4.1: Characteristics of the Subjects

CDR Score thresholds # of Subjects

CN first = 0, last = 0 513

AD first < 1, last > 1 97

3D MRI scans to 192×192×192 voxels is a logical choice since it still maintains

all brain tissue voxels without consuming extensive GPU memory. Preliminary

results show that smaller scan sizes (e.g. 156× 156× 156 and 128× 128× 128)

significantly accelerate the training, however, they cannot yield good results.

The possible reason could be that the subtle yet informative structural brain

changes caused by AD are lost during drastic downsampling and the resizing

operation might produce artefacts in the image.

As previously shown [90], preprocessing has a significant impact on the

performance of brain age estimation and AD classification. Therefore, for

establishing a baseline, this study only employed minimum steps of prepro-

cessing. Sequentially, each MRI scan undertakes a pipeline (shown in Fig. 4.1)

of:

1. Resizing: To utilise the 3D scans that have different shapes, and also to

remove the excessive background image volume outside the brain tissue,

all of them are resampled to a pre-selected shape 192× 192× 192.

2. Max-Min Intensity Normalisation: To eliminate the inconsistency of 3D

scan voxel intensities, e.g. under or overexposure, the range of intensities

is normalised by Inorm = I−Imin

Imax−Imin
.

3. Contrast Limited Adaptive Histogram Equalisation (CLAHE) [75]: To

enhance the contrast between different brain tissue types, adaptive his-

togram equalisation is performed on each 3D scan. The contrast-limited

variation is chosen to reduce the overamplification of noise.

Although many studies reported that data augmentation techniques signif-
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Figure 4.1: Visualisation of each preprocessing step. Row (a) shows the raw

image (176×256×256 voxels) of a 3D MRI scan, whereas Row (b) presents the

resized images (192× 192× 192 voxels). Row (c) shows the max-min intensity

normalised image followed by row (d) of images that are processed by contrast

limited adaptive histogram equalisation [75].
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icantly impact classification performance, they often did not state a thorough

explanation to support their selection of techniques. This study did not apply

any image augmentation techniques after preprocessing to establish a baseline

for our proposed approach.

4.3 Method

Our proposed approach is independent of neuroimaging modalities and since

T1w sMRI is widely used for AD diagnosis, we thus use 3D T1w MRI scans

to estimate brain age. Due to the computational cost of 3D CNN, we de-

veloped a lightweight 3D CNN model based on [72]. Our model consists of

3 million learnable parameters, which is more compatible with small dataset

sizes and 3D volume data. For comparison, the 3D ResNet-18 has 33.2 million

parameters in [22].

Our proposed model consists of seven 3D convolution blocks. Each one of

the first 5 blocks has one Convolutional layer, one BatchNorm layer, one Max-

Pool and one ReLU layer. Followed by a sixth block without the MaxPooling

layer. Then the seventh block of single AvgPool layer, Dropout layer, Con-

volutional layer, Flatten layer and Linear layer. The final linear layer regress

these feature maps to an age prediction. The detail of the proposed of brain

age estimation scheme is shown in Fig. 4.2a. After the regression training, the

fully connected layer is removed, and then the feature extractor portion of the

3D CNN model is used to generate representations for the scans. The detail

of the proposed feature extractor is shown in Fig. 4.2b.

4.4 Experiment Settings

As shown in Fig. 4.3, firstly we train the pretext regression task to minimise

the error between the chronological age and estimated brain age on the CN

subjects only. We performed 10 runs of regression model training using differ-

ent random seeds for subject-level train-test-split only on the CN subjects. In
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(a) Brain Age Estimation

(b) Brain MRI scan to Representation

Figure 4.2: Overview of the proposed pretext brain age prediction task us-

ing 3D convolutional neural networks for Alzheimer’s Disease detection. (a)

Transforms input 3D MRI scan into a numerical prediction, (b) Generate rep-

resentations from input scans. Note that the term ch×dim∧3 in the “arrows”

denotes the shape of intermediate data between convolutional layers. The “ch”

denotes the number of channels, whereas “dim∧3” indicates the size of data.

All the ConvBlocks are configured to perform 3× 3× 3 convolution except the

6th block which has a 1× 1× 1 kernel for downsampling purposes.

Figure 4.3: Overview of the experimental settings for the brain age-based

approach. This figure represents one out of ten runs where each run uses

a different random seed for train-test-split. The “#” shows the number of

subjects, e.g. CN Subjects Model Training set has 416 subjects for the pretext

regression task of feature extractor training. Note that only 97 AD subjects

meet the CDR-based selection criteria, so we decided to split the same number

of CN subjects into the test set for balance purposes.
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each run, we execute 10-fold cross-validation on the CN-only training set. The

mean absolute error (MAE) was used as the loss function and the CNN was

optimised using Adamw [54] with learning rate = 0.0001 and decay = 0.01,

which are chosen based on preliminary experiments. A checkpointing strat-

egy was employed to alleviate overfitting. Specifically, if the validation error

does not improve in the current epoch, the checkpoint of saved weights with

the lowest validation error will not be updated. The brain age estimation is

trained for 100 epochs since we found that our checkpointing strategy normally

stops between 40 − 80 epochs. In each run, we selected the best model with

the lowest validation error among the 10 folds.

Subsequently, we conducted experiments to evaluate the proposed feature

extractor on scan-level classification performance of AD vs CN subjects using

both the best model per run and an ensemble of all models per run. We split

the unseen CN holdout set and AD set on subject-level to avoid data leakage.

Then the scans of each subject are transformed into latent representations.

Followed by 10-fold cross-validation and empirical grid search for hyperpa-

rameters while using support vector machines (SVM) and random forester

classifier (RFC). To avoid potential type A data leakage, a subject ID grouped

split is performed during the cross-validation.

4.5 Results

4.5.1 Brain Age Prediction

The train and validation MAE loss of the best-selected model of each run is

shown in Fig. 4.4. Averaging 10 runs, the selected best models have a training

MAE loss of 1.6± 0.2 years and a validation MAE loss of 3.3± 0.4 years. We

can observe that the training loss steadily improves, whereas the validation

loss has more variation. A possible reason for this behaviour is that the size

of the validation set is relatively small compared to the training set.

Then we use the selected best models to predict the brain age of unseen CN
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and AD MRI scans. At this point, we split the unseen CN subjects and AD

subjects on subject-level, resulting in the train set and test set, as depicted in

Fig. 4.3. We can observe that the predicted ages of AD scans are higher than

their true ages, whereas the CN scans have a relatively smaller age difference,

as shown in Fig. 4.4.

4.5.2 AD vs CN Classification

The classification performance of the ten-run extracted features is shown in

Table. 4.2. Each method is repeated for all of the ten runs using SVM and RFC

and the final results are averaged. The “Best Model” denotes the classification

results using representations generated by the feature extractor with the lowest

MAE loss per run, Whereas “All Models” is a majority voting ensemble using

all models per run.

As we can see from Table. 4.2, the overall performance achieved by ma-

jority voting of all models is significantly better than using the best model

per run. For example, the majority voting RFC ensemble using all models of

ten runs achieved 0.847 ± 0.08 ACC and 0.822 ± 0.08 AUC, meanwhile, the

majority voting SVM ensemble performed almost the same. The ensembles

outperformed their single-model counterpart by roughly 10%.

Our approach achieved the same level of performance compared to three

state-of-the-art scan-level data leakage-free approaches [40, 46, 8] for AD/CN

classification using the same neuroimaging modality without any data aug-

mentation or complicated pipeline of preprocessing.

The ADNI dataset is also employed to test the proposed pretext task. As

shown in 4.3, the classification performance is not as good as for the OASIS

counterpart. One reason could be that the number of subjects (CN: 107, AD:

93) selected from the ADNI datasets is significantly less than in the OASIS

experiments, thus the age prediction task cannot train representative feature

extractors. The RFC using all models achieved the highest classification ACC,

SPE and AUC, a similar trend to the OASIS dataset’s results. However, the
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Run 1 Run 2

Run 3 Run 4

Run 3 Run 4

Run 5 Run 6

Run 9 Run 10

Figure 4.4: Scatter plots of predicted age vs true age of test set CN and AD

MRI scans using the selected best model per run. The x-axis is the true age,

whereas the y-axis shows the predicted age (both been divided by 100).
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OASIS

Classification

AD vs. CN

ACC SEN SPE AUC

SVM (Best Model) 0.752± 0.06 0.622± 0.07 0.834± 0.10 0.728± 0.06

SVM (All Models) 0.842± 0.08 0.733± 0.12 0.908± 0.06 0.821± 0.08

RFC (Best Model) 0.745± 0.07 0.584± 0.14 0.844± 0.05 0.714± 0.07

RFC (All Models) 0.847± 0.08 0.711± 0.12 0.934± 0.05 0.822± 0.08

Table 4.2: OASIS classification performance of using age prediction as a pre-

text to train feature extractors.

classification performance values of the ADNI dataset are considerably lower

than the OASIS dataset.

ADNI

Classification

AD vs. CN

ACC SEN SPE AUC

SVM (Best Model) 0.541± 0.078 0.283± 0.246 0.668± 0.219 0.475± 0.065

SVM (All Models) 0.564± 0.077 0.168± 0.197 0.767± 0.185 0.468± 0.047

RFC (Best Model) 0.559± 0.084 0.195± 0.217 0.745± 0.177 0.470± 0.090

RFC (All Models) 0.572± 0.124 0.145± 0.209 0.785± 0.218 0.489± 0.060

Table 4.3: ADNI classification performance of using age prediction as a pretext

to train feature extractors.

The baseline experiments using OASIS and ADNI data and the base model

are shown in 4.4. The idea is to briefly explore the performance of an end-to-

end classification approach without pretext tasks. The base model is composed

of the convolution layers in the age prediction model with an added classifi-

cation output final layer. The train-test-split is on the subject level thus the

imbalance of subject numbers. The binary cross entropy loss function is chosen

to train the model for 100 epochs. The results are the average and standard

deviation of the 10-fold cross-validation on both OASIS and ADNI data.

As shown in the baseline table, both results indicate that the trained model

is only predicting the majority class 0 (CN). The accuracy is as high as the

proportion of class 0, however, the precision and recall are also 0 for class 1

(AD). The extreme class imbalance might be the reason for the OASIS dataset.
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In contrast, classes 0 and 1 are closely represented in the ADNI dataset, the

classification results are still biased towards class 0. This poor performance

indicates that the baseline approach is not efficient for the AD classification

task.

Baseline

AD vs. CN
Classes precision recall f1-score accuracy

OASIS3
0 (300+)

1 (30+)

0.933± 0.012

0.0

1.0

0.0

0.964± 0.006

0.0
0.933± 0.012

ADNI
0 (50+)

1 (30+)

0.643± 0.082

0.0

1.0

0.0

0.767± 0.072

0.0
0.644± 0.082

Table 4.4: The baseline classification performance using the base model of the

brain age prediction model.

4.6 Discussion

4.6.1 Comparison with Other Methods

Instead of classifying directly using 3D MRI scans, we proposed a novel 3D

CNN-based pretext brain age prediction task to train the feature extractor for

AD detection. The experimental results clearly and convincingly show that the

trained feature extractors can generate higher-level discriminative features to

achieve comparable classification performance with methods in the literature.

The proposed approach has the following advantages:

• The subject-level train-test-split fundamentally eliminates the risk of

data leakage.

• Our 3D CNN architecture can fully utilise the spatial information of 3D

MRI scans, which completely eliminates the need for hyperparameter

tuning for the number of slices and the number or the location of patches.
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• Our approach explicitly incorporates the subject’s meta-information age

into the model learning process, which brings more prior knowledge into

the feature extractor.

• Our approach can achieve comparable performance in the absence of

complicated preprocessing techniques such as scan registration and scan

skull-stripping, therefore greatly reducing the overall complexity.

• Unlike other studies that rely heavily on data augmentation techniques

for performance, the classification results demonstrated the robustness

of our approach.

4.6.2 Computational Cost

We implemented our proposed approach in Python 3.7 using PyTorch 1.10

version on CUDA 11.3 runtime environment. The mini-batch size is set to 18

so that the mini-batch can be distributed on 3 NVIDIA A100 GPUs. Due

to the nature of 3D MRI scans, the computation is significantly higher than

2D images. The average runtime for a single 3D MRI scan to undertake the

significant procedures are as follows:

1. Resizing: 2.73 seconds.

2. Max-Min Intensity Normalisation: 0.36 seconds.

3. CLAHE: 1.37 seconds.

4. 3D CNN Brain Age Estimation (batch size 1 for 1 epoch): 0.174 seconds.

5. 3D MRI scan to representation: 0.046 seconds.

4.6.3 Limitations and Future Work

There are still some limitations to the proposed approach. Firstly, the archi-

tecture of the employed 3D CNN model, such as the number and types of

convolutional layers, may not be the optimal choice. Secondly, it is not easy
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to visualise the extracted features for interpretation of relevant brain changes

in clinical practice, and how to visualise these features is an open research

question. Thirdly, this study only utilised the T1w MRI scans in the OASIS-3

dataset, which might have limited the learning ability of our proposed ap-

proach.

Formulating brain age as a prediction target is inspired by the related

work in the medical domain. The main benefit is to utilise the vast amount of

unsegmented data to train feature extractors for AD classification. Compared

to the direct disease label prediction task, this pretext task is relatively easy to

train. This pretext task may open the possibility of adapting other regression

models as feature extractors. The features learned during pretext learning may

also be transferred and fine-tuned for other brain disease classification tasks,

leading to future research potential.

In future work, it is interesting to conduct experiments to assess the ef-

fectiveness of 3D MRI augmentation techniques for this approach. Also, the

more difficult task of MCI vs CN classification needs to be investigated in the

future. Given the available scan modalities (e.g. T2w, PET) and demographic

information (e.g. gender, education) in the OASIS-3 dataset, it is interesting

to study how to integrate them into our approach. To explore the potential

of synthetic neuroimaging data, the next chapter re-uses part of the brain

age-based self-supervised pretext task to train feature extractors.



Chapter 5

Representation Learning using

Brain Age Prediction

The previous chapter investigated the performance of using brain age predic-

tion as a pretext task on real-world data to train feature extractors for AD

classification in a self-supervised setting. In this chapter, the primary motiva-

tion is to explore the idea of using synthetic neuroimaging data in the pretext

task for the same feature extractor training. This chapter first trains the fea-

ture extractor for brain age prediction using the LDM100K synthetic dataset.

Then the discriminative performance of the learnt features is evaluated on the

real-world OASIS-3 and ADNI datasets, respectively.

5.1 Subject Selection

Contrary to the previous chapter, here we utilise synthetic data from the LDM-

100k dataset to train the AutoEncoder. For testing, we selected AD and CN

subjects from the OASIS-3 dataset. The overview of the experimental settings

for this chapter approach is depicted in Fig.5.1.
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Figure 5.1: Overview of the experimental settings for the brain age-based

approach. The “#” shows the number of subjects and scans, e.g. there are

605 CN Subjects with 1,978 scans from the OASIS-3 dataset.

5.1.1 Training Data

As shown in Fig.5.1, the training data is selected from the LMD100K dataset.

It is a large dataset recently created by [74]. The authors utilised the latent

diffusion models to generate synthetic images from high-resolution 3D brain

images. The models are trained to learn about the probabilistic distribution

of brain images while conditioned on covariables, such as age, sex, and brain

structure volumes.

Given the quantity of data points in LDM100k, it can be used to train large

and complex models. However, the high-resolution 3D images are computa-

tionally expensive. The previous chapter used a 10-fold cross-validation setup

to obtain multiple models. Due to hardware limitations, the training process

was reduced to 1-fold for this data.

5.1.2 Testing Data

As shown in Fig.5.1, the testing data are chosen from the OASIS-3 dataset and

ADNI dataset. The subject IDs are inconsistent in these two datasets, and

there is no documentation regarding the generation of the subject IDs. There-

fore, evaluation is performed independently on both datasets to eliminate the

change of data leakage. The number of subjects used for testing is signifi-
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cantly increased compared to the previous chapter due to the involvement of

the LDM100k dataset for training.

For the OASIS dataset, the CDR-based subject selection is refined for

this chapter and the following ones. More specifically, each sMRI scan has a

timestamp, as well as each CDR assessment. The problem is that they are

performed on different dates. We associated each sMRI scan with a CDR

score that is closest to the date of the scan. A subject is selected based on

the highest CDR score. Then the lower-scored sMRI scans are discarded for

a better representation of the real-world situation. For example, a subject is

added to the AD group if their CDR score is 2 or 3. The subjects with CDR

0.5 and 1 are also included in the AD group to counter the data imbalance

issue. Therefore, the CN group only consist of subjects with CDR 0. In total,

there are 605 CN subjects and 493 AD subjects, yielding 1978 and 908 sMRI

images, respectively.

From the ADNI database, CN and AD subjects are selected based on the

labels given by the ADNI database host. For comparison purposes, the sMRI

data are chosen from their screening visit. This is a popular selection criterion

in the literature as the screening visit includes more amount of sMRI data per

subject than any of the follow-up visits. In total, there are 107 CN subjects

and 93 AD subjects, yielding 616 and 322 sMRI images, respectively.

A subject-level train-test-split is carried out during the evaluation for both

OASIS-3 and ADNI datasets to address the data leakage issue. However, as

there might be more than one sMRI scan per subject, a data leakage type A

might occur during the 10-fold cross-validation. For example, the sMRI images

of one subject could be split into both the training set and the validation set.

To avoid that, a subject ID grouped split is configured for the cross-validation

process.
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5.2 Preprocessing

As in the previous chapter, the input sMRI images are resized, normalised and

contrast equalised for the consistency of experiments. More specifically, the

images are processed through the same pipeline of:

1. Resizing: To utilise the 3D scans that have different shapes, and also to

remove the excessive background image volume outside the brain tissue,

all of them are resampled to a pre-selected shape 200× 200× 200.

2. Max-Min Intensity Normalisation: To eliminate the inconsistency of 3D

scan voxel intensities, e.g. under or overexposure, the range of intensities

is normalised by Inorm = I−Imin

Imax−Imin
.

3. Contrast Limited Adaptive Histogram Equalisation (CLAHE) [75]: To

enhance the contrast between different brain tissue types, adaptive his-

togram equalisation is performed on each 3D scan. The contrast-limited

variation is chosen to reduce the overamplification of noise.

5.3 Method

5.3.1 Brain Age Prediction

For comparison purposes, we reused the same model (see Fig.4.2) architecture

as in the previous chapter. The main difference is the utilisation of the syn-

thetic LDM100K dataset. Due to the computational hardware limitation, the

significantly increased cost led to the change of training strategy and hyper-

parameters. The model is only trained in a 1-fold setting for 50 epochs. The

learning rate decays by a factor of 0.5 after every 20 epochs. The size of each

mini-batch is set to 15 to fit in the GPU memory. The hyperparameter for

training is shown in Table. 5.1.

Based on our preliminary experiments on various data augmentation tech-

niques, random cropping (RandCrop) showed the best improvement in the
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classifications. Therefore, we employed random cropping on the fly during

training. To maintain comparability to the previous chapter, the 200×200×200

3D volumes are cropped to be the shape of 192× 192× 192.

Hyperparameter Value

BatchSize 15

Epochs 50

LearningRate 0.001

LearningRate Step 20

LearningRate Gamma 0.5

Table 5.1: The hyperparameter setting for the brain age prediction training

process. The learning rate step and gamma are configured to reduce the learn-

ing rate every 20 epochs at a rate of 0.5.

5.3.2 Brain Representation Generation

Once the brain age prediction model has been trained for 50 epochs, the fea-

ture extractor generates latent space representations of the test data. The

latent space representation is a compressed version of the original data, they

also contain the most important features of the data, so it can be used for

classification. As shown in Fig.5.1, the real-world train and test subjects are

selected from the OASIS-3 and ADNI dataset for evaluation.

5.4 Results

As shown in Table. 5.2, the overall classification performance on the OASIS-3

dataset is worse than in the previous chapter. The best ACC (73.9%), SPE

(93.3%), AUC (0.627) and J stat (0.253) can be found by using the Support

Vector Classifier (SVC) on features with RandCrop augmentation. The Ran-

dom Forester Classifier(RFC) classifier results in a slightly higher SEN on

features without RandCrop. One can see that the RFC results are relatively
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similar with or without the RandCrop augmentation, while the SVC on the

age without augmentation shows the lowest across the metrics.

The classification results on the ADNI dataset show lower performance than

the OASIS-3 dataset. As shown in Table. 5.3, the ACC results are similar to

each other across the rows. The best SEN, SPE, AUC and J stat can be found

in the row of Age with RandCrop. Three rows are showing 0.0 of SEN with

1.0 of SPE. The AUC values of each row are very close to 0.5. Both SVC and

RFC resulted in 0.0 J stat on feature from Age without RandCrop training.

The augmentation technique improved the AUC and J stat by an insignificant

margin.

LDM100K Training OASIS Testing

SVC ACC SEN SPE AUC J stat

Age
0.707

+/-0.050

0.278

+/-0.086

0.912

+/-0.044

0.595

+/-0.036

0.190

+/-0.071

Age

RandCrop

0.739

+/-0.037

0.320

+/-0.052

0.933

+/-0.025

0.627

+/-0.032

0.253

+/-0.064

RFC ACC SEN SPE AUC J stat

Age
0.724

+/-0.044

0.321

+/-0.056

0.919

+/-0.044

0.620

+/-0.026

0.239

+/-0.051

Age

Randcrop

0.728

+/-0.052

0.304

+/-0.066

0.925

+/-0.021

0.614

+/-0.035

0.228

+/-0.071

Table 5.2: The classification performance using the feature extractor trained

on the LDM100K dataset via the brain age prediction approach tested on the

OASIS-3 dataset.
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LDM100K Training ADNI Testing

SVC ACC SEN SPE AUC J stat

Age
0.653

+/-0.063

0.000

+/-0.000

1.000

+/-0.000

0.500

+/-0.000

0.000

+/-0.000

Age

RandCrop

0.643

+/-0.091

0.175

+/-0.285

0.865

+/-0.290

0.520

+/-0.033

0.040

+/-0.067

RFC ACC SEN SPE AUC J stat

Age
0.653

+/-0.063

0.000

+/-0.000

1.000

+/-0.000

0.500

+/-0.000

0.000

+/-0.000

Age

RandCrop

0.635

+/-0.077

0.009

+/-0.020

0.966

+/-0.037

0.488

+/-0.021

-0.025

+/-0.041

Table 5.3: The classification performance using the feature extractor trained

on the LDM100K dataset via the brain age prediction approach tested on the

ADNI dataset.

5.5 Discussion

5.5.1 Comparison with Other Methods

This chapter trains the feature extractors using a large amount of synthetic

neuroimaging data. Using the same base model along with brain chronological

age made the results meaningfully comparable with the previous approach.

The experimental results demonstrate that the trained feature extractors were

able to generate discriminative features. As shown in the previous section, the

obtained features are not as good as in the previous chapter, but not far behind.

The low sensitivity demonstrates a high number of false positives, whereas the

high specificity points to the number of false negatives is low. The J stat is not

much greater than 0 which indicates that the discriminative features need some

improvement. One reason could be that the previous chapter trained the model

on real-world data and tested the model within the same dataset. Overall the

classification performance on the OASIS-3 dataset is more promising than the
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ADNI dataset. This chapter contributes the following points:

• The subject-level train-test-split fundamentally eliminates the risk of

data leakage.

• The 3D CNN architecture can fully utilise the spatial information of 3D

MRI scans, which entirely removes the hyperparameter tuning for the

number of slices and the number or the location of patches. This sim-

plification significantly saves the computational cost when the training

data is at a large scale.

• It shows the potential of utilising the vast amount of synthetic neu-

roimaging data in the medical domain.

• The experiment results indicate that random cropping is a promising

augmentation technique for the brain age prediction pretext task.

5.5.2 Computational Cost

The computational cost in this chapter has been significantly increased due

to the use of the LDM100K dataset. Same as in the previous chapter, the

approach is implemented in Python 3.7 using PyTorch 1.10 version on CUDA

11.3 runtime environment. The mini-batch size is set to 15 so that the mini-

batch can be distributed on 4 NVIDIA A100 GPUs. The overall training time

for 50 epochs on the LMD100K dataset is approximately 39.0 hours. Due to

the time limitation, this chapter did not conduct a 10-fold cross-validation for

ensemble classification.

5.5.3 Limitations and Future Work

This chapter builds on previous work by exploring the use of synthetic neu-

roimaging data to train feature extractors for real-world AD classification

tasks. Inherently, the architecture of the 3D model is limited by the avail-

able computational hardware. The interpretability of the learnt features has
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been further complicated as the feature extractors are trained on synthetic

data. The large amount of synthetic data significantly increases the training

cost. Also, the significant increase in computational cost made training mul-

tiple feature extractors as part of an ensemble infeasible. To further explore

the potential of synthetic neuroimaging data, the next chapter investigates an

AutoEncoder-based self-supervised pretext task for feature extractor training.



Chapter 6

Representation Learning using

Brain Image Reconstruction

The previous chapter investigated the performance of using brain age predic-

tion as a pretext task to train feature extractors for AD classification in a

self-supervised setting. In this chapter, the primary motivation is to explore

the idea of using an AutoEncoder as a self-supervised pretext task for feature

extractor training.

AutoEncoders are widely used as a self-supervised method to extract in-

formation from unlabelled data. The idea is to transform the input data into

a latent space representation followed by reconstruction as output. A CNN-

based AutoEncoder typically utilises convolution layers in the encoder as CNN

classifiers, whereas the decoder consists of deconvolution layers. The generality

of the representation is learned by minimising the error between the original

input and the reconstructed input. Then encoder component is utilised as a

feature extractor for the downstream task. This chapter contributes towards

the exploration of using AutoEncoders to learn representation for Alzheimer’s

Disease classification in the context of self-supervised training.
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6.1 Subject Selection

As shown in Fig.6.1, the training subjects selection is identical to the previous

chapter for ease of comparison between different approaches. The training

data is the full LMD100K synthetic dataset while the testing data are chosen

from the OASIS-3 and ADNI dataset, respectively. Again, the selection of

testing subjects follows the same protocol as the previous chapter to eliminate

any chance of data leakage. The train-test-split during the feature generation

process is on the subject level as well as the classifier cross-validation during

testing.

As shown in Fig.6.1, the training and testing subjects selection is identical

to the previous chapter for ease of comparison between different approaches.

For testing, we evaluated the feature extractors using subjects from the OASIS-

3 dataset and ADNI dataset independently.

Figure 6.1: Overview of the experimental settings for the AutoEncoder-based

approach. The “#” shows the number of subjects and scans, e.g. there are

605 CN Subjects with 1,978 scans from the OASIS-3 dataset.

6.2 Preprocessing

As in the previous chapter, the input sMRI images are resized, normalised and

contrast equalised for the consistency of experiments. More specifically, the

images are processed through the same pipeline as in the previous chapter:
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1. Resizing: To utilise the 3D scans that have different shapes, and also to

remove the excessive background image volume outside the brain tissue,

all of them are resampled to a pre-selected shape 200× 200× 200.

2. Max-Min Intensity Normalisation: To eliminate the inconsistency of 3D

scan voxel intensities, e.g. under or overexposure, the range of intensities

is normalised by Inorm = I−Imin

Imax−Imin
.

3. Contrast Limited Adaptive Histogram Equalisation (CLAHE) [75]: To

enhance the contrast between different brain tissue types, adaptive his-

togram equalisation is performed on each 3D scan. The contrast-limited

variation is chosen to reduce the overamplification of noise.

6.3 Method

6.3.1 Brain sMRI Reconstruction

As this reconstruction approach is independent of neuroimaging modalities

and since T1w sMRI is widely used for AD diagnosis, we thus use 3D T1w

MRI scans for AutoEncoder reconstruction. For comparison purposes, we used

the same lightweight model with a 3 million parameter from the age prediction

model as the encoder. Then we develop its deconvolution counterpart as the

decoder, which consists of 3.2 million learnable parameters.

The encoder network consists of seven 3D convolution blocks. Each one

of the first 5 blocks has one Convolutional layer, one BatchNorm layer, one

MaxPool and one ReLU layer. The sixth block has no MaxPooling layer

while the seventh block consists of a single AvgPool layer, a Dropout layer,

a Convolutional layer, and a Flatten layer. The flattened representations are

then fed into the decoder. Th detail of the proposed brain sMRI reconstruction

sche is shown in Fig. 6.2a. After the reconstruction training, the decoder

is removed, and then the encoder is used as a feature extractor to generate

representations for testing. The detail of the proposed feature extractor is
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shown in Fig. 6.2b.

The hyperparameter for training is shown in Table.6.2b. Due to the in-

creased complexity of the AutoEncoder model, the size of the mini-batch is

decreased to 12 to fit in the GPU memory. For the same reason, the training

process was reduced to 1-fold and 50 epochs.

Hyperparameter Value

BatchSize 12

Epochs 50

LearningRate 0.001

LearningRate Step 20

LearningRate Gamma 0.5

Table 6.1: The hyperparameter setting for the AutoEncoder training process.

The learning rate step and gamma are configured to reduce the learning rate

every 20 epochs at a rate of 0.5.

6.3.2 Brain Representation Generation

Once the AutoEncoder training is finished after 50 epochs, the encoder net-

work is used to generate latent space representations of the test data. The

latent space representation is a compressed version of the original data, they

also contain the most important features of the data, so it can be used for

classification. As shown in Fig.6.1, the real-world train and test subjects are

selected from the OASIS-3 and ADNI dataset for evaluation.

6.4 Results

Using the metrics described in Table. 2.2, the evaluation results of the AutoEncoder-

based feature extractor training method are shown in Table. 6.2. On the

OASIS-3 dataset, the SVC outperformed the RFC on almost all metrics. The

RandCrop helped SVC achieve the highest ACC of 73.8% with less standard
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(a) Brain MRI Reconstruction

(b) Brain MRI to Representation

Figure 6.2: Overview of the proposed pretext brain image reconstruction task

using 3D convolutional neural networks for Alzheimer’s Disease detection. (a)

compress the input 3D MRI scan into a latent representation, followed by a

reconstruction, (b) Generate representations from input scans. Note that the

term ch × dim∧3 in the “arrows” denotes the shape of intermediate data be-

tween convolutional layers. The “ch” denotes the number of channels, whereas

“dim∧3” indicates the size of data. All the ConvBlocks are configured to per-

form 3 × 3 × 3 convolution except the 6th block which has a 1 × 1 × 1 kernel

for downsampling purposes.
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deviation than other combinations of techniques. The same trend can be ob-

served in SEN, AUC and J stat while the SPE is slightly behind the RFC with

RandCrop.

Unfortunately, both SVC and RFC performed less than ideal on the ADNI

dataset. As shown in Table. 6.3, all the SEN values are 0 and most of SPE

values are near 1. Most of AUC values are around 0.5 while the values of J stat

are zero. The RandCrop augmentation improved the results of RFC by a tiny

amount.

LDM100K Training OASIS Testing

SVC ACC SEN SPE AUC J stat

AutoEncoder
0.738

+/-0.046

0.402

+/-0.056

0.897

+/-0.049

0.649

+/-0.037

0.299

+/-0.073

AutoEncoder

RandCrop

0.738

+/-0.037

0.417

+/-0.088

0.892

+/-0.042

0.654

+/-0.042

0.309

+/-0.084

RFC ACC SEN SPE AUC J stat

AutoEncoder
0.721

+/-0.045

0.314

+/-0.093

0.909

+/-0.051

0.612

+/-0.040

0.223

+/-0.079

AutoEncoder

RandCrop

0.712

+/-0.050

0.266

+/-0.096

0.927

+/-0.052

0.597

+/-0.037

0.194

+/-0.075

Table 6.2: The classification performance using the feature extractor trained

on the LDM100K dataset via the brain image reconstruction approach tested

on the OASIS-3 dataset.

6.5 Discussion

6.5.1 Comparison with Other Methods

Instead of classifying directly using real-world 3D MRI scans, we proposed a

3D CNN-based AutoEncoder reconstruction pretext to train the feature ex-

tractor using synthetic data for AD classification. The experimental results
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LDM100K Training ADNI Testing

SVC ACC SEN SPE AUC J stat

AutoEncoder
0.653

+/-0.063

0.000

+/-0.000

1.000

+/-0.000

0.500

+/-0.000

0.000

+/-0.000

AutoEncoder

RandCrop

0.653

+/-0.063

0.000

+/-0.000

1.000

+/-0.000

0.500

+/-0.000

0.000

+/-0.000

RFC ACC SEN SPE AUC J stat

AutoEncoder
0.653

+/-0.063

0.000

+/-0.000

1.000

+/-0.000

0.500

+/-0.000

0.000

+/-0.000

AutoEncoder

RandCrop

0.647

+/-0.073

0.000

+/-0.000

0.989

+/-0.032

0.495

+/-0.016

-0.011

+/-0.032

Table 6.3: The classification performance using the feature extractor trained

on the LDM100K dataset via the brain image reconstruction approach tested

on the ADNI dataset.

demonstrate that the trained feature extractors were able to generate infor-

mative features, which resulted in comparable classification performance. The

proposed approach has the following advantages:

• The subject-level train-test-split fundamentally eliminates the risk of

data leakage.

• Using each 3D MRI as a whole fully incorporates the spatial information

into the learning scheme.

• Using AutoEncoder for image reconstruction needs no clinical informa-

tion or human inputs thus it is well-suited for self-supervised learning.

• AutoEncoder is an effective choice to reduce the dimensionality of input

data while preserving the most important information.

• The random cropping augmentation techniques can improve classifica-

tion performance in the brain image reconstruction pretext task.
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6.5.2 Computational Cost

Similar to the previous chapter, the LDM100K dataset significantly increased

the training time. On top of that, the decoder component in the AutoEncoder

network has doubled the learnable parameters. The mini-batch size has to be

reduced to 15 so that the mini-batch can be distributed on 4 NVIDIA A100

GPUs. The overall training time for 50 epochs on the LMD100K dataset is

approximately 43 hours. Because of time constraints, this chapter did not

perform a 10-fold cross-validation for ensemble classification.

6.5.3 Limitations and Future Work

As shown in the previous subsection, the increased computation cost of the

AutoEncoder-based approach results in expensive training time. Also, the

sheer amount of training data from LDM100k 3D significantly boosts the train-

ing time. Last but not least, the learned representations in AutoEncoders can

be difficult to interpret, which can make it difficult to understand how the

model is making its predictions. This can be a problem for tasks where inter-

pretability is important, such as medical diagnosis.

Limited by the availability of computational hardware, the architecture of

the AutoEncoder has to be reduced. It is interesting to explore the optimal

architecture with more learning capability when more computational resource

is at the disposal. Another promising area of future work is model compression.

This involves reducing the size of a model without significantly impacting its

accuracy. The performance of the AutoEncoder-based features encourages

the possibility of using synthetic data to improve data-scarce training tasks.

Improving the quality of synthetic data is another exciting area to be explored

in the future.



Chapter 7

Representation Learning using

Brain sMRI Rotation

Classification

The previous chapter investigated the performance of using AutoEncoder-

based brain MRI reconstruction as a pretext task to train feature extractors

for AD classification. In this chapter, the primary motivation was to explore

the idea of using 3D MRI rotation classification as a pretext task for feature

extractor training. This chapter further extends the utilisation of brain sMRI

data to learn discriminative features for real-world AD classification.

Another popular self-supervised training approach is the classification of

rotation. The idea is to engineer a pretext task by rotating an input image

to certain degrees and then train the feature extractor to identify the degrees

of rotation. The underlying assumption is that if an image is rotated, the

semantic content of the image should remain the same, but the appearance

of the image should change. Commonly the rotation of a 2D image is set to

90, 180 and 270 degrees to formulate a classification task. For 3D images, the

possibility of 90 degrees of rotation can be around 3 different and independent

axis, thus the total number of classes is 64 classes. This part is further discusses

in the next section.
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7.1 Subject Selection

As shown in Fig.7.1, the training data is the entire LMD100K synthetic dataset

while the testing is conducted on subjects selected from the OASIS-3 and

ADNI datasets, separately. The purpose is to make the experimental results

comparable across various approaches. Similar to the previous chapter, the

split into train and test subjects is performed before training and testing to

avoid data leakage.

Figure 7.1: Overview of the experimental settings for the AutoEncoder-based

approach. The “#” shows the number of subjects and scans, e.g. there are

493 AD Subjects with 908 scans from the OASIS-3 dataset.

7.1.1 Rotation Generation

Rotating 2D images as a pretext task is commonly used in the literature.

This category of methods utilises the structural information of data itself and

defines pretext tasks that relate to the final application. Rotation computa-

tion is fully automatic, not needing any human input, thus readily available

image datasets can be utilised for training. Features learned in this method

reportedly generalise well in the downstream tasks and achieve state-of-the-art

performance [27, 91, 57].

A 2D image can be rotated around the centre of the image for a given

degree. For the human eye, the rotation can be developed in clockwise or

counter-clockwise directions. The 3D MRI images can be rotated in a similar
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way: each dimension can be seen as a stack of 2D images/slices then all di-

mensions are rotated around a shared centre point. Therefore, the rotation of

a 3D brain image can be performed by 3 separate 2D rotations in each plane.

As shown in Fig.7.2, the first row is a 3D MRI in its original orientation,

which we conveniently assign as class 0. The number in the brackets indicates

the number of 90-degree clockwise rotations performed in each plane. For

example, the second row shows (0, 0, 1) where the third dimension is rotated

90 degrees clockwise once, as class 1. Not all 64 rotations lead to unique

images, therefore only the first 32 out of 64 possible combinations of rotations

are considered as classes in this thesis. Then the remaining 32 classes are

developed accordingly.

7.2 Preprocessing

Same as in the previous chapter, the input sMRI images are resized, normalised

and contrast equalised for the consistency of experiments. More specifically,

the images are processed through the same pipeline of:

1. Resizing: To utilise the 3D scans that have different shapes, and also to

remove the excessive background image volume outside the brain tissue,

all of them are resampled to a pre-selected shape 200× 200× 200.

2. Max-Min Intensity Normalisation: To eliminate the inconsistency of 3D

scan voxel intensities, e.g. under or overexposure, the range of intensities

is normalised by Inorm = I−Imin

Imax−Imin
.

3. Contrast Limited Adaptive Histogram Equalisation [75]: To enhance the

contrast between different brain tissue types, adaptive histogram equal-

isation is performed on each 3D scan. The contrast-limited variation is

chosen to reduce the overamplification of noise.
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(a)

Figure 7.2: Examples of Brain sMRI Rotation. Part (a) shows classes 1 to 8.
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(b)

Figure 7.2: Examples of Brain sMRI Rotation. Part (b) shows classes 9 to 16.
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(c)

Figure 7.2: Examples of Brain sMRI Rotation. Part (c) shows classes 17 to

24.
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(d)

Figure 7.2: Examples of Brain sMRI Rotation. Part (d) shows classes 25 to

32.
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7.3 Method

7.3.1 Brain Rotation Classification

As this reconstruction approach is independent of neuroimaging modalities

and since T1w sMRI is widely used for AD diagnosis, we thus use 3D T1w

MRI scans for brain image rotation classification. For comparison purposes, we

used the same 3 million parameter lightweight model as the feature extractor,

followed by a fully connected layer and a softmax activation. The details of

the architecture are depicted in Fig.7.3. The hyperparameters for training are

listed in Table.7.1.

Hyperparameter Value

BatchSize 20

Epochs 50

LearningRate 0.001

LearningRate Step 20

LearningRate Gamma 0.5

Table 7.1: The hyperparameter setting for the brain image rotation classifi-

cation training process. The learning rate step and gamma are configured to

reduce the learning rate every 20 epochs at a rate of 0.5.

7.3.2 Brain Representation Generation

After 50 epochs of training, the classifier network (without softmax layer) is

used to generate latent space representations of the test data. The represen-

tations are then used for the downstream classification of CN vs AD subjects.

As shown in Fig.7.1, the real-world train and test subjects are selected from

the OASIS-3 and ADNI dataset for evaluation.
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(a) Brain MRI Reconstruction

(b) Brain MRI to Representation

Figure 7.3: Overview of the proposed pretext brain rotation classification task

using 3D convolutional neural networks for Alzheimer’s Disease detection. (a)

compress the input 3D MRI scan into a latent representation, followed by

classification, (b) Generate representations from input scans. Note that the

term ch × dim∧3 in the “arrows” denotes the shape of intermediate data be-

tween convolutional layers. The “ch” denotes the number of channels, whereas

“dim∧3” indicates the size of data. All the ConvBlocks are configured to per-

form 3 × 3 × 3 convolution except the 6th block which has a 1 × 1 × 1 kernel

for downsampling purposes.
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LDM100K Training OASIS Testing

SVC ACC SEN SPE AUC J stat

Rotation
0.738

+/-0.046

0.402

+/-0.056

0.897

+/-0.049

0.649

+/-0.037

0.299

+/-0.073

Rotation

RandCrop

0.738

+/-0.037

0.417

+/-0.088

0.892

+/-0.042

0.654

+/-0.042

0.309

+/-0.084

RFC ACC SEN SPE AUC J stat

Rotation
0.721

+/-0.045

0.314

+/-0.093

0.909

+/-0.051

0.612

+/-0.040

0.223

+/-0.079

Rotation

RandCrop

0.712

+/-0.050

0.266

+/-0.096

0.927

+/-0.052

0.597

+/-0.037

0.194

+/-0.075

Table 7.2: The classification performance using the feature extractor trained

on the LDM100K dataset via the brain image rotation classification approach

tested on the OASIS-3 dataset.

7.4 Results

Using the same metrics as in the previous chapter and as described in Ta-

ble. 2.2, we evaluate the effect of the Rotation-based feature extraction on

the OASIS-3 dataset first. As shown in Table. 7.2, the highest ACC of 73.8%

is achieved by SVC in conjunction with RandCrop augmentation. The high-

est SEN (41.7%), AUC (0.654) and J stat (0.309) are also obtained by this

combination. The RFC with RandCrop resulted in the highest SPE of 92.7%.

The evaluation results on the ADNI dataset are displayed in Table. 7.3.

Similar to the previous chapter, both SVC and RFC performed poorly on the

ADNI dataset. The ACC is just a tiny bit higher than random guesses. ALL

the SEN values are close to 0 and most of SPE values are near 1. Most of the

AUC values are around 0.5 while the values of J stat are zero. The RandCrop

augmentation improved the results of RFC by a small margin.
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LDM100K Training ADNI Testing

SVC ACC SEN SPE AUC J stat

Rotation
0.649

+/-0.062

0.000

+/-0.000

0.994

+/-0.017

0.497

+/-0.008

-0.006

+/-0.017

Rotation

RandCrop

0.651

+/-0.064

0.007

+/-0.015

0.993

+/-0.015

0.500

+/-0.005

0.001

+/-0.010

RFC ACC SEN SPE AUC J stat

Rotation
0.643

+/-0.059

0.003

+/-0.010

0.983

+/-0.023

0.493

+/-0.014

-0.014

+/-0.028

Rotation

RandCrop

0.651

+/-0.060

0.013

+/-0.021

0.990

+/-0.019

0.502

+/-0.014

0.004

+/-0.029

Table 7.3: The classification performance using the feature extractor trained

on the LDM100K dataset via the brain image rotation classification approach

tested on the ADNI dataset.

7.5 Discussion

7.5.1 Comparison with Other Methods

Unlike traditional classification tasks predicting class labels, self-supervision

requires the fabrication of artificial labels as prediction targets. This chapter

presents an approach that fabricates rotation-based labels as a self-supervised

pretext task to train feature extractors for AD classification. The evaluation

results support that the trained feature extractors were able to learn discrimi-

native information, in turn showing reasonable classification performance. The

proposed approach has the following advantages:

• The subject-level train-test-split fundamentally eliminates the risk of

data leakage.

• This self-supervised learning approach generates 90 degrees of rotations

as classification labels. There is no need for explicit class labels or seg-

mentation of disease lesions.
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• Using each 3D MRI as a whole fully incorporates the spatial information

into the learning scheme.

• The random cropping augmentation techniques can improve classifica-

tion performance in the rotation classification pretext task.

7.5.2 Computational Cost

As the architecture is similar to the brain age prediction approach, the amount

of learnable parameters is also relatively the same. Similarly, the network is

implemented in Python 3.7 using PyTorch 1.10 version on CUDA 11.3 runtime

environment. The mini-batch size is set to 20 so that the mini-batch can be

distributed on 4 NVIDIA A100 GPUs. As the 3D MRI rotation operation

is performed on the fly during training, the overall runtime is increased to

approximately 57.3 hours for 50 epochs on the LMD100K dataset. Due to

time limitations, this chapter was unable to conduct a 10-fold cross-validation

for ensemble classification.

7.5.3 Limitations and Future Work

There are two possible main limitations of the rotation-based training methods

for medical data. The first one might be the sensitivity to image scale and

intensity. This means that if an image is scaled up or down, or if the illumi-

nation of an image is changed, the model may not be able to learn accurate

features. One feasible solution could be to engineer additional pretext tasks

for such changes. For example, instead of simply predicting the rotation angle

of an image, the model could be trained to predict the scale and illumination

of an image as well. This would require the model to learn features that are

invariant to different types of transformations, which is an intriguing topic to

research.

Another limitation might be the sensitivity to noise which has made it

difficult to learn invariant features on datasets with a lot of noise. The common
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inherent noises with MRI images are fat and blood tissues or slight body

movements during the image acquisition process resulting in misalignment.

Noise reduction techniques such as brain tissue extraction or skull removal are

interesting research directions for the future.



Chapter 8

Representation Learning using

Multi-Head Tasks

This chapter explores the possibility of feature extractor training by utilising

the multi-head configuration of brain age prediction, brain rotation classifi-

cation, and brain image reconstruction. As the experiments of the previous

chapters suggested, there is a potential improvement to be had by combining

all the tasks into one multi-head task to train better feature extractors.

Engineering multi-head tasks is a widely used method to utilise different

modalities of inputs such as images, text, and numeric and nominal values. For

example, functional MRI, blood tests and other clinical assessments are often

collected along with structural MRI acquisition. A multi-head task can incor-

porate this information for feature extractor training. However, the additional

model complexity can result in significant computational costs. Therefore, the

design of multi-head tasks normally takes incremental steps during the design

process. This thesis designed the multi-head task as a combination of all the

methods from the four previous chapters.

8.1 Subject Selection

Same as in the previous chapter, we utilised the synthetic data from the LDM-

100k dataset to train the rotation classifier. We also selected the same AD and
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CN subjects from the OASIS and ADNI datasets for testing. The overview of

the experimental settings for the rotation classification approach is shown in

Fig.8.1.

Figure 8.1: Overview of the experimental settings for the AutoEncoder-based

approach. The “#” shows the number of subjects and scans, e.g. there are

107 CN Subjects with 616 scans and 93 AD Subjects with 322 scans from the

ADNI dataset.

8.2 Preprocessing

Same as in the previous chapters, the input sMRI images are resized, nor-

malised and contrast equalised for the consistency of experiments. More specif-

ically, the images are processed through the same pipeline of:

1. Resizing: To utilise the 3D scans that have different shapes, and also to

remove the excessive background image volume outside the brain tissue,

all of them are resampled to a pre-selected shape 200× 200× 200.

2. Max-Min Intensity Normalisation: To eliminate the inconsistency of 3D

scan voxel intensities, e.g. under or overexposure, the range of intensities

is normalised by Inorm = I−Imin

Imax−Imin
.

3. Contrast Limited Adaptive Histogram Equalisation [75]: To enhance the

contrast between different brain tissue types, adaptive histogram equal-

isation is performed on each 3D scan. The contrast-limited variation is

chosen to reduce the overamplification of noise.
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8.3 Method

8.3.1 Multi-head Tasks

The details of the architecture are depicted in Fig.8.2. The idea is to combine

different types of output heads into one base feature extractor. In our case,

we combined the brain age prediction task, the brain image reconstruction

task and the brain image rotation classification task as three output heads.

In the case of the reconstruction task, the output head is the decoder part.

For comparison purposes, we used the same 3 million parameter lightweight

model as the base feature extractor. While training the Multi-head task, the

base feature extractor is shared between three different output heads. Each

mini-batch is fed into each of the heads where the order of the head is ran-

domly chosen during training. The parameters of the base model are updated

according to each loss of the head task. The hyperparameters for training are

listed in Table.8.1. Due to the added decoder network of the reconstruction

task, the mini-batch size is reduced to 12 due to GPU memory limitations.

Hyperparameter Value

BatchSize 12

Epochs 50

LearningRate 0.001

LearningRate Step 20

LearningRate Gamma 0.5

Table 8.1: The hyperparameter setting for the Multi-Head training process.

The learning rate step and gamma are configured to reduce the learning rate

every 20 epochs at a rate of 0.5.

8.3.2 Brain Representation Generation

After 50 epochs of training, the feature extractor (without the final output

heads) is used to generate latent space representations of the test data. The
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(a) Brain MRI Reconstruction

(b) Brain MRI to Representation

Figure 8.2: Overview of the proposed pretext multi-head task using 3D con-

volutional neural networks for Alzheimer’s Disease detection. (a) compress

the input 3D MRI scan into a latent representation, followed by the brain age

prediction, brain image reconstruction and brain rotation classification, (b)

Generate representations from input scans. Note that the term ch × dim∧3

in the “arrows” denotes the shape of intermediate data between convolutional

layers. The “ch” denotes the number of channels, whereas “dim∧3” indicates

the size of data. All the ConvBlocks are configured to perform 3× 3× 3 con-

volution except the 6th block which has a 1 × 1 × 1 kernel for downsampling

purposes.
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representations are then used for the downstream classification of CN vs AD

subjects. As shown in Fig.8.1, the real-world train and test subjects are se-

lected from the OASIS-3 and ADNI datasets for evaluation.

8.4 Results

Using the same metrics as in the previous chapter and as described in Ta-

ble. 2.2, the quality of learned features are evaluated on the OASIS-3 and

ADNI datasets. As shown in Table. 8.2, the highest ACC of 73.3% is achieved

by SVC in conjunction with RandCrop augmentation. This classifier with

RandCrop also resulted in the highest SEN (37.9%), AUC (0.636) and J stat

(0.272) while the highest SPE of 94.4% is obtained by RFC without data

augmentation.

The evaluation results on the ADNI dataset are shown in Table. 8.3. Same

as in the previous chapter, the discriminative features learned by the Multi-

Head task are far from ideal. The ACC is not much better than random

guesses. Most of the SEN values are close to 0 and all of SPE values are near

1. The AUC values are fluctuating around 0.5 while the J stat values swing

near 0. Similar to the trend on the OASIS-3 dataset, a small improvement can

be seen in the SVC with RandCrop augmentation.

8.5 Discussion

8.5.1 Comparison with Other Methods

This chapter combines the approaches of the previous chapters into a Multi-

Head task to train feature extractors for AD classification. As each individual

task is self-supervised, the combined task is also a self-learning task. The eval-

uation performance suggests that the Multi-Head task could learn discrimi-

native features. Although the AD classification results are comparable to the

previous chapters, there is no significant improvement despite the increased
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LDM100K Training OASIS Testing

SVC ACC SEN SPE AUC J stat

Multi-Head
0.719

+/-0.045

0.342

+/-0.082

0.903

+/-0.053

0.623

+/-0.041

0.245

+/-0.083

Multi-Head

RandCrop

0.733

+/-0.031

0.379

+/-0.080

0.894

+/-0.028

0.636

+/-0.037

0.272

+/-0.073

RFC ACC SEN SPE AUC J stat

Multi-Head
0.684

+/-0.052

0.133

+/-0.066

0.944

+/-0.039

0.539

+/-0.021

0.077

+/-0.041

Multi-Head

RandCrop

0.702

+/-0.053

0.243

+/-0.067

0.910

+/-0.039

0.577

+/-0.025

0.154

+/-0.049

Table 8.2: The classification performance using the feature extractor trained

on the LDM100K dataset via the Multi-Head approach tested on the OASIS-3

dataset.

LDM100K Training ADNI Testing

SVC ACC SEN SPE AUC J stat

Multi-Head
0.618

+/-0.068

0.057

+/-0.117

0.927

+/-0.131

0.492

+/-0.040

-0.016

+/-0.079

Multi-Head

RandCrop

0.661

+/-0.052

0.144

+/-0.104

0.930

+/-0.047

0.537

+/-0.038

0.075

+/-0.075

RFC ACC SEN SPE AUC J stat

Multi-Head
0.616

+/-0.051

0.021

+/-0.027

0.938

+/-0.080

0.479

+/-0.035

-0.041

+/-0.070

Multi-Head

RandCrop

0.638

+/-0.063

0.016

+/-0.017

0.968

+/-0.032

0.492

+/-0.019

-0.016

+/-0.039

Table 8.3: The classification performance using the feature extractor trained

on the LDM100K dataset via the Multi-Head approach tested on the ADNI

dataset.
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computational cost. The proposed combined approach has the following ad-

vantages:

• The subject-level train-test-split fundamentally eliminates the risk of

data leakage.

• Using each 3D MRI as a whole fully incorporates spatial information into

the learning process.

• There is no need for explicit class labelling or lesion segmentation as all

sub-tasks are in self-supervised learning configuration.

• The evaluation performance shows improved robustness, thus demon-

strating the feasibility of combining multiple self-supervised learning

tasks into a multi-head task using one base model.

8.5.2 Computational Cost

Same as in the previous chapters, the model is implemented in Python 3.7 using

PyTorch 1.10 version on CUDA 11.3 runtime environment and trained on 4

NVIDIA A100 GPUs. The mini-batch size is reduced to 12 to enable parallel

distribution for faster training. As explained in the previous subsections, each

head computes its own loss followed by one pass of the base feature extractor

parameter updates. Therefore, the computational cost is an accumulation of

each head, resulting in 177.7 hours of runtime for 50 epochs of training on

the LDM100K dataset. Unfortunately, a 10-fold cross-validation for ensemble

classification could not be executed in this chapter due to the significantly

increased computational expense.

8.5.3 Limitations and Future Work

The first major limitation of the multi-head task approach is the dramatic in-

crease in computational cost. Even though the base model is rather lightweight,
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the amount of training data in the 3D format made this approach very expen-

sive to increment. Also, the potential of using more complex base models such

as ResidualNetwork or VisionTransformer is limited by the availability of pow-

erful computational hardware. It is speculated that performance improvement

could be gained by acquiring more computational resources.

Another possible future work direction is expanding the multi-head task

using more neuroimaging modalities to improve feature extractors. There are

many neuroimaging data associated with the subjects such as functional MRI,

positron emission tomography and computerised tomography that can be en-

gineered into the Multi-head task scheme. Along with the development of

neuroimaging technologies, the availability of multi-modality neuroimage data

is also on the rise. Utilising more neuroimaging modalities might improve

the feature extractors for downstream tasks. However, the integration of

multi-modality neuroimaging data requires sophisticated preprocessing meth-

ods which need to be further investigated. Moreover, the increase in training

data also escalates the computational cost as a consequence.



Chapter 9

Conclusion

This thesis started with a description of Alzheimer’s Disease and the basics

of neuroimaging, followed by an introduction to convolutional neural networks

and their components. Then we presented a literature review of CNN-based

AD classification. We compared various published approaches and closely

examined their data usage in both 2D and 3D forms. As a result, we identified

three main types of data leakage issues. Then, we conducted experiments to

evaluate the following research hypothesis:

1. Training 3D CNN-based models for healthy brain age prediction as a

pretext task can generate discriminable latent representations from MRI

for CN vs. AD classification.

2. Synthetic neuroimaging data can be used to train 3D CNN-based models

on the pretext task of brain age prediction.

3. 3D AutoEncoder-based reconstruction can be used as a pretext task in

conjunction with synthetic neuroimaging data to train feature extractors.

4. Rotating 3D neuroimages can generate artificial labels that can be used

in a pretext classification task for feature extractor training.

5. Combining multiple pretext tasks into one model can be used as a multi-

head task to train feature extractors.
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6. Using random cropping as a data augmentation technique can improve

feature extractor training on 3D MRI data.

For the first question, Chapter. 4 presented an approach by using sub-

jects’ brain chronological age as a pretext target to train feature extractors

for downstream AD classification. The results suggest that 3D CNN-based

models trained to predict the age of CN-only MRI scans will predict the age of

AD MRI scans higher (older) than CN scans. The proposed approach utilised

a fundamental pipeline of preprocessing methods and a lightweight 3D CNN

model, making it very robust. Not employing any data augmentation technique

also demonstrated the robustness of the proposed approach. The subject-level

train-test-split fundamentally eliminates the risk of data leakage.

Regarding the second question, Chapter. 5 presented the results using syn-

thetic neuroimaging data using the same brain age prediction approach. For

ease of comparison between different approaches, the preprocessing pipeline

is reused. Although the classification results are not as good as training and

testing on real-world data, it demonstrate the feasibility of utilising large-scale

synthetic data for pretext task training. The results also suggest that random

cropping is a promising data augmentation technique for 3D sMRI data.

Chapter. 6 shows the experimental results to support the third question. A

3D AutoEncoder consisting of Convolutional and DeConvolutional layers has

been introduced as the backbone of the reconstruction pretext task. This self-

supervised learning approach needs no explicit class labels or segmentation of

disease lesions. The results suggest that utilising a large amount of unlabelled

or segmented data in the medical field is possible. Again, the random cropping

shows an improvement in the training of feature extractors. This approach also

addresses the data leakage issues by using subject-level train-test-split.

Chapter. 7 focuses on the fourth research question. The proposed approach

fabricated artificial labels for the 3D sMRI data by rotating a combination

of 90 degrees in each plane. Then a CNN classifier is trained to identify the

combination of rotation. The evaluation performance suggests that identifying
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the rotation of 3D images without labelling or segmentation can be used to

train feature extractors for downstream AD classification. Same as before,

the random cropping data augmentation technique demonstrates its positive

impact on training. This chapter also carefully performs train-test-split on the

subject-level to eliminate the chance of data leakage.

Chapter.8 proposed a Multi-Head pretext task to examine this research

question. The idea is to design different output layers according to the pretext

tasks using the same base model. The loss of each head task is backpropagated

to update the weights of the base model. The evaluation results suggest that

this Multi-Head approach can be used as a pretext task for feature extractor

training. The results also support that random cropping is a promising data

augmentation technique for 3D sMRI data. Same as in the previous experi-

ments, data leakage is not a concern in this part.

9.1 Summary of Results

The best classification performance is achieved by Chapter 4. The training and

testing are performed on real-world data chosen from the OASIS-3 dataset. As

shown in Table. 9.1, the overall best performance was achieved by the majority

voting ensemble of the models from a cross-validation process. The random

forest classifier ensemble obtains 0.847 ± 0.08 ACC, 0.934 ± 0.05 SPE and

0.822±0.08 AUC, while the support vector machine ensemble shows a slightly

higher SEN of 0.733 ± 0.12. The ensemble performances are approximately

10% better than the result of a single model.

The results from Chapters 5 to 8 using LDM100K synthetic dataset for fea-

ture extractor training are shown in Tables 9.2 to 9.5. Each table presents the

classification performance of 4 proposed approaches trained on the LDM100k

dataset with and without random cropping using a support vector classifier or

random forest classifier on either the OASIS or the ADNI dataset.

Among these 4 tables trained on the LDM100K dataset, the highest clas-
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Task

Classifier

AD vs. CN

ACC SEN SPE AUC

SVM (Best Model) 0.752± 0.06 0.622± 0.07 0.834± 0.10 0.728± 0.06

SVM (All Models) 0.842± 0.08 0.733± 0.12 0.908± 0.06 0.821± 0.08

RFC (Best Model) 0.745± 0.07 0.584± 0.14 0.844± 0.05 0.714± 0.07

RFC (All Models) 0.847± 0.08 0.711± 0.12 0.934± 0.05 0.822± 0.08

Table 9.1: Classification performance of using brain age prediction as a pretext

to train feature extractors.

sification ACC of 73.9% is achieved by the SVC classifier on features obtained

by brain age prediction in conjunction with RandCrop data augmentation on

the OASIS-3 dataset. The AutoEncoder with RandCrop shows a fraction less

ACC but the highest SEN of 41.7%, AUC of 0.654 and J stat of 0.309 while the

rotation-based approach using RandCrop resulted in the highest SPE of 0.947.

The RFC shows a slightly lower number of ACC (72.8%) and AUC (0.614). A

lower SEN of 31.4% is obtained by AutoEncoder without data augmentation

while a similar SPE of 96.5% is come by the same rotation and RandCrop

combination. The RFC earned a slightly poor J stat of 0.239 compared to

SVC. Both SVC and RFC performed poorly on the ADNI testing data, which

is not ideal compared with the OASIS-3 testing. One reason could be that

the OASIS-3 has a higher resolution of CDR recordings that allows fine-grain

subject selection.

The main results of this thesis can be summarised as follows:

• Brain age prediction trained on the OASIS dataset achieved competitive

performance compared with state-of-the-art methods in the literature.

• Using real-world data, the brain age prediction approach achieved the

overall best classification performance.

• Applying cross-validation as a method to obtain multiple feature extrac-

tors as an ensemble can improve the classification performance.

• Feature extractors trained on the LDM100K synthetic dataset achieved
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LDM Training & OASIS Testing

SVC ACC SEN SPE AUC J stat

Age
0.707

+/-0.050

0.278

+/-0.086

0.912

+/-0.044

0.595

+/-0.036

0.190

+/-0.071

Age

RandCrop

0.739

+/-0.037

0.320

+/-0.052

0.933

+/-0.025

0.627

+/-0.032

0.253

+/-0.064

AutoEncoder
0.738

+/-0.046

0.402

+/-0.056

0.897

+/-0.049

0.649

+/-0.037

0.299

+/-0.073

AutoEncoder

RandCrop

0.738

+/-0.037

0.417

+/-0.088

0.892

+/-0.042

0.654

+/-0.042

0.309

+/-0.084

Rotation
0.696

+/-0.054

0.187

+/-0.055

0.933

+/-0.030

0.560

+/-0.029

0.120

+/-0.058

Rotation

RandCrop

0.674

+/-0.061

0.092

+/-0.068

0.947

+/-0.044

0.520

+/-0.018

0.040

+/-0.035

Multi-Head
0.719

+/-0.045

0.342

+/-0.082

0.903

+/-0.053

0.623

+/-0.041

0.245

+/-0.083

Multi-Head

RandCrop

0.733

+/-0.031

0.379

+/-0.080

0.894

+/-0.028

0.636

+/-0.037

0.272

+/-0.073

Table 9.2: The classification performance using the feature extractor trained on

the LDM100K dataset via all four approaches tested on the OASIS-3 dataset

using the support vector classifier.

similar performance compared to the same model using real-world data.

This supports the feasibility of utilising large-scale synthetic data for

pretext task training.

• All the training and testing splits are performed on the subject-level to

prevent data leakage issues.

• Random cropping data augmentation technique shows consistent im-

provement across different experiments.



121

LDM Training & OASIS Testing

RFC ACC SEN SPE AUC J stat

Age
0.724

+/-0.044

0.321

+/-0.056

0.919

+/-0.044

0.620

+/-0.026

0.239

+/-0.051

Age

Randdcrop

0.728

+/-0.052

0.304

+/-0.066

0.925

+/-0.021

0.614

+/-0.035

0.228

+/-0.071

AutoEncoder
0.721

+/-0.045

0.314

+/-0.093

0.909

+/-0.051

0.612

+/-0.040

0.223

+/-0.079

AutoEncoder

Randdcrop

0.712

+/-0.050

0.266

+/-0.096

0.927

+/-0.052

0.597

+/-0.037

0.194

+/-0.075

Rotation
0.701

+/-0.055

0.163

+/-0.047

0.954

+/-0.027

0.559

+/-0.026

0.117

+/-0.051

Rotation

Randdcrop

0.692

+/-0.058

0.102

+/-0.041

0.965

+/-0.024

0.534

+/-0.013

0.067

+/-0.026

Multi-Head
0.684

+/-0.052

0.133

+/-0.066

0.944

+/-0.039

0.539

+/-0.021

0.077

+/-0.041

Multi-Head

RandCrop

0.702

+/-0.053

0.243

+/-0.067

0.910

+/-0.039

0.577

+/-0.025

0.154

+/-0.049

Table 9.3: The classification performance using the feature extractor trained on

the LDM100K dataset via all four approaches tested on the OASIS-3 dataset

using the random forest classifier.
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LDM Training & ADNI Testing

SVC ACC SEN SPE AUC J stat

Age
0.653

+/-0.063

0.000

+/-0.000

1.000

+/-0.000

0.500

+/-0.000

0.000

+/-0.000

Age

RandCrop

0.643

+/-0.091

0.175

+/-0.285

0.865

+/-0.290

0.520

+/-0.033

0.040

+/-0.067

Rotation
0.649

+/-0.062

0.000

+/-0.000

0.994

+/-0.017

0.497

+/-0.008

-0.006

+/-0.017

Rotation

RandCrop

0.651

+/-0.064

0.007

+/-0.015

0.993

+/-0.015

0.500

+/-0.005

0.001

+/-0.010

AutoEncoder
0.653

+/-0.063

0.000

+/-0.000

1.000

+/-0.000

0.500

+/-0.000

0.000

+/-0.000

AutoEncoder

RandCrop

0.653

+/-0.063

0.000

+/-0.000

1.000

+/-0.000

0.500

+/-0.000

0.000

+/-0.000

Multi-Head
0.618

+/-0.068

0.057

+/-0.117

0.927

+/-0.131

0.492

+/-0.040

-0.016

+/-0.079

Multi-Head

RandCrop

0.661

+/-0.052

0.144

+/-0.104

0.930

+/-0.047

0.537

+/-0.038

0.075

+/-0.075

Table 9.4: The classification performance using the feature extractor trained

on the LDM100K dataset via all four approaches tested on the ADNI dataset

using the support vector classifier.
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LDM Training & ADNI Testing

RFC ACC SEN SPE AUC J stat

Age
0.653

+/-0.063

0.000

+/-0.000

1.000

+/-0.000

0.500

+/-0.000

0.000

+/-0.000

Age

RandCrop

0.635

+/-0.077

0.009

+/-0.020

0.966

+/-0.037

0.488

+/-0.021

-0.025

+/-0.041

Rotation
0.643

+/-0.059

0.003

+/-0.010

0.983

+/-0.023

0.493

+/-0.014

-0.014

+/-0.028

Rotation

RandCrop

0.651

+/-0.060

0.013

+/-0.021

0.990

+/-0.019

0.502

+/-0.014

0.004

+/-0.029

AutoEncoder
0.653

+/-0.063

0.000

+/-0.000

1.000

+/-0.000

0.500

+/-0.000

0.000

+/-0.000

AutoEncoder

RandCrop

0.647

+/-0.073

0.000

+/-0.000

0.989

+/-0.032

0.495

+/-0.016

-0.011

+/-0.032

Multi-Head
0.616

+/-0.051

0.021

+/-0.027

0.938

+/-0.080

0.479

+/-0.035

-0.041

+/-0.070

Multi-Head

RandCrop

0.638

+/-0.063

0.016

+/-0.017

0.968

+/-0.032

0.492

+/-0.019

-0.016

+/-0.039

Table 9.5: The classification performance using the feature extractor trained

on the LDM100K dataset via all four approaches tested on the ADNI dataset

using the random forest classifier.
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9.2 Discussion

As shown in tables 9.2 to 9.5, the brain age prediction pretext task shows the

best AD classification accuracy across the board. It is not as excellent as some

approaches in the literature, but it is has a lot of potential to be explored in

the future in terms of advanced regression models and training techniques.

The results of utilising the synthetic LDM-100k dataset are not as good as

using real-world data, especially since the sensitivity is low. This might be due

to the extreme class imbalance in the dataset. The CN class is the majority

up to 90% in the train set. Even though the test set is close to the 1:1 class

ratio, the model is biased toward the majority class during prediction.

Future work is needed to address this severe imbalance in the train set. For

example, upsampling of the minority while downsampling the majority class

is a widely used technique during model training, it might help mitigate the

impact of imbalance and improve sensitivity. Adjusting class weights is another

popular method to address the class imbalance issue. Also, data augmentation

could be another choice to leverage the minority class. Last but not least,

synthetic data generation for the AD class has not yet been explored either.

9.3 Limitation & Future Work

Although the evaluation results support the feasibility of the proposed ap-

proaches, there are some limitations:

1. The architecture of the 3D CNN base model, such as the number and

types of convolutional layers, may not be the optimal choice. The usage

of more complex models is limited by the availability of computational

hardware.

2. The proposed approaches are only using T1w structural MRI data for fea-

ture extractor training, which leaves other available neuroimaging modal-

ities underutilised.
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3. Using 3D CNN and synthetic data for training feature extractors dra-

matically increases the computational cost.

4. It is not easy to visualise the extracted features for the interpretation of

relevant brain changes in clinical practice.

This thesis obtained experimental results that open possibilities for future

research, which can be summarised as follows:

1. The potential of using more complex base models such ResidualNetwork

or VisionTransformer can be further investigated.

2. There are data available in other neuroimaging modalities (e.g. T2w,

PET) and demographic information (e.g. gender, education) that can

be further explored.

3. More efficient computational hardware and software can be further de-

veloped for efficient processing of 3D inputs.

4. The brain sMRI preprocessing methods and data augmentation tech-

niques used in this thesis can be further extended to improve feature

extractor training.

5. Machine learning model behaviour interpretability is extremely impor-

tant in the medical domain. How to visualise the extracted features from

MRI images is an open research question.

In conclusion, all four research directions in this thesis are based on the

simple idea that using self-supervised learning methods can improve the feature

extractor for Alzheimer’s Disease classification performance. This might be

the best choice of approach when neuroimaging data labelling or segmentation

is unavailable. This study solely scratched the surface of the self-supervised

learning field in regard to AD classification. For future work, the age-based

approach can be further expanded by including other clinical information (e.g.

cognitive assessment, gender and education) in the learning target. Other
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neuroimaging modalities (e.g. T2 MRI and FLAIR) might be a great asset

when enough amount of them have been collected and labelled.

The rotation-based approach might be improved by further utilising the

spatial information of the 3D MRI data. One popular pretext task for 2D

images is to predict the degree of rotation, but the same task is not well-studied

for 3D images. Also, the pretext tasks proposed in the existing literature are

relatively simple. It would be interesting to explore more complex rotation-

based pretext tasks that can learn more discriminative features.

The subjects’ clinical visits and MRI scans are temporally organised in the

datasets. The temporal relationship between the visits and scans is under-

utilised in this thesis. The similarities between two adjacent MRI scans might

be used to enforce an AutoEncoder to minimise as part of the loss function. It

is also intriguing to further explore the temporal relationship, which might lead

to a more comprehensive representation of AD development and progression.

The current Multi-Head task only includes brain age prediction, brain im-

age reconstruction and brain image rotation classification. It would be inter-

esting to develop other pretext tasks and combine them into the multi-head

framework. Also, it might be beneficial to incorporate additional clinical in-

formation and neuroimaging modalities into the multi-head framework.

Currently, many computational software are developed for 2D inputs. Ded-

icated software libraries for 3D neuroimaging data are still in its infancy. Also,

specialised hardware for 3D neuroimaging data is either extremely expensive to

buy, very difficult to access or even does not exist. Therefore, advancing com-

putational software and hardware for 3D neuroimaging data would be another

interesting direction for future research.

Although Explainable AI (XAI) is not the focus of this thesis, medical AI

tools are demanded to be transparent and accountable. Regulatory bodies

such as the European Union and the U.S. Federal Trade Commission’s initia-

tives are calling for transparency and accountability in AI systems. To meet

such demands and requirements, XAI aims to develop methods and techniques
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to enhance the interpretability of AI models. Among the proposed approaches,

methods based on attention mechanisms show promising progress in health-

care to interpret medical AI-made diagnoses. Despite significant progress,

challenges remain in the research and development of XAI. The most pressing

one is the balancing between interpretability and model performance while

ensuring the reliability of explanations.
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Robert D. Vincent, Henry Braun, Krish Subramaniam, Krzysztof J.

Gorgolewski, Pradeep Reddy Raamana, Julian Klug, B. Nolan Nichols,

Eric M. Baker, Soichi Hayashi, Basile Pinsard, Christian Haselgrove, Mark

Hymers, Oscar Esteban, Serge Koudoro, Fernando Pérez-Garćıa, Niko-
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stantinos Raktivan, Markéta Calábková, Peter Fischer, Philippe Gervais,

Syam Gadde, Thomas Ballinger, Thomas Roos, Venkateswara Reddy

Reddam, and freec84. nipy/nibabel: 3.2.1, November 2020. URL

https://doi.org/10.5281/zenodo.4295521.

[15] Anne E Carpenter, Thouis R Jones, Michael R Lamprecht, Colin Clarke,

In Han Kang, Ola Friman, David A Guertin, Joo Han Chang, Robert A

Lindquist, Jason Moffat, et al. Cellprofiler: image analysis software for

identifying and quantifying cell phenotypes. Genome biology, 7(10):R100,

2006.



131

[16] François Chollet et al. Keras, 2015. URL

https://github.com/fchollet/keras.

[17] Roy G Cutler, Jeremiah Kelly, Kristin Storie, Ward A Pedersen, Anita

Tammara, Kimmo Hatanpaa, Juan C Troncoso, and Mark P Mattson.

Involvement of oxidative stress-induced abnormalities in ceramide and

cholesterol metabolism in brain aging and alzheimer’s disease. Proceedings

of the National Academy of Sciences, 101(7):2070–2075, 2004.

[18] Correne A DeCarlo, Holly A Tuokko, Dorothy Williams, Roger A Dixon,

and Stuart WS MacDonald. Bioage: Toward a multi-determined, mech-

anistic account of cognitive aging. Ageing research reviews, 18:95–105,

2014.

[19] John Duchi, Elad Hazan, and Yoram Singer. Adaptive subgradient meth-

ods for online learning and stochastic optimization. Journal of machine

learning research, 12(7), 2011.

[20] Benoit Dufumier, Pietro Gori, Julie Victor, Antoine Grigis, Michele

Wessa, Paolo Brambilla, Pauline Favre, Mircea Polosan, Colm Mcdon-

ald, Camille Marie Piguet, et al. Contrastive learning with continuous

proxy meta-data for 3d mri classification. In Medical Image Computing

and Computer Assisted Intervention–MICCAI 2021: 24th International

Conference, Strasbourg, France, September 27–October 1, 2021, Proceed-

ings, Part II 24, pages 58–68. Springer, 2021.

[21] Nicolae Duta and Milan Sonka. Segmentation and interpretation of mr

brain images. an improved active shape model. IEEE Transactions on

Medical Imaging, 17(6):1049–1062, 1998.

[22] Amir Ebrahimi, Suhuai Luo, and Raymond Chiong. Introducing transfer

learning to 3d resnet-18 for alzheimer’s disease detection on mri images.

In 2020 35th international conference on image and vision computing New

Zealand (IVCNZ), pages 1–6. IEEE, 2020.



132

[23] Amir Ebrahimi, Suhuai Luo, and for the Alzheimer’s Disease Neuroimag-

ing Initiative. Convolutional neural networks for alzheimer’s disease de-

tection on mri images. Journal of Medical Imaging, 8(2):024503–024503,

2021.

[24] Katja Franke, Gabriel Ziegler, Stefan Klöppel, Christian Gaser,
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