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Abstract

This thesis explores deep learning (DL) techniques for analysing medical images, with

a particular focus on brain CT and MRI. We begin by proposing a comprehensive semi-

automatic pipeline to tackle the challenges of preparing and standardising a dataset of

routinely-collected CT brain scans from the Third International Stroke Trial (IST-3)

for DL analysis. Using these scans, we develop a convolutional neural network-based

method to detect acute ischemic stroke (AIS) lesions and classify the affected brain

side. To address the challenge of correctly classifying subtle lesions, we introduce the

Adversarial Counterfactual Attention (ACAT) framework, which addresses the limita-

tions of traditional CNNs in medical imaging tasks where only small parts of the image

are informative. ACAT employs saliency maps to obtain soft spatial attention masks

that modulate image features at different scales and increases the baseline classifica-

tion accuracy of lesions in brain CT scans from 71.39% to 72.55% and of COVID-19

related findings in lung CT scans from 67.71% to 70.84%. We investigate the best

way to generate the saliency maps employed in our architecture and propose a way

to obtain them from adversarially generated counterfactual images. They are able to

isolate the area of interest in brain and lung CT scans without using any manual an-

notations. In the task of localising the lesion location out of 6 possible regions, they

obtain a score of 65.05% on brain CT scans, improving the score of 61.29% obtained

with the best competing method. ACAT is able to identify where an image should be

modified, but not exactly how to modify it to obtain a credible counterfactual. There-

fore, we present a weakly supervised method for generating healthy counterfactuals

of diseased images and obtaining pixel-wise anomaly maps. This approach combines

Denoising Diffusion Probabilistic Models (DDPM) and Denoising Diffusion Implicit

Models (DDIM) in a novel way to perform targeted modifications to pathological ar-

eas while preserving the rest of the image. The process begins with a saliency map

obtained through ACAT, which approximately covers the pathological areas. A dif-

fusion model trained on healthy samples is then employed, using DDPM to modify

lesion-affected areas within the saliency map, while DDIM ensures accurate recon-

struction of normal anatomy outside these regions. The two parts are also fused at

each timestep, to guarantee the generation of a sample with a coherent appearance and

a seamless transition between edited and unedited parts. We compare our approach

with alternative weakly supervised methods on the task of brain lesion segmentation,

achieving the highest mean Dice and IoU scores among the models considered.
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Lay Summary

This thesis develops machine learning methods to analyse medical images, with a focus

on brain scans. The aim is to help identify signs of disease in scans more accurately,

particularly when those signs are subtle or easy to miss. We start by creating a system

to prepare brain CT scans from stroke patients so they can be used for machine learning

analysis. Using these scans, we develop a model that can detect signs of acute stroke

and determine which side of the brain is affected. One challenge in medical imaging

is that disease often only affects small parts of a scan, making it hard for standard

deep learning models to spot. To address this, we propose a method called Adversarial

Counterfactual Attention (ACAT) that helps models focus on the relevant areas. This

approach improves accuracy in detecting stroke lesions in brain scans and COVID-19

findings in lung scans. We also develop a technique to automatically identify which

parts of a scan show pathology, without requiring doctors to manually annotate the

images first. This method performs well at locating where lesions appear in the brain.

Finally, we present a method for generating ‘counterfactual’ images, showing what a

diseased brain scan might look like if it were healthy. By comparing the actual scan to

this healthy version, we can better identify and segment the diseased areas.
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Chapter 1

Introduction

The field of medical imaging has been revolutionised by the advent of deep learning

(DL) techniques (Litjens et al., 2017; Chan et al., 2020), with studies demonstrating

its potential in areas such as disease diagnosis (Esteva et al., 2017; De Fauw et al.,

2018), image segmentation (Ronneberger et al., 2015) and reconstruction (Jin et al.,

2017). This thesis explores the application of computational methods to address critical

challenges in medical imaging, particularly on CT and MRI images and with a specific

focus on acute ischaemic stroke (AIS) detection and analysis.

Detection of the early CT changes associated with ischaemic lesions of the brain

depends on the experience of the interpreting radiologist and on the time of the scan

from symptom onset (Wardlaw et al., 2010). However, eligibility for specific treat-

ments is often time-dependent, making accurate and fast diagnosis crucial for a better

chance of successful treatment (Wardlaw et al., 2010). More specifically, the gold stan-

dard treatment for restoration of cerebral blood flow is intravenous administration of

recombinant tissue plasminogen activator (tPA). According to current guidelines, this

therapy should be initiated within three hours of symptom onset for optimal efficacy,

though select patients may benefit from an extended window of up to 4.5 hours (Pow-

ers et al., 2019). Therefore, automating the analysis of medical images may reduce

delays and increase the chances of treatment (Taylor et al., 2018). Moreover, image

analysis based on machine learning algorithms may allow more precise and consistent

interpretation of CT. However, these techniques are still in development and there is

currently no software or imaging technique that is widely employed for acute stroke

diagnosis from CT (Mikhail et al., 2020).

In Chapter 3, we present a comprehensive semi-automatic pipeline designed to

tackle the challenges of preparing and standardising a dataset of routinely-collected

1



Chapter 1. Introduction 2

CT brain scans. For this purpose, we employ data from the Third International Stroke

Trial (IST-3) (Sandercock et al., 2012). The standardisation of this dataset is crucial,

as it enables consistent and reliable DL analysis across a wide range of brain CT scans,

accounting for variations in imaging protocols and equipment. Using this dataset, in

Chapter 4 we developed a convolutional neural network (CNN)-based method for the

detection of AIS lesions and classification of the affected brain side. Our approach

achieved a 72% test accuracy in categorising brain CT scans into four distinct classes:

left-side brain lesion, right-side brain lesion, bilateral lesions, or no lesion. This task

is particularly challenging given the complexity and subtlety of early stroke signs on

CT scans. To validate the clinical relevance of our algorithm, we conducted a compar-

ative study with human experts. Our findings revealed that the DL algorithm achieves

an average k-alpha agreement with seven experts that is comparable to the agreement

observed between human specialists when limited to CT scan analysis. This result un-

derscores the potential of DL algorithms to augment clinical decision-making, poten-

tially leading to faster and more accurate interpretation of CT brain scans for patients

with ischaemic stroke. Improved diagnostic accuracy can significantly impact treat-

ment decisions and patient outcomes in time-critical situations such as acute stroke

management. While the overall results were promising, we observed that it was partic-

ularly challenging for the model to correctly classify small lesions. Indeed, traditional

CNNs often struggle with medical imaging tasks where only small parts of the im-

age contain critical diagnostic information. To overcome this limitation, in Chapter

5 we introduced the Adversarial Counterfactual Attention (ACAT) framework. ACAT

represents a novel approach that employs saliency maps to obtain soft spatial atten-

tion masks, which are then used to modulate image features at different scales. We

observed that our approach led to improvements in classification accuracy, not only

for brain CT scans (and especially for small and medium-sized lesions), but also for

COVID-19 related findings in lung CT scans. Specifically, ACAT increased the base-

line classification accuracy of lesions in brain CT scans from 71.39% to 72.55% and of

COVID-19 related findings in lung CT scans from 67.71% to 70.84%, outperforming

competing methods. A key component of the ACAT framework is the generation of

saliency maps. We developed a method to derive these maps from adversarially gener-

ated counterfactual images. This approach was successful in isolating areas of interest

without relying on manual annotations. In the task of localising lesions across six pos-

sible brain regions, our method achieved a score of 65.05%, surpassing the 61.29%

score obtained by the best competing method.
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Although self-attention mechanisms are prevalent in computer vision, we show

that task-specific attention paradigms can be more effective. Our adversarially-derived

saliency attention successfully improved performance on medical imaging tasks where

conventional attention methods struggled with the subtle, localised nature of patholog-

ical features.

While ACAT excels at identifying where an image should be modified, it faces lim-

itations in determining precisely how to modify the image to create a credible coun-

terfactual. To address this, in Chapter 6 we developed a weakly supervised method

for generating healthy counterfactuals of diseased images and obtaining pixel-wise

anomaly maps. This approach combines Denoising Diffusion Probabilistic Models

(DDPM) and Denoising Diffusion Implicit Models (DDIM) to perform targeted mod-

ifications to pathological areas while preserving the rest of the image. The process

begins with a saliency map obtained through ACAT, which approximately covers the

pathological areas, and a diffusion model trained on healthy samples. A given image is

first noised with the inverse DDIM forward process and then, in the backward process,

DDPM is used to modify lesion-affected areas within the saliency map, while DDIM

ensures accurate reconstruction of normal anatomy outside these regions. To guarantee

the generation of a sample with a coherent appearance and seamless transition between

edited and unedited parts, the two components are fused at each timestep.

The integration of DDPM and DDIM within a single framework for medical image

editing represents a novel contribution to the field, as this hybrid approach solves the

challenging problem of generating realistic healthy tissue while maintaining anatomi-

cal coherence. The method demonstrates how different diffusion formulations can be

strategically combined for targeted image modification.

Our approach, based on counterfactual examples, has a wide range of applications

in medical imaging. In the realm of surgical planning, particularly for brain tumours,

our method offers a valuable tool. By generating equivalent healthy images, it can

help surgeons in identifying anatomical structures that may be distorted by tumours,

potentially improving the precision and safety of surgical interventions. In stroke man-

agement, accurate detection and quantification of lesion volume are critical factors

in making informed prognostic decisions, selecting appropriate acute treatments, and

anticipating potential complications. Our method’s ability to generate segmentation

maps of pathological areas can help in these crucial assessments. The presentation of a

healthy version of the image, either alongside or in lieu of the traditional anomaly map,

also offers a way to enhance clinician engagement and leverage their expertise. This



Chapter 1. Introduction 4

method aligns with the natural diagnostic process of radiologists, who typically iden-

tify abnormalities by comparing patient images to an internalised standard of normal

anatomy. Research by Kundel et al. (1978) has shown that radiologists often rely on a

mental representation of healthy structures to detect deviations indicative of pathology.

Generating diagnostic insights through healthy counterfactuals rather than tradi-

tional anomaly detection aligns computational methods with clinical reasoning pro-

cesses. This approach has the potential to influence both the development of more

interpretable AI systems in medical imaging and the broader field of counterfactual

explanation methods in machine learning, addressing a critical need for trustworthy AI

systems in clinical practice.



Chapter 2

Background

2.1 Medical Background

At the beginning of this thesis, we focus on ischaemic stroke detection, while in the

later sections, we expand our methods to various medical applications. We provide

here a brief background on ischaemic stroke. Given the diverse nature of the additional

applications, each corresponding chapter includes a focused introduction to the specific

medical issue being addressed.

Ischaemic stroke is caused by a reduction of blood flow in one of the cerebral arter-

ies (Dirnagl et al., 1999), either due to an embolus or local thrombosis. In particular, an

ischaemic stroke is defined as acute when it starts suddenly and worsens rapidly (Lees

et al., 2000). When a patient shows symptoms of a stroke, the most common way of

assessment is a computed tomography (CT), and in particular a noncontrast-enhanced

CT, as it is fast and inexpensive (Wintermark et al., 2015). CT can be used to identify

stroke lesions, classify stroke types, or quantify the extent of ischaemic changes in

cerebral arteries (Mikhail et al., 2020). MRI and other imaging modalities can then be

used to refine the treatment decisions, but given its rapid acquisition and wide avail-

ability, CT is the most commonly used imaging modality for acute stroke (Wintermark

et al., 2015). Stroke detection depends on the experience of the radiologist and on the

timing of the scan, while accurate and fast diagnosis is important for treatment suc-

cess (Wardlaw et al., 2010). For this reason, automatic analysis of the images may

reduce delays and therefore increase the chances of successful treatment (Taylor et al.,

2018). However, the techniques for computer-aided diagnosis are still in development

and currently there is no software or imaging technique that is widely used for acute

stroke diagnosis from CT images (Mikhail et al., 2020). On the other hand, there are

5
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systems that predict features or representative scores of a CT scan, such as the Alberta

Stroke Program Early CT Score (ASPECTS), which is used to determine the extent of

ischaemic changes in the middle cerebral artery (Nagel et al., 2017).

2.2 CT and MRI Imaging

The methods developed in this thesis focus on CT and MRI imaging modalities, with

a particular emphasis on brain imaging. We provide here a brief introduction to these

technologies and their applications.

Computed Tomography (CT) and Magnetic Resonance Imaging (MRI) are corner-

stone technologies in medical imaging, each offering unique insights into the human

body’s internal structures. Both modalities have become integral to diagnostic pro-

cesses, enabling detailed visualisation that aids in the identification, assessment, and

management of various medical conditions.

Computed Tomography, pioneered by Godfrey Hounsfield in the 1970s, revolu-

tionised the field of radiology by providing the ability to generate cross-sectional im-

ages of the body using X-rays (Hounsfield, 1973). CT imaging operates on the prin-

ciple of differential X-ray absorption by various tissues. As X-rays pass through the

body, they are attenuated to different degrees depending on the density and atomic

composition of the tissues they encounter. In a CT scanner, an X-ray tube rotates

around the patient, emitting a fan-shaped or cone-shaped beam of X-rays. Oppo-

site the X-ray source, an array of detectors measures the attenuated X-ray intensities.

The scanner captures multiple X-ray measurements from different angles, which are

then processed by sophisticated algorithms to reconstruct a detailed three-dimensional

image (Kalender, 2006). The reconstruction process typically involves filtered back-

projection or iterative reconstruction methods, which have significantly improved in

recent years with the advent of machine learning techniques (Willemink and Noël,

2019). These advancements have led to reduced radiation doses and improved image

quality. CT is particularly renowned for its rapid acquisition and excellent contrast

resolution, making it invaluable for imaging bones, detecting acute bleeding, and eval-

uating lung and abdominal pathologies (Kalender, 2006). The technology’s ability to

produce quick and accurate images has made it a first-line imaging modality in emer-

gency settings (Wintermark et al., 2015).

Magnetic Resonance Imaging employs strong magnetic fields and radio waves to

produce high-resolution images of the body’s internal structures (Lauterbur, 1973).
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Unlike CT, MRI does not use ionising radiation, which makes it a safer alternative

for repeated imaging studies (Florkow et al., 2022). MRI relies on the principles of

nuclear magnetic resonance. When placed in a strong magnetic field, the hydrogen

nuclei (protons) in the body align with the field. Radio frequency (RF) pulses are then

applied to excite these protons, causing them to resonate and emit RF signals. These

signals are detected by receiver coils and processed to create detailed images. Different

tissue types have varying proton densities and relaxation times (T1 and T2), which

contribute to the contrast in MRI images. By manipulating the timing and strength of

the RF pulses and magnetic field gradients, various image contrasts can be achieved,

allowing for the differentiation of different tissue types and pathologies (Brown et al.,

2014). MRI excels in soft tissue contrast, making it the preferred choice for imaging

the brain, spinal cord, joints, and organs such as the liver and heart (Florkow et al.,

2022). Its versatility and lack of ionising radiation have made it an indispensable tool

in modern medicine.

In the realm of brain imaging, both CT and MRI have specific applications. CT

scans are often used in emergency settings to quickly assess acute conditions such

as traumatic brain injury, stroke, and haemorrhage due to their speed and availability

(Wintermark et al., 2013). However, MRI provides superior soft tissue contrast and is

more sensitive in detecting subtle abnormalities, making it ideal for evaluating brain tu-

mours, multiple sclerosis, vascular disorders, and neurological conditions (Armstrong

et al., 2004).

2.3 Neural networks

A neural network typically consists of millions (or billions) of parameters. Our task

is to learn the parameters that minimise a loss function, which expresses how far the

network is from making predictions that are always correct. Information flows from

the input layer to the output layer, and during training, the parameters of the network

are updated by backpropagation, which computes the gradient of a cost function in

order to determine how to adjust the value of the parameters to minimise the error of

the predicted targets.

When the output of a classification model is a probability between 0 and 1, one of

the most commonly used loss functions is the cross-entropy. It increases as the label
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predicted diverges from the actual label and is defined as follows:

Loss =−
N

∑
n=1

M

∑
c=1

y(n)c log(ŷ(n)c ) (2.1)

for N observations and M classes, where ŷ(n)c is the probability predicted by the model

for the sample y(n) to be in class c and y(n)c is a binary variable indicating whether class

c is the correct prediction for the sample. Having defined a loss, we need to decide

how to update the parameters of the network in order to minimise it. A common

technique is gradient descent, which relies on the assumption that the network is a

fully differentiable function. In particular, given a network with parameters θθθ ∈Θ and

a loss function L(θθθ) that is differentiable with respect to the parameters, we update

each parameter in the direction that brings the steepest decline in the value of the loss

function. This direction is the opposite of the gradient of the loss function. Therefore,

after initialising the parameters, usually to random values close to 0, at step (t +1) we

update each of them with the following rule:

θθθ
(t+1) = θθθ

(t)−η
∂L(θθθ)

∂θθθ
(t)

(2.2)

where η is the learning rate, determining the step size at each iteration. This is the

standard formulation of batch gradient descent, in which the loss function is computed

over all the N samples available. This means that in each epoch, the parameters are

updated only once (an epoch refers to one cycle through the full training dataset).

Another possible approach is to update the parameters after each training example is

seen. With this approach, called stochastic gradient descent, we update the parameters

N times for each epoch. This method is faster but less accurate, and the order in which

we present the examples may be relevant. For instance, if we go over all the examples

with a specific label first, the parameters will likely be updated towards an area of the

loss space that is optimal only for that class. For this reason, it is important to shuffle

the data. A possible middle ground between the two approaches is represented by

mini-batch gradient descent, in which an update of the parameters is performed after

seeing a fraction of the training samples.

In this thesis, we use adaptive optimisation algorithms, specifically Adam (Kingma

and Ba, 2014) and AdamW (Loshchilov and Hutter, 2017), instead of standard stochas-

tic gradient descent (SGD). Adam adjusts the learning rate for each parameter individ-

ually, based on its gradient history. In particular, it maintains exponentially decaying

averages of the gradients (first moment) and their squares (second moment). AdamW
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is a variant of Adam that improves generalisation by decoupling weight decay from

the gradient update. Unlike in standard Adam, where weight decay is implemented as

L2 regularisation (which interacts with the adaptive learning rates), AdamW applies

weight decay directly to the weights before the parameter update, leading to better

optimisation behaviour.

Batch normalisation standardises the activations within a mini-batch to stabilise

and accelerate training. For a given feature map value Fk
l , the normalised output is

computed as:

F̂k
l =

Fk
l −µB√
σ2

B + ε

(2.3)

where µB and σ2
B are respectively the mean and variance of the feature values across

the mini-batch, and ε is a small constant added for numerical stability. The normalised

output F̂k
l is then typically scaled and shifted using learnable parameters γ and β.

F
′k
l = γF̂k

l +β (2.4)

Batch normalisation helps reduce internal covariate shift, facilitates gradient flow dur-

ing training, and often leads to improved convergence and generalisation performance

(Ioffe and Szegedy, 2015).

The activation function introduces non-linearity into the network, enabling it to

learn complex representations beyond linear transformations. For a given input feature

map Fk
l , the activation function is applied element-wise as follows:

T k
l = ga(Fk

l ) (2.5)

where Fk
l is the input to the activation function at layer l and channel k, and ga(·) de-

notes the activation function. The output T k
l is the non-linearly transformed feature

map passed to the next layer. Different activation functions are described in the liter-

ature, such as sigmoid, SWISH, ReLU, and its variants leaky ReLU and PReLU (Xu

et al., 2015; LeCun et al., 2012; Wang et al., 2012; Gu et al., 2018; Ramachandran

et al., 2017). However, ReLUs are often preferred for their ability to overcome the

vanishing gradient problem (Nwankpa et al., 2018).

2.4 Convolutional neural networks

Convolutional neural networks (CNNs) are neural networks that use convolution in-

stead of general multiplication of matrices in at least one of their layers. A typical CNN
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architecture generally includes alternating layers of convolution and pooling, which are

followed by one or more fully connected layers at the end (Khan et al., 2020). Different

regulatory units, such as dropout and batch normalisation are also often incorporated

to optimise CNN performance (Bouvrie, 2006). Deep CNN architectures often have

an advantage over shallow architectures when dealing with complex problems because

their multilayered structure, made up of multiple linear and non-linear units, provides

them with the ability to learn representations at different levels of abstraction by ex-

tracting both low and high-level features (Khan et al., 2020). The convolutional layers

are composed of a set of kernels. They work by dividing the image into small blocks,

also known as receptive fields. Kernels convolve with the images by multiplying their

elements with the corresponding elements of the receptive field using a specific set of

weights.

Convolutional operations, thanks to weight sharing, are able to extract different

sets of features from an image by sliding kernels with the same set of weights on the

image (LeCun et al., 2015).

Features extracted by convolution operations can occur at different locations in the

image, but their exact location is less important as long as their position relative to

other features is preserved.

Pooling is a local down-sampling operation that reduces the spatial dimensions

of feature maps while retaining the most salient information (Lee et al., 2016). It

helps reduce the computational complexity of subsequent layers. The general pooling

operation applies a function to summarise local regions of a feature map. For a given

input Fk
l at layer l and channel k, the operation can be written as:

Zk
l = gp(Fk

l ) (2.6)

gp(·) defines the pooling function (e.g., max, average, or L2 norm) and Zk
l is the result-

ing pooled feature map. This function aggregates local information within a defined

window (e.g. 2× 2 or 3× 3 regions), selecting a representative value to summarise

each region. Pooling reduces sensitivity to small spatial distortions or translations by

focusing on dominant or average activations, thereby improving the robustness and

generalisation capability of the network. In addition, by reducing the dimensionality

of intermediate feature maps, pooling acts as a form of regularisation and contributes

to computational efficiency. Common pooling strategies include max pooling, which

selects the maximum activation within a region, average pooling, which computes the

mean, and L2 pooling, which calculates the root of the mean squared values within the
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window.

A fully connected layer performs a linear combination of the selected features,

often followed by a non-linear activation function.

2.5 Machine Learning Methods for Ischaemic Stroke De-

tection

Early attempts at automated ischaemic stroke identification relied on traditional ma-

chine learning algorithms, which required manual feature extraction. Support Vector

Machines (SVMs) have been widely used in medical image analysis due to their ability

to handle high-dimensional data and their effectiveness in classification tasks. Taka-

hashi et al. (2014) employed SVMs for acute stroke detection, focusing on four key

features within regions of interest: 1) maximum pixel value, 2) average pixel value,

3) number of pixels, 4) number of connections. Decision trees offer an interpretable

approach to classification problems. Ostrek and Przelaskowski (2012) utilised deci-

sion trees for ischaemic stroke identification, leveraging their ability to handle both

numerical and categorical data. The hierarchical nature of decision trees allowed for a

step-by-step classification process, potentially mimicking the diagnostic reasoning of

clinicians. Linear Discriminant Analysis, as employed by Saito et al. (2010), provides

a method for finding a linear combination of features that characterises or separates two

or more classes of objects or events. In the context of stroke identification, LDA can

be used to differentiate between normal and ischaemic brain tissue based on extracted

features. Some researchers have focused on texture analysis as a means of identifying

ischaemic regions. Chawla et al. (2009) utilised histograms of pixel intensity values to

capture textural information. This approach can potentially identify subtle changes in

brain tissue density that are indicative of ischaemia.

The advent of deep learning has revolutionised the field of medical image analysis,

including ischaemic stroke identification. Deep neural networks, particularly Convo-

lutional Neural Networks (CNNs), have demonstrated superior performance in many

image analysis tasks, largely due to their ability to automatically learn relevant features

from the data. Two-dimensional CNNs have been widely adopted for medical image

analysis due to their effectiveness in capturing spatial relationships in image data. Chin

et al. (2017) employed a 2D CNN architecture for stroke detection, working with small

32×32 patches. While this approach showed promise, the limited dataset size (256 im-
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ages total) and lack of architectural details in the publication limit the generalisability

of their findings. Three-dimensional CNNs extend the concept of 2D convolutions to

volumetric data, making them particularly suitable for analysing 3D medical imaging

data such as CT and MRI scans. Several studies have explored the use of 3D CNNs for

ischaemic stroke detection. Öman et al. (2019) utilised a variation of the DeepMedic

architecture (Kamnitsas et al., 2016), training on a set of 30 patients with manually

annotated infarct regions. This study demonstrated the potential of 3D CNNs in ac-

curately delineating ischaemic regions, although with a limited dataset. Beecy et al.

(2018) employed a 3D CNN on a dataset of 114 patients. However, the lack of de-

tailed architectural information in their publication makes it difficult to fully assess

or reproduce their method. Lisowska et al. (2017) focused on detecting specific is-

chaemic signs, such as the hyperdense artery sign, which is an increased radiodensity

of an artery as seen on a CT scan. They adopted a 3D architecture but decomposed

the kernels such that convolutions are applied one dimension at a time to reduce the

number of parameters. They also included a comparison of left and right hemispheres,

performed by considering two parallel CNN channels taking as input patches extracted

from both hemispheres.

While significant progress has been made in applying machine learning to is-

chaemic stroke identification, these papers have some shortcomings related to the lim-

ited size of the data employed and the lack of details about their methods. Additionally,

while deep learning models often outperform traditional methods, their ‘black box’ na-

ture can be a barrier to clinical adoption.

2.6 Saliency maps

Deep learning models are often described as black boxes, since it is difficult to inter-

pret their outputs. However, in critical applications such as medical imaging, inter-

pretability has a key role. In fact, by explaining the decisions of a neural network, we

can provide support to humans and discover any bias that may affect our model (Kim

et al., 2018).

To address the opaque nature of deep learning models for image classification, re-

cent research focuses on generating explanations through heat maps that highlight crit-

ical areas influencing the models’ decisions. There are two main methods for creating

these explanations, known as saliency maps: post-hoc methods and attention models.

Post-hoc methods are versatile algorithms applicable to any model without the need
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for fine-tuning, whereas attention models are specialised architectures that incorporate

an attention layer within the model itself, producing a saliency map (also known as an

attention map). These architectures are specifically referred to as attention models.

2.6.1 Post-hoc methods

Perturbation methods involve altering the input image to assess the impact of each

part on the output score for the class of interest. An example of this approach is RISE

(Petsiuk et al., 2018). RISE slices the image into a rectangular grid and applies random

binary masks to the input image to determine which areas cause the most significant

drop in the class score when masked. The average score drop for each spatial position

is then used directly to create a saliency map.

Another approach for generating saliency maps involves weighting the feature

maps produced at a feature layer of a CNN to explain the predicted class. These

methods create saliency maps at the resolution of the feature maps from that layer.

A foundational method in this category is the Class Activation Map (CAM) method

(Zhou et al., 2016), which aggregates the feature maps of the last layer, weighting

them according to their influence on the score of the class being explained. In particu-

lar, let f i(x) denote the i-th feature map of the last layer for input x, c the index of the

class to be explained, and wic the weight of the linear layer connecting f i with the score

of the class c, the saliency map is defined as: CAM(x) = ∑i wic f i(x). One limitation

of the CAM method is its requirement for the classification layer to be directly con-

nected to the feature maps. Gradient-weighted CAM (Grad-CAM) (Selvaraju et al.,

2017) addresses this issue by generalising CAM to work with all architectures where

class scores are a continuous function of the feature maps. Grad-CAM achieves this

by computing the gradients of the classification score with respect to the feature maps.

Grad-CAM++ (Chattopadhay et al., 2018) and Score-CAM (Wang et al., 2020) fur-

ther enhance the Grad-CAM method. Grad-CAM++ introduces pixel-wise weighting

of the gradients of the output concerning a specific spatial position in the final convo-

lutional layer, providing a more detailed measure of each pixel’s importance for the

classification decision. In contrast, Score-CAM eliminates the reliance on gradients

by using forward passes to measure how much each activation map contributes to the

target class score, offering a gradient-free alternative.

The last family of approaches involves backpropagating information from the model’s

output back to the input image to produce the saliency maps. The gradient method (Si-
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monyan et al., 2014) simply visualises the gradient of the score of the class of interest

with respect to the input image. To enhance it, Springenberg et al. (2015) introduced

Guided Backpropagation, which suppresses negative gradients using ReLU activation.

Sundararajan et al. (2017) introduced the Integrated Gradient Method, which integrates

gradients between the input image and a reference image. SmoothGrad (Smilkov et al.,

2017) improves the Integrated Gradient by averaging gradients obtained from the in-

put image perturbed with Gaussian noise. Adebayo et al. (2018a) introduced a variant

called VarGrad, which uses the variance of the integrated gradient maps of the per-

turbed input as an explanation.

2.6.2 Attention methods

Several attention modules have been developed to enable models to selectively focus

on specific regions of an image. These modules generate attention maps that assign

varying weights to different areas of the image. This capability enables the model

to disregard irrelevant background and to emphasise crucial parts of the object under

consideration. Consequently, these attention maps serve as visual explanations similar

to those generated by the methods discussed in the previous section.

Attention architectures, particularly popularised by the transformer model (Vaswani

et al., 2017), have shown remarkable results. Initially introduced for natural language

processing tasks, the transformer architecture has proven its effectiveness in computer

vision applications as well.

The transformer model’s design, characterised by its extensive use of attention lay-

ers, generates multiple attention maps. This can pose challenges in terms of inter-

pretability. However, a practical approach has been proposed to address this issue by

utilising the attention map associated with the CLS token from the last layer:

AAA = softmax
(

QQQCLSKKKT
√

dk

)
where QQQCLS is the query of the CLS token, KKK is the matrix of key vectors, and dk is

the dimensionality of each key vector (i.e., the number of columns in KKK). The soft-

max function is applied row-wise to the attention scores. The CLS token is a special

learnable embedding prepended to the input sequence. It serves as an aggregate repre-

sentation of the entire input, enabling the model to summarise contextual information

for classification tasks.

Other approaches use convolution layers to compute an attention map. In the Bi-

linear Attention Pooling (BAP) module (Hu et al., 2019), feature maps FFF are extracted
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by a convolutional neural network (CNN). These maps undergo a 1×1 convolution to

produce an attention map AAA, which guides the model to focus on key areas of interest

in the input data. The attention map AAA is then multiplied with the feature maps FFF ,

resulting in weighted feature maps FFFatt . To aggregate spatial information effectively,

average pooling is applied to FFFatt , yielding a final feature vector that retains essential

details for classification tasks. Zheng et al. (2017) introduced the multi-attention CNN

model, which defines an attention map as a weighted average of feature maps. These

weights are computed using a dense layer. Additionally, attention mechanisms employ-

ing multiple convolution layers have been explored. For instance, Fukui et al. (2019)

proposed to generate an attention map using a sequence of convolutions interleaved

with batch normalisation and ReLU activations, ending with a sigmoidal activation.

In a different approach, Dubey et al. (2018) implemented a cross-attention mechanism

where images are processed in pairs. Information extracted from one image is used to

attend to specific channels in the feature maps of the other image, instead of processing

images individually.

2.7 Counterfactuals generation

Counterfactual explanations are becoming increasingly popular in the context of in-

terpretability (Mothilal et al., 2020; Wachter et al., 2017). Given an input image for

which a neural network predicts class y, a counterfactual explanation identifies how

the image should change for the output class to become y′ (Goyal et al., 2019). In this

way, we are able to understand which parts of the image are the most important for the

classification outcome and how they need to be changed to obtain a different class. For

a useful counterfactual explanation, we need to find interpretable features and be able

to control them, for instance with generative models.

In Cohen et al. (2021), the authors use an autoencoder and a gradient update in

latent space to transform the latent representation of chest X-ray images, in order to

accentuate or reduce the features used for prediction. In particular, an autoencoder

D(E(xxx)), where E is the encoder and D is the decoder, and a classifier f , are trained

separately. Then, an input image xxx is encoded using E(xxx), producing a latent repre-

sentation zzz. Then, we can compute perturbations of the latent space in the following

way:

zzzλ = zzz+λ
∂ f (D(zzz))

∂zzz
(2.7)
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These representations can be used to create λ-shifted versions of the original im-

age: xxx′
λ
= D(zzzλ). For positive values of λ, the new image xxx′

λ
will produce a higher

prediction, such that f (xxx′
λ
) > f (xxx), while for negative values of λ, it will produce a

lower prediction. In this way, we are able to explain the predictions of the classifier by

observing how the input images need to be modified in order to increase or decrease

the prediction of the model

Schutte et al. (2021) trained a StyleGAN and looked for the minimal modification

in the latent space that keeps the image as close as possible to the original one, but

changes the class prediction. In particular, given a classifier f trained on a dataset

D ∈ X ×Y , where X denotes the set of input images and Y the labels, they first train

a StyleGAN2 (Karras et al., 2020), that has a generator G : Z → X . As observed

by Wu et al. (2021b), the latent space Z scores highly in terms of disentanglement

and completeness. This indicates that each dimension of Z is more likely to control

a single attribute. They generate synthetic images G(zzzi) using the generator G and

sampling zzzi from the latent space. Then, they train an encoder E : X → Z on the set

of synthetic images G(zzzi) to retrieve the latent representation zzzi. Finally, they train a

logistic regression classifier f̃ (zzzi) = σ(αtzzzi+β) to predict the labels ỹi = f (G(zzzi)) that

are associated with the latent vectors. Therefore, given an input image xxx ∈ X , they are

able to find the associated latent vector zzz = E(xxx) and create new images G(zzz+λα) that

have a lower or higher prediction value, depending on the value of λ

In Baumgartner et al. (2018), the authors propose a method to learn a map that

highlights the areas more relevant for the class to which each image belongs and test its

ability to detect the areas of the brain, which are involved in the progression from mild

cognitive impairment (MCI) to Alzheimer’s disease (AD). Given an image xxx and the

distributions of images coming from class c= 0 and c= 1, pd(xxx|c= 0) and pd(xxx|c= 1)

respectively, they estimate a function M(xxx) which, when added to an image xxxi from

class c = 1, produces an image:

xxx′i = xxxi +M(xxxi) (2.8)

Therefore, M(xxxi) contains the features more relevant to distinguish the image xxxi

from the other class. The map is modeled as a convolutional neural network that is

trained using a Wasserstein GAN (Arjovsky et al., 2017). In particular, the generator

M(xxxi) takes as input images xi of class 1 and tries to generate maps that when added to

xxxi, produce images that appear to be from class 0. On the other hand, the critic tries to

distinguish the generated images from real images of class 0. The loss function is the
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following:

LGAN(M,D) = Exxx∼pd(xxx|c=0)[D(xxx)]−Exxx∼pd(xxx|c=1)[D(xxx+M(xxx))] (2.9)

They also add a regularisation term to the loss function, to encourage the smallest

possible change from the original image: LREG(M) =
∥∥M(xxx)

∥∥
1

2.8 Adversarial examples

Machine learning models have demonstrated susceptibility to adversarial examples,

a phenomenon extensively studied in the field of AI security (Papernot et al., 2016;

Szegedy et al., 2013; Goodfellow et al., 2014). These adversarial examples are gen-

erated by introducing subtle perturbations to input data, resulting in samples that ap-

pear genuine to human observers but successfully deceive trained classifiers. The cre-

ation of adversarial examples has been approached through various methodologies.

Gradient-based techniques, such as the Fast Gradient Sign Method (FGSM) (Kurakin

et al., 2018) and DeepFool (Kurakin et al., 2018) manipulate input features based on

the model’s gradient. In contrast, generative methods employ adversarial networks to

produce entirely new instances that exploit model vulnerabilities (Zhao et al., 2018).

Qi et al. (2021) introduce an attack method specifically tailored for medical imaging,

incorporating loss deviation and stabilisation terms to generate adversarial perturba-

tions. It’s worth noting that the techniques used to obtain adversarial examples share

similarities with those employed in counterfactual generation.

Adversarial training involves augmenting each training mini-batch with adversar-

ial examples to enhance the model’s robustness against such attacks (Madry et al.,

2017). Tsipras et al. (2018) observed that adversarially trained networks tend to de-

velop gradients that align more closely with perceptually relevant features, potentially

offering insights into model interpretability. However, the implementation of adversar-

ial training is not without drawbacks. A common observation is a trade-off between

adversarial robustness and standard accuracy (Raghunathan et al., 2019; Etmann et al.,

2019). Models trained to resist adversarial attacks often exhibit decreased performance

on unperturbed data. Other work has explored the transferability of adversarial exam-

ples across different models and architectures (Liu et al., 2022). This phenomenon

raises concerns about the potential for black-box attacks, where adversaries can craft

examples without direct access to the target model. Additionally, the field has seen
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advancements in developing adaptive attack methods that can overcome specific de-

fences (Carlini and Wagner, 2017), emphasising the ongoing arms race between attack

and defence strategies in adversarial machine learning. Researchers are also investi-

gating the theoretical foundations of adversarial examples, seeking to understand why

deep learning models are particularly susceptible to these perturbations (Gilmer et al.,

2018). Some theories propose that this vulnerability is an inherent property of high-

dimensional spaces, rather than a flaw in specific model architectures. As the field

progresses, there is growing interest in developing certified defences (Cohen et al.,

2019) that can provide provable guarantees of robustness against certain classes of ad-

versarial attacks, potentially offering a more rigorous approach to securing machine

learning models in critical applications.

2.9 Diffusion models

Diffusion models have emerged as a powerful class of generative models in machine

learning, particularly in the domain of image or video generation. These models work

by gradually adding noise to data and then learning to reverse this process, allowing

for high-quality sample generation. Diffusion models have three different formula-

tions: denoising diffusion probabilistic models (DDPMs) (Ho et al., 2020), score-based

generative models (SGMs) (Song and Ermon, 2019, 2020), and stochastic differential

equations (SDEs) (Song et al., 2020b). This thesis primarily focuses on the DDPM

formulation, which will be described in detail in the following section.

2.9.1 Denoising Diffusion Probabilistic Models

Denoising diffusion probabilistic models employ two Markov chains: a forward one

to perturb data to noise and a backward one to convert noise back to data. The former

is usually hand-crafted to transform any data distribution into a simple prior distri-

bution (typically a standard Gaussian), while the latter reverses the forward process

by learning transition kernels that are parametrised by a neural network. In order to

generate new points, we can first sample a random vector from the prior distribution

and then perform ancestral sampling through the backward Markov chain. More for-

mally, given a data distribution xxx0 ∼ q(xxx0), the forward Markov process generates a

sequence of random variables xxx1,xxx2, . . . ,xxxT with transition kernel q(xxxt | xxxt−1). Using

the chain rule of probability and the Markov property, it is possible to factorise the
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joint distribution of xxx1,xxx2, . . . ,xT conditioned on xxx0, denoted as q(xxx1, . . . ,xxxT | xxx0), into

q(xxx1, . . . ,xxxT | xxx0) =
T

∏
t=1

q(xxxt | xxxt−1). (2.10)

In DDPMs, we handcraft the transition kernel q(xxxt | xxxt−1) to progressively trans-

form the data distribution q(xxx0) into a tractable prior distribution. A typical choice for

the transition kernel is a Gaussian perturbation, while the transition kernel is often set

as:

q(xxxt | xxxt−1) = N (xxxt ;
√

1−βtxxxt−1,βtI), (2.11)

where βt ∈ (0,1) is a hyperparameter chosen ahead of model training. This Gaussian

transition kernel allows us to marginalise the joint distribution in Eq. 2.10 to obtain the

analytical form of q(xxxt | xxx0) for all t ∈ {0,1, . . . ,T}. Specifically, with αt = 1−βt and

ᾱt := ∏
t
s=1 αs, we have

q(xxxt | xxx0) = N (xxxt ;
√

ᾱtxxx0,(1− ᾱt)I). (2.12)

Therefore, given xxx0, we can compute xxxt by sampling a Gaussian vector εεε ∼ N (000,I)
and applying the transformation

xxxt =
√

ᾱtxxx0 +
√

1− ᾱtεεε. (2.13)

When ᾱT ≈ 0, xxxT is almost Gaussian in distribution, so we have q(xxxT ) ≈
∫

q(xxxT |
xxx0)q(xxx0)dxxx0 ≈N (xxxT ;000,I).

For generating new data samples, we can first generate a noise vector from the prior

distribution and then gradually remove noise by running a learnable Markov chain in

the reverse time direction. In particular, the reverse Markov chain is parameterised by

a prior distribution p(xxxT ) = N (xxxT ;000,I) and a learnable transition kernel pθ(xxxt−1 | xxxt).

We choose the prior distribution p(xxxT ) = N (xxxT ;000,I) because the forward process is

constructed such that q(xxxT )≈N (xxxT ;000,I). The learnable transition kernel pθ(xxxt−1 | xxxt)

takes the form of

pθ(xxxt−1 | xxxt) = N (xxxt−1;µθ(xxxt , t),Σθ(xxxt , t)), (2.14)

where θ denotes model parameters, and the mean µθ(xxxt , t) and variance Σθ(xxxt , t) are

parameterised by a neural network. Using this reverse Markov chain, we can there-

fore generate a data sample xxx0 by first sampling a noise vector xxxT ∼ p(xxxT ) and then

iteratively applying the transition kernel xxxt−1 ∼ pθ(xxxt−1 | xxxt) until t = 1.
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In order to successfully perform this sampling process, we have to train the reverse

Markov chain to match the actual time reversal of the forward Markov chain. In other

words, we have to learn parameters θ so that the joint distribution of the reverse Markov

chain pθ(xxx0,xxx1, . . . ,xxxT ) := p(xxxT )∏
T
t=1 pθ(xxxt−1 | xxxt) approximates that of the forward

process q(xxx0,xxx1, . . . ,xxxT ) := q(xxx0)∏
T
t=1 q(xxxt | xxxt−1) (Eq. 2.10). To achieve this, we

minimise the Kullback-Leibler (KL) divergence between these two:

KL(q(xxx0,xxx1, . . . ,xxxT ) ∥ pθ(xxx0,xxx1, . . . ,xxxT )) (2.15)

=−Eq(xxx0,xxx1,...,xxxT ) [log pθ(xxx0,xxx1, . . . ,xxxT )]+ c (2.16)

= Eq(xxx0,xxx1,...,xxxT )

[
− log pθ(xxxT )−

T

∑
t=1

log
pθ(xxxt−1 | xxxt)

q(xxxt | xxxt−1)

]
+ c (2.17)

≥ E[− log pθ(xxx0)]+ c, (2.18)

where 2.17 comes from the fact that q(xxx0,xxx1, . . . ,xxxT ) and pθ(xxx0,xxx1, . . . ,xxxT ) are both

products of distributions, while 2.18 from Jensen’s inequality. The expectation in Eq.

2.17 is the negative variational lower bound (VLB) of the log-likelihood of the data

xxx0. The objective of training is to maximise the VLB (or equivalently minimise the

negative VLB).

Ho et al. (2020) noticed that reweighting various terms in LV LB allows to obtain

better sample quality. In particular, the loss proposed in (Ho et al., 2020) is:

Et∼U[1,T ],xxx0∼q(xxx0),ε∼N (000,I)
[
λ(t)∥εεε− εεεθ(xxxt , t)∥2] (2.19)

where λ(t) is a positive weighting function, xxxt is computed from xxx0 and εεε with Eq.

2.13, U[1,T ] is a uniform distribution over the set {1,2, . . . ,T}, and εεεθ is a deep neural

network with parameter θ that predicts the noise vector εεε given xxxt and t. This objective

is equivalent to Eq. 2.17 for a particular choice of the weighting function λ(t).

Recent research on diffusion models aims to enhance these classical methods (DDPMs,

SGMs, and Score SDEs) in three key areas: achieving faster and more efficient sam-

pling, improving accuracy in likelihood and density estimation, and addressing data

with unique structures (such as permutation invariance, manifold structures, and dis-

crete data).

2.9.2 Guided diffusion

Conditioning the diffusion process on label guidance is a straightforward approach to

introduce desired properties into generated samples. However, when labels are scarce,

it becomes challenging for diffusion models to fully capture the entire data distribution.
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In Nichol and Dhariwal (2021), the authors showed that sampling from class-

conditional models can be improved using classifier guidance. In order to do so, a

classifier is first trained to classify noised samples xxxt . Then, while sampling from a

class-conditional diffusion model with mean µθ(xxxt |y) and variance Σθ(xxxt |y), the gradi-

ents of the classifier ∇xxxt logpφ(y|xxxt) for a target class y are used to perturb the diffusion

model in the following way:

µ̂θ(xxxt |y) = µθ(xxxt |y)+ω ·Σθ(xxxt |y)∇xxxt log pφ(y|xxxt), (2.20)

where ω is the guidance scale. Increasing ω improves sample quality at the cost of

diversity. Another technique to guide diffusion models, proposed by Ho and Salimans

(2021), is classifier-free guidance. During training, the label y of a class-conditional

diffusion model εθ(xxxt |y) is replaced with a null label /0 with a fixed probability. During

sampling, the output of the model is extrapolated further in the direction of εεεθ(xxxt |y)
and away from εεεθ(xxxt | /0) in the following way:

ε̂εεθ(xxxt |y) = εεεθ(xxxt | /0)+ω(εεεθ(xxxt |y)− εεεθ(xxxt | /0)), (2.21)

where ω≥ 1 is the guidance scale.

CLIP guidance leverages the CLIP model, which was introduced by Radford et al.

(2021) to learn a joint representation between text and images. A CLIP model com-

prises two distinct components: an image encoder f (xxx) and a caption encoder g(c).

During training, batches of image-text pairs (xxx,c) are drawn from a large dataset.

The model optimises a contrastive cross-entropy loss that promotes a high dot-product

f (xxx) ·g(c) when the image xxx is paired with the corresponding caption c, and a low dot-

product when the image and caption are from different pairs in the training data. CLIP

guidance steers the sampling process towards generating images that better match a

given text prompt. This approach was popularised by works such as Imagen (Saharia

et al., 2022) and builds upon the classifier guidance method. In particular, we can per-

turb the mean of the backward process with the gradient of the dot product f (xxx) ·g(c)
in the following way:

µ̂θ(xxxt |c) = µθ(xxxt |c)+ s ·Σθ(xxxt |c)∇xxxt ( f (xxxt) ·g(c)) (2.22)

In principle, CLIP should be trained on noised images to obtain the correct gradient

to steer the sampling process. However, in Crowson, Katherine (2021) the authors

showed that even the original CLIP model could be used to guide the diffusion model.
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2.10 Anomaly Detection in Medical Imaging

Anomaly detection in medical images plays a crucial role in diagnosing diseases and

monitoring their progression. This task involves identifying abnormal patterns or struc-

tures that deviate from the expected appearance of healthy tissues. However, the

scarcity of pixel-wise annotations for abnormalities, due to the expensive and time-

consuming nature of manual labeling, has led to increased interest in unsupervised and

weakly-supervised anomaly detection methods.

Autoencoders have been widely adopted for unsupervised anomaly detection in

medical imaging. The general principle behind these approaches is to train the au-

toencoder to reconstruct data from healthy subjects, establishing a model of “normal”

appearance. During inference, the model attempts to map potentially diseased im-

ages to the learned distribution of healthy patients. The discrepancy between the input

image and the reconstructed output serves as an anomaly map, highlighting regions

that deviate from the expected healthy appearance. Zimmerer et al. (2018) proposed

a context-encoding autoencoder that learns to predict image patches from their sur-

rounding context, enabling the detection of local anomalies. In Chen and Konukoglu

(2018), the authors developed a variational autoencoder-based approach for unsuper-

vised lesion detection in brain MRI, leveraging the model’s ability to learn a compact

latent representation of normal brain anatomy. Seeböck et al. (2016) introduced an un-

supervised anomaly detection method for retinal optical coherence tomography (OCT)

images using a convolutional autoencoder trained on healthy examples as feature ex-

tractor and a One-Class SVM to estimate the distribution of normal appearance. The

main advantage of autoencoder-based methods is their simplicity and interpretability.

However, they may struggle with complex, high-dimensional data and can sometimes

produce blurry reconstructions, potentially missing subtle anomalies.

Generative Adversarial Network (GAN)-based approaches typically involve train-

ing a generator to produce realistic healthy images and a discriminator to distinguish

between real and generated samples. The learned representations can then be used to

identify anomalies in new, unseen images. Schlegl et al. (2019) proposed f-AnoGAN.

They trained a generative model and a discriminator to distinguish between generated

and real data. They also propose a mapping scheme to evaluate new data at test time

and identify anomalous regions. In Keshavamurthy et al. (2021), the authors proposed

a weakly-supervised Wasserstein GAN for chest X-ray anomaly detection, learning to

map diseased images to healthy ones using unpaired data. Wolleb et al. (2020) de-
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veloped DeScarGAN, a GAN-based approach for image-to-image translation between

healthy and diseased subjects, specifically applied to cardiac MRI for myocardial scar

segmentation. GAN-based methods often produce sharper and more realistic recon-

structions compared to autoencoders, potentially leading to more accurate anomaly

detection. However, they can be challenging to train and may suffer from mode col-

lapse or instability issues.

More recently, diffusion models have shown promise in anomaly detection tasks,

leveraging their ability to model complex data distributions and generate high-quality

samples. In the study by Wolleb et al. (2022), diffusion models were utilised by first

training a probabilistic diffusion model on both diseased and healthy images, along-

side a binary classifier trained on noised samples. They then used deterministic sam-

pling from DDIM and classifier guidance (Dhariwal and Nichol, 2021) to transform

a diseased image into a healthy one. Another possibility would be to guide the dif-

fusion model with classifier-free guidance (Ho and Salimans, 2021). A drawback of

these guidance-based approaches is their dependence on a binary classifier trained on

noised samples (as in classifier guidance) or an implicit classifier for noised samples

through the joint training of conditional and unconditional models (as in classifier-free

guidance). While these methods can be effective for natural images, they can be less

successful for medical images, where adding noise quickly erases most class-specific

information, rendering the guidance unreliable.

The advantage of diffusion model-based approaches lies in their strong generative

capabilities and the ability to incorporate guidance mechanisms. However, they often

require longer inference times compared to GAN or autoencoder-based methods due

to the iterative sampling process
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Challenges of Building Medical Image

Datasets for the Development of Deep

Learning Models in Stroke

3.1 Contributions

First explorations of leveraging the IST3 dataset for this work were done by Eleanor

Platt as part of her MScR project (Platt, 2019), which involved substantial work in

interpreting the disparate scanner formats within the dataset and providing an ini-

tial detector. Wenwen Li then further and significantly developed the pre-processing

pipeline described in Section 3.4.4 up to step 5, under the guidance of Mair Grant,

Amos Storkey, Joanna Wardlaw, and Emanuele Trucco, before I joined the project. I

then developed the code to handle scans containing slices with different orientations,

selecting the set of slices with axial orientation when they are the majority, and run-

ning the pipeline on these previously excluded scans. Steps 6 to 8 of the pipeline were

developed collaboratively by Wenwen Li and me, along with the initial draft of the

first paper. In particular, I contributed approximately 30% of the work, while Dr. Li

contributed the remaining 70%.

3.2 Context and Subsequent Developments

The work in this chapter details a comprehensive pipeline for the pre-processing of

heterogeneous, real-world clinical CT scans, a foundational step that is critical for

developing robust deep learning models but whose practical challenges are rarely re-

24
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ported in depth. Since this work was conducted, the development of sophisticated

pre-processing pipelines has remained an active area of research, though much of the

focus has been on MRI data, which presents a different set of technical challenges.

For example, DeepPrep (Ren et al., 2025) presents a pipeline that integrates multi-

ple deep learning modules to perform tasks on MRI images, such as cortical surface re-

construction, parcellation, and surface registration. Other work, such as that by Kalai-

selvi et al. (2022), has focused on a different set of challenges: data augmentation to

expand small MRI datasets and advanced denoising techniques to handle Rician noise.

These MRI-focused pipelines provide a valuable point of comparison. They tackle

issues like anatomical surface modeling and specific noise profiles inherent to MRI,

which differ significantly from the challenges of CT data that our work addresses, such

as filtering out bone reformats, handling inconsistent Hounsfield Units, and managing

scans split at the skull base.

While pipelines for curating research-grade MRI data are actively being devel-

oped, recent literature still lacks similarly comprehensive and practical pre-processing

frameworks for clinical CT datasets. The unique artifacts, scanner-specific variations,

and acquisition protocols common in routine CT scans (e.g., localisers, mixed orienta-

tions) are often overlooked. This context underscores the specific contribution of this

chapter: providing a detailed, replicable framework to address these challenges in CT

data preparation.

3.3 Introduction

Deep learning (DL) techniques (LeCun et al., 2015) have risen in popularity and

achieved the best performance in many computer-vision benchmarks. At the same

time, the interest in DL for medical image analysis is expanding rapidly (Esteva et al.,

2021; Ting et al., 2019). However, the development of successful supervised algo-

rithms, the most common type of deep learning algorithms, requires very large datasets

(LeCun et al., 2015). Due to data privacy concerns, many clinical datasets cannot be

made publicly available. With few exceptions, this leads to small, highly curated pub-

lic medical datasets that limit the applicability of DL methods and do not reflect the

variable quality of real clinical images.

Ideally, DL methods for healthcare should be applicable to unselected, routinely ac-

quired medical images ‘hot off the scanner’. But, in reality, data curation additional to

that carried out for clinical studies or real-world care is often required. The challenges
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of preparing images and related data acquired routinely in clinics, while minimising

data loss and maintaining representativeness, are rarely reported and no standardised

methodology exists.

In this chapter, we present our experience of preparing and standardising data for

DL models. Our dataset is composed of brain CT scans collected as part of a large,

multicentre clinical trial (Sandercock et al., 2012; Wardlaw et al., 2015a), from patients

with acute ischaemic stroke, and used here as a proxy for routinely acquired clinical

data. Indeed, the trial established only minimum requirements, such as whole brain

coverage and preferred slice thickness and interval, for the scans to be deemed accept-

able. We present a complete data preparation pipeline, where we address issues such

as dealing with multiple image series produced by a single visit to the CT scanner,

finding only standard axial image data, excluding scans with poor patient positioning

and datasets without visible brain tissue (localisers, bone reformats). Additionally,

while human readers can ignore factors such as ‘dead space’ outside the head, we

needed to further crop, pad, resize and scale images to accommodate the requirement

of consistent size and to reduce the influence of extraneous background data on DL

performance.

By providing detailed insights into the data preparation process, we aim to con-

tribute to the standardisation of methodologies in medical image analysis and advance

the field of automated stroke detection. Our data pre-processing pipeline offers a

blueprint for transforming heterogeneous clinical imaging data into a format suitable

for DL applications.

3.4 Methods

3.4.1 Source Data

We used CT brain scans from the Third International Stroke Trial (IST-3) (Sandercock

et al., 2012; Wardlaw et al., 2015a), which recruited patients between 2000 and 2011.

In particular, IST-3 recruited 3,035 patients with acute ischaemic stroke from 156 cen-

tres in 12 countries. 52% of the patients were female and the median age was 71 years,

typical for acute stroke patients. CT scans came from 6 different CT scanner vendors

(Siemens, Philips, GE, Hitachi, Toshiba, Picker).

To ensure that the trial results would generalise to routine clinical practice and

to maximise recruitment, the IST-3 imaging criteria stipulated that recruiting centres
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meet only minimum essential requirements for the CT brain scans as reported previ-

ously (Sandercock et al., 2012; Wardlaw et al., 2015a,b) (e.g., whole brain coverage,

preferred window level and width, preferred slice thickness and interval). This aimed

to minimise delays in clinical care and maximise the relevance of the data collected.

Scans were not excluded on the basis of image quality, e.g., if patients moved during

scanning, as long as they were deemed satisfactory for diagnosis. The central IST-3

imaging dataset includes scanners from six different manufacturers, different imaging

parameters and, as is common in clinical practice, reformatted image sets (all derived

from the same raw data) in axial and non-axial orientations, as well as image sets pro-

cessed with different filters, e.g., for viewing soft tissue and bone. Therefore, although

IST-3 images were curated for the trial, they closely resemble data acquired during

routine care.

All brain scans were centrally assessed by a single expert drawn from a panel of 10,

and who had undergone prior assessment for consistency (inter-rater agreement greater

than kappa 0.7 (Wardlaw et al., 2015a)). The experts were masked to all other data ex-

cept whether scans were acquired at baseline or follow-up. They provided labelling for

a range of acute and chronic brain changes related to stroke, including acute ischaemic

brain lesions (Wardlaw and Sellar, 1994; Barber et al., 2000), acute arterial obstruction

(on non-enhanced CT, presence of a hyperattenuating artery (Mair et al., 2015a)), and

at follow-up acute haemorrhage, all quantified by location and extent (1-4 with 1 being

smallest, 4 the largest) using clinically validated methods. In particular, the algorithm

used to classify the different lesions can be found in Appendix 5 of the IST3 dataset

description 1. The International Stroke Trial (IST3) has developed a comprehensive

algorithm for coding lesion location and size, widely used in acute stroke trials, which

takes into account various factors, such as the affected brain regions, infarct type and

extent. The schema identifies the vascular territory and extent of involved tissue using

hierarchical numbers and reflects typical patterns of infarcts commonly seen in acute

ischaemic stroke. The method aligns with other commonly used visual scoring systems

such as ASPECTS (Wardlaw et al., 2010), although it has the advantage of classify-

ing all vascular territories (not just the MCA), indicating the location and extent of

the lesion (not just the extent), and reflecting the likely site of arterial occlusion. The

numbers reflect the relative extent of the affected arterial territory or combinations of

territories but do not correspond to absolute volumes of tissue.

The expert imaging assessment included the identification and labelling of acute

1https://datashare.ed.ac.uk/handle/10283/1931.

https://datashare.ed.ac.uk/handle/10283/1931
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ischaemic brain lesions, which can occur anywhere in the brain. In particular, AIS le-

sions were divided into seven categories based on global brain anatomy, arterial blood

supply, and lesion type: major arterial territories of cerebral hemispheres (3 categories

– anterior, middle and posterior cerebral – ACA, MCA and PCA respectively), cerebral

border zones (1 category), posterior circulation (2 categories), and lacunar (1 category).

The experts also assessed and labeled scans for chronic brain changes (Van Swieten

et al., 1990), such as atrophy, leukoaraiosis, old stroke lesions, and other benign inci-

dental abnormalities, which may impact the expert or DL assessment of the imaging.

Ultimately, 95% of the images collected centrally in IST-3 were from CT scans.

All images were pseudonymised using an open-source toolkit for medical imaging de-

identification (Job et al., 2017; Rodrı́guez González et al., 2010). Patient names were

replaced with individual trial IDs, and all identifying data was removed.

3.4.2 Data format

MRI and CT scans are usually stored in DICOM format (Digital Imaging and Com-

munications in Medicine) (National Electrical Manufacturers Association, 2021), an

internationally accepted format used by scanner manufacturers and in PACs systems,

whereas the NIfTI format (Neuroimaging Informatics Technology Initiative) (Neu-

roimaging Informatics Technology Initiative, 2021) is widely used in neuroimaging

research. Both formats combine image files with metadata (such as details of the pa-

tient, scanner, imaging sequence, and how, where, and when the image was acquired)

in the form of tags or headers. Metadata can thus include patient identifiable informa-

tion, sometimes in unexpected locations, since many DICOM fields allow the insertion

of free text. In a scan, each slice is a 2-dimensional image, in which pixel intensities

are the scalar values of the corresponding voxel.

3.4.3 Data export and data challenges

All pseudonymised imaging data from IST-3 was first exported from Carestream PACS

to a non-proprietary DICOM format using the dcm4che toolkit, which is an open-

source implementation of the DICOM standard.

The exported DICOM dataset was highly variable on initial visual inspection. For

example, scans had varying dimensions; the number of slices ranged from 11 to 534

(Figure 3.1(a)), the height (Figure 3.1(c)) and the width (Figure 3.1(b)) from 512 to 800

voxels (from 253 to 699 after removing the background), and from 350 to 650 voxels
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(a)

(b) (c)

Figure 3.1: Distribution of the number of slices per scan in the selected CT data (a), as

well as the width (b) and height (c) of the scans. The number of slices per scan varies

considerably, with a minimum of 11 slices in each case. To ensure consistency across

all scans, we uniformly sampled 11 slices per scan.

(from 222 to 512 without background) respectively. Many scan image sets presented

different orientations (axial, sagittal or coronal), while others did not include any visi-

ble brain tissue; this is for example the case of localisers, which are used to identify the

relative anatomical position of a collection of slices within the scan volume. Further-

more, some patients may be ill-positioned during the scan acquisition, and the amount

of background (bone, extra cranial soft tissue, and room air) surrounding the brain in

the CT images is also variable.
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Figure 3.2: Schematic overview of the automated CT pre-processing framework. Each

scan undergoes sequential quality control and standardisation steps, transforming raw

DICOM data into analysis-ready volumetric images. Red boxes show rejection paths

for scans failing specific criteria.

3.4.4 Data processing pipeline

To handle the heterogeneous nature of our dataset, we developed a data cleaning

pipeline to 1) identify axial images, 2) convert DICOM data to NIfTI, 3) remove lo-

calisers and scans with separate image sets for skull base and vault, 4) remove bone

reformats, 5) remove scans with irredeemable poor patient positioning, 6) crop redun-

dant space around patients, 7) pad/resize image dimensions and 8) scale image bright-

ness (CT Hounsfield Units) for consistency. Brief descriptions of each stage are given

below. Figure 3.2 illustrates the data processing pipeline, which is detailed below.

1. Identify axial images: in addition to image sets derived in different viewing ori-

entations (axial, sagittal, coronal), to aid clinical localisation, some scan image

sets may contain a mixture of slice orientations, e.g., a single sagittal slice mixed
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(a) Localisers (b) Skull base (c) Skull vault (d) Bone kernel (e) Tissue kernel

Figure 3.3: Representative examples of CT scan types encountered during pre-

processing, illustrating common acquisition variants that affect image quality and stan-

dardisation. (a) Localiser scans, which lack diagnostic detail and are excluded. (b,c)

Separate acquisitions of skull base and vault regions, demonstrating the segmented

scanning protocol that prevents consistent volume reconstruction. (d,e) Comparison of

bone kernel, optimised for skeletal detail, versus tissue kernel providing superior soft

tissue contrast.

with axial slices. This could lead to errors such as multiple NIfTI files gener-

ated while converting from DICOM. The image orientation of individual slices

is recognisable based on the Image Orientation DICOM tag.

2. Data conversion: we used the dcm2niix (Li et al., 2016) software for DICOM-

to-NIfTI conversion. Clinical CT images can have varying slice thickness, while

NIfTI format requires uniform slice thickness. The dcm2niix tool achieves this

by interpolation. In the conversion, no details are lost, nor are artifacts intro-

duced.

3. Remove localisers and scans with separate image sets for skull base and vault:

auxiliary images called localisers are usually acquired to locate the head of the

patient within the CT volume and to plan the scan orientation relative to the pa-

tient (usually parallel to the anterior skull base for head CT, see Fig. 3.3(a)).

Such images have no immediate value in DL analysis, since they do not in-

clude visible brain tissue. We therefore sought and excluded all localisers using

the ImageType DICOM tag. Since this tag may sometimes be blank, we also

identified localisers observing the number of slices obtained after conversion to

NIfTI. Localisers are converted to independent NIfTI files with only 1 or 2 slices.

Therefore, if the ImageType tag is blank, we excluded the NIfTI files with fewer
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Figure 3.4: MRI T1 weighted template for age 65-70 (a) and 75-80 (b). Spatial nor-

malisation to age-matched templates enables precise anatomical alignment while ac-

counting for age-related structural variations, ensures consistent region definitions, and

minimises registration bias due to atrophy patterns.

than 3 slices.

Some older CT scanners (e.g., pre-2011) may produce separate image sets for

the inferior third of the head including the posterior fossa and superior two thirds

of the head, to allow for greater CT energy through the lower third due to the

dense skull base; modern scanners modulate CT energy automatically within a

single image set (Figure 3.3(b) and (c)) providing one continuous dataset for the

whole head. As the scans consisting of separate inferior and superior parts are

structurally incompatible with other scans acquired as a single brain volume, we

excluded split scans by manually checking all image sets with fewer than 25

slices in total. We chose this threshold by checking the largest slice number for

scans with separate skull base and vault in a random sample of 100 scans with a

median slice number under 40 (40 is the median slice number of the whole IST-3

dataset). Scans acquired as split inferior/superior blocks also had different slice

thicknesses for the inferior and superior volumes, which could cause registration

failures later in the pipeline.

4. Remove bone reformats: raw CT data are filtered to produce images suitable

for visual inspection. For CT brain imaging, it is a common clinical practice to

routinely produce two image sets, one that is smoothed for optimal viewing of

the soft tissues and one that is edge-enhanced to maximise bone details. The

latter has a more granular, noisy texture, and poor discrimination of brain tissue
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Figure 3.5: An example of a registration error: the slice from a CT scan shown in (a)

is incorrectly aligned, with a 180-degree rotation in the registered image shown in (b).

Such registration failures compromise anatomical correspondence and prevent reliable

region localisation, necessitating their exclusion from analysis.

types (cortex and white matter) compared with soft tissue scans and is not used

for stroke diagnosis (Figure 3.3(d) and (e)). We excluded bone kernel scans

using the ImageType tag.

5. Scan registration: lesions at different brain regions, for instance, within the ter-

ritory supplied by the MCA (middle cerebral artery) or PCA (posterior cerebral

artery), may have different characteristics. To enable DL algorithms to learn

meaningful patterns of lesions at specific brain regions and across different pa-

tients, we registered the scans to a common space so that regions are defined

consistently across the whole image set. MRI T1-weighted templates are often

used as the standardised coordinate system for registration (Kuijf et al., 2013).

Since in this study we focus on CT scans, we performed MR-CT registration as

in previous work (Kuijf et al., 2013; Roy et al., 2014). In particular, we used the

Linear Image Registration Tool (Jenkinson et al., 2002) (FLIRT) from FMRIB

Software Library (FSL) to register an MRI template (Farrell et al., 2009; Royle

et al., 2013) to each CT scan. The registration tool generates two files for each

input NIfTI scan: (1) a registered MR image with the same dimensions as the

target CT scan and (2) a transformation matrix specifying the rotation, scaling,

skew, and translation aligning the MRI template to the target CT.

To preserve the original CT dimensions for downstream analysis, we registered

the MRI template to CT scans, yielding a transformation matrix. This means the

actual scans used are unchanged; instead, we gather registration information for

each of them. While registering CT scans to MRI templates would result in CT

scans being interpolated to match the dimensions of MRI templates, we opted to
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record only the transformation to the template reference plane; the interpolation

effects of registration transformations can upset downstream analysis. This ap-

proach enabled us to identify brain regions on the original CT scans consistently

and to obtain the transformation information.

In the IST-3 study, 89% of the patients were over 60 years old and 77% were over

70. According to Fillmore et al. (2015), age-specific MRI templates provide less

tissue bias in registration than age-inappropriate templates. Therefore, given that

the majority of the IST-3 patients were elderly, we chose two T1-weighted age-

normalised brain MRI templates (Farrell et al., 2009; Royle et al., 2013) (Figure

3.4(a) and (b)) previously derived from research into healthy ageing from the

brain scans of younger (65 to 70 years, n=54) and older (75 to 80 years, n=25)

subjects (Farrell et al., 2009). For MRI-to-CT registration, we used the younger

template for IST-3 patients up to 72 years (median age in our dataset) and the

older template for IST-3 patients aged 73 years or older.

Registration errors may occur: for example, Figure 3.5(a) shows a tilted CT

scan, but the registration (Figure 3.5(b)) is off by 180 degrees. In such cases,

the brain regions on the target CT could not be identified correctly from the

transformation matrix. Such registration errors might be caused, for example,

by patients poorly positioned during CT scanning. Since locating brain regions

consistently in the original CT scans is crucial to our downstream analysis, we

excluded CT images registered incorrectly. To separate correct from incorrect

registrations, we cluster the 3× 3 registration transformation matrices for all

patients by mapping them to a 3-dimensional space (which preserves 77% of

the variance in the data) using principal component analysis. Then, we perform

Gaussian mixture model clustering in the 3-D space. Clusters are then split into

valid and invalid by visual assessment, depending on the registration quality of

the majority of the scans contained in them. Finally, each registration is accepted

or rejected depending on the cluster class it belongs to.

6. Cropping redundant background: the larger the field of view (FoV), the smaller

the brain appears in the CT image. Hence, depending on the choice of FoV,

the raw CT images may contain varying amounts of background, which shows

no brain, such as regions around the patient and the CT scanner head cradle.

To minimise the extent of such uninformative background, we cropped scans to

the minimum enclosing rectangle containing the whole head in each slice. To
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do this, we used the registered CT images. The brain (including the skull) was

bounded in a rectangular box (sides parallel to the image edges). The boundary

was found by the coordinates of the left-most, right-most, top-most, and bottom-

most brightest voxel, since skull voxels are the brightest in the scan. Because

the registered CT and original CT have the same dimensions and orientation, the

bounding box obtained from the registered CT was used to crop the original CT.

7. Image padding and resizing: most machine learning algorithms and DL frame-

works (e.g. PyTorch, TensorFlow) assume that the input dimensions of all the

samples are equal. Therefore, to make the height and width consistent across

all the scans, we zero-padded or resized each cropped CT image to 500× 400

voxels (height × width). This target dimension was chosen as more than 95%

of the cropped scans were this size or smaller. Scans with dimensions smaller

than the target size were padded with zeros up to the target size, while larger

scans were downsampled to the target dimensions using the Pytorch interpolate

function. This choice minimised interpolation effects. Moreover, we uniformly

sampled 11 slices per scan, as this was the minimum number of slices available

in each scan.

8. Scaling image brightness: each voxel in a CT scan has a numeric Hounsfield unit

(HU) (Hounsfield, 1980) value indicating CT attenuation, which varies depend-

ing on the attenuation coefficient of radiation within different tissues. These HU

values range from -1000 (air) to approximately +3000 (very dense material such

as metal). CT scanners are calibrated so that pure water has HU = 0. HU values

are displayed as a grayscale image where air is black and very dense materials

are white. Since we are only interested in the soft tissues (which comprise a very

short section of the total range), we windowed the HU values between 0 and 100.

We further scaled the HU values between 0 and 1 by dividing each voxel’s HU

value by 100.

3.4.5 Results

From 3,035 patients recruited in IST-3, the vast majority (95%) of available scans

were CT (Mair et al., 2018), the rest MRI. Patients were recruited by IST-3 during the

worldwide transition of medical imaging format from film to digital (DICOM); due

to data corruption from long-term DICOM storage prior to the current study, CT data
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Table 3.1: Data actively excluded from the initial dataset of 10,659 CT image sets during

pre-processing (prior to the train/validation/test split), following the pipeline outlined in

Sec. 3.4.4, resulting in 5,868 remaining scans.

Reasons for scan exclusion No of excluded NIfTI files

Non-axial orientations 1,920

Localisers 493

Bone reformats 687

Separated skull base/vault 1,226

Poor patient positioning 465

Total 4,791

(a)

(b)

Figure 3.6: An example of a post-processed and standardised full-brain CT scan (a),

right and left hemispheric halves of the same scan (b). This hemispheric separation

strategy will be used to allow our DL model to learn side-specific anatomical patterns

and lesion characteristics while controlling for natural bilateral asymmetries.
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from only 2,578 (85%) patients was exported successfully from our DICOM server,

including a total of 10,659 CT image sets.

The 10,659 CT image sets were highly variable, with non-axial orientations (1,920/10,659,

18%), localisers (493/10,659, 5%), bone reformats (687/10,659, 6%), separated skull

base/vault (1,226/10,659, 12%) or poorly positioned patients whose scans failed reg-

istration (465/10,659, 4%) (Table 3.1). After processing steps 1-5, 5,868 image sets

from 2,351 patients were selected, each representing a unique CT scan (55% of those

sent through the pipeline).

For all 5,868 scans, we cropped any excess background caused by different FoV,

standardised inconsistent HU value ranges (the minimum HU value ranged from -

32,767 to 0 and the maximum HU value from 255 to 32,767) to the range [0,1], as

described in Step 8 of the pre-processing pipeline, and standardised all scans to 500×
400 voxel dimensions.

On average, our data processing pipeline required two minutes to process a scan

with 40 slices (the median slice count in the IST-3 data) into the DL-ready format. The

processing time of each scan can vary up to approximately three-fold, depending on

the slice number, patient position (for registration), and whether multiple orientations

exist for a given CT scan.

3.5 Discussion

The complexity of preparing curated data for AI methods has been addressed by Willemink

et al. (2020), who described fundamental steps for preparing medical images and ex-

plained the importance of each step. In particular, they discussed topics such as ethical

approval, data access and querying, data de-identification, and quality control, all of

which had already been performed on the IST-3 data as part of the original trial. The

authors provide guidelines to start the data acquisition and processing, but they do not

detail the numerous practical steps required to use clinically relevant CT scans for DL.

Muschelli (2019) suggested tools and a pipeline for processing CT data, using Mat-

lab or Python packages to read DICOM data, converting DICOM to NIfTI, choosing

appropriate convolution kernels, extracting brain, defacing, and registering to a CT

template (Rorden et al., 2012). Their work provides a concise example-based work-

flow for small research datasets, whereas the IST-3 data is substantially larger, more

complex, and includes older patients (more representative of clinical practice) with

varying FoV, image dimensions, and slice numbers, mixed orientations, etc. These is-
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sues have not been highlighted previously, and we are not aware of papers discussing

in detail the processing needed to transform clinical CT data into a format suitable for

DL algorithm development.

Our pipeline could be further enhanced by improving the detection of scans with

different orientations (axial, sagittal, and coronal), enhancing registration between CT

and MRI templates (perhaps by using age-normalised CT templates), and by inves-

tigating the impact of data quality on the performance of resulting machine learning

algorithms. Ultimately, this would allow stratifying such cases by quality and includ-

ing or excluding them accordingly. Future work could also investigate the use of CT-

specific templates for registration to reduce potential modality mismatch and improve

anatomical specificity.

Our study is limited to a single dataset which had been through a curation process

within the IST-3 trial. However, as discussed above, curation has been deliberately kept

to a minimum, and the data set is highly heterogeneous, making it well-representative

of routinely acquired clinical CT scans. Our pipeline may of course perform differently

than reported here with different data and therefore require case-specific adaptations.

However, we expect that the pipeline structure and the underlying protocol would re-

main substantially unchanged.

3.6 Conclusion

While previous studies have described procedures for managing medical imaging data,

including acquisition, storage, transfer and anonymisation, many only mention pre-

processing in passing and do not provide detailed or complete information on the sub-

ject. Data pre-processing was often not the primary focus of these papers, resulting

in incomplete discussions of the topic. Our study specifically proposes a pipeline for

processing the highly diverse medical data that typically occurs in day-to-day clinical

practice, using CT as an example. Our dataset contains CT scans collected over many

years with different manufacturers’ scanners from 156 stroke centres in 12 countries.

We describe how to address the many issues caused by highly heterogeneous data with

variable dimensions, orientation, type, and quality. Our pipeline offers a comprehen-

sive, unified semi-automated solution to standardise clinical data for use in machine

learning. It aims to bridge the gap between unprocessed clinical data and the refined

data required for effective machine learning model training.



Chapter 4

Deep Learning Method for ischaemic

Stroke Detection on Brain CT

4.1 Contributions

The development of the deep learning algorithm was a joint effort, with equal con-

tributions between Wenwen Li and me, under the supervision of Antreas Antoniou,

Emanuele Trucco and Amos Storkey. Wenwen Li also conducted the analysis of the

results for different infarct sizes and background conditions, while I additionally devel-

oped the code for generating saliency maps to interpret the network output, performed

their quantitative analysis, conducted the experiments for model selection and com-

parison against competing methods. The initial draft of the paper was written jointly

by Wenwen Li and me, with co-contributors providing consulting roles, ideas, and

editorial input.

This chapter includes content from the following publication:

Alessandro Fontanella*, Wenwen Li*, Grant Mair*, Antreas Antoniou, Eleanor

Platt, Paul Armitage, Emanuele Trucco, Joanna Wardlaw, Amos Storkey. Development

of a Deep Learning Method to Identify Acute Ischaemic Stroke Lesions on Brain CT.

BMJ Stroke and Vascular Neurology, 2024.

*Equal contribution

4.2 Context and Subsequent Developments

The deep learning method presented in this chapter introduced a novel framework

for acute ischaemic stroke detection, built on two key principles: a multi-task ar-

39
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chitecture that processes brain hemispheres independently before fusion, and the use

of image-level labels rather than pixel-wise segmentation masks. This approach was

designed to maximise diagnostic information from the most widely available imag-

ing modality, non-contrast computed tomography (NCCT). Since our work was pub-

lished (Fontanella et al., 2024a), related research in stroke diagnosis has advanced

along several parallel paths, primarily focusing on 1) different architectural philoso-

phies, such as ensembles and hybrid models, and 2) leveraging more data-rich imaging

modalities like CT Perfusion (CTP) for segmentation tasks.

One prominent trend has been the exploration of alternative architectural strate-

gies to boost performance. Rather than designing a single, specialised network as we

have, several studies have adopted an ensemble approach, combining the outputs of

multiple standard, pre-trained models. For instance, Rajendran et al. (2022) created

an ensemble of VGG16 (Simonyan and Zisserman, 2014), ResNet50 (He et al., 2016),

and InceptionV3 (Szegedy et al., 2016), while Ferdous and Shahriyar (2024) combined

InceptionV3, MobileNetV2 (Sandler et al., 2018), and Xception (Chollet, 2017) for CT

brain scan classification. Another distinct philosophy is the hybrid model, as seen in

OzNet (Ozaltin et al., 2022), which bridges deep learning and classical machine learn-

ing by using a custom CNN for feature extraction followed by classical ML algorithms

for final classification.

A second major research direction has focused on leveraging advanced imaging

modalities that provide richer physiological information than NCCT. This trend is ex-

emplified by works such as that of Yang et al. (2022), who developed a novel decon-

volution network to improve diagnostic accuracy for ultra-early stroke using a com-

bination of CT Perfusion (CTP) and CT Angiography (CTA) data. Similarly, PerfU-

Net (de Vries et al., 2023) also leverages CTP, but applies a 3D U-Net architecture to

the more granular task of infarct segmentation. While powerful, these methods address

a different clinical and technical challenge. They rely on modalities that are less uni-

versally available than NCCT in the acute setting and often tackle segmentation, a task

that requires expensive and labor-intensive pixel-level annotations.

In summary, while the broader field continues to explore the benefits of model

ensembles, hybrid systems, and advanced imaging data, the work detailed in this chap-

ter demonstrates that a carefully considered, problem-specific architecture can extract

high diagnostic value from the most common type of clinical data, without the need

for costly segmentation masks. The following sections detail this methodology.
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4.3 Introduction

Non-contrast-enhanced computed tomography (CT) is the most commonly used brain

imaging modality for stroke assessment in the acute setting due to its availability and

speed (Wintermark et al., 2015). While brain CT in this context is primarily used to

identify haemorrhage and other contra-indications to thrombolytic therapy (e.g. struc-

tural stroke mimics such as brain tumour) rather than to identify ischaemia, positive

detection of an ischaemic lesion confirms the diagnosis and may improve implemen-

tation of thrombolysis and thrombectomy treatment pathways. Accurate identification

of ischaemic features on CT can be challenging and depends on the reviewing clin-

ician’s experience (e.g. stroke clinician versus radiologist versus trainees) (Wardlaw

et al., 2010), and the scan timing, as ischaemic lesions become more visible with time.

Computer-aided diagnosis may reduce delays, improve consistency of image interpre-

tation (Brinjikji et al., 2021), and increase treatment success (Martinez-Gutierrez et al.,

2023). However, current techniques are still in development (Mikhail et al., 2020).

While there are several commercially available systems that predict features or pro-

vide clinical scores from a brain CT scan for stroke (van Leeuwen et al., 2021), such

as the Alberta Stroke Program Early CT Score (ASPECTS) (Nagel et al., 2017), to the

best of our knowledge these systems were developed using annotated images, which

(due to the effort required to produce these annotations, i.e. to draw round the lesions)

necessarily limits the size (and representativeness) of the imaging dataset used for de-

velopment. In addition, the precision of such annotations is not known, but directly

affects the quality of future lesion detection using the system.

To overcome these limitations and address the nuances of acute ischaemic stroke

detection, our approach adopts a multi-task deep learning framework that leverages

two key strategies. First, recognising the significant anatomical and functional asym-

metry of the brain and the often unilateral nature of stroke lesions, we designed our

model to process hemispheric information separately before integration. This allows

the model to learn subtle, hemisphere-specific lesion manifestations independently,

mitigating potential confounding effects that might arise from features in the unaf-

fected hemisphere. Second, rather than relying on precise, pixel-level annotations that

are labor-intensive to produce and whose precision is variable, we train our deep learn-

ing methodology to independently assess features within scans based on expert-level

labeling of lesion presence and location. This allows the model to identify patterns

indicative of ischaemic lesions without being constrained by the subjective precision
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of manual annotations, improving generalisability and scalability.

In particular, using the pre-processed data obtained with the pipeline described in

Chapter 3, we develop and evaluate a DL method for acute ischaemic stroke lesion di-

agnosis. Expert readers have labelled the scans in our training data for ischaemic lesion

presence, location, and extent (and for various other acute and chronic brain features),

without annotations. Our approach incorporates multi-task learning to simultaneously

detect the presence of lesions and identify their location within the brain. We also

explore the model’s interpretability through visualisation techniques and analyse its

performance across different lesion types, sizes, and locations.

Our work addresses the critical need for DL solutions that can effectively handle

the variability and complexity of real-world clinical data. Our multi-task deep learn-

ing approach for stroke lesion detection and localisation demonstrates the potential of

these techniques in improving diagnostic accuracy. By exploring model interpretabil-

ity, performance across different lesion characteristics, and agreement with expert ra-

diologists, we provide a thorough evaluation of the strengths and limitations of our

method. With our approach, we aim to enhance the speed and accuracy of stroke diag-

nosis in clinical practice, paving the way for more effective and timely patient care.

4.4 Methods

Our goal was to classify CT brain scans as either having an AIS lesion (positive) or

not (negative) and, if positive, to predict which side of the brain is affected (left, right,

or both). To study the impact of lesion location on the accuracy of the model, we also

compared the performance of our method across different regions of the brain.

To achieve this, we employed PyTorch to design a deep learning method using a

multi-task learning (MTL) convolutional neural network (CNN), with two heads and

seven convolutional layers. We split the dataset by patient into training, validation,

and test sets using a 70-15-15 ratio, ensuring all scans from a given patient appeared

in only one split. Specifically, we used scans from 1633 patients for training, and from

350 patients each for validation and testing. This resulted in 4031 scans in the training

set, 844 in the validation set, and 855 in the test set.

Our neural network architecture was specifically designed to address several criti-

cal challenges in acute lesion detection from brain CT scans, which informed our core

architectural decisions. Firstly, acute ischaemic lesions are often subtle and can mani-

fest differently depending on their hemispheric location due to the brain’s anatomical
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(a)

(b)

(c)

Figure 4.1: Overview of the multi-stage deep learning framework. (a) Logical flow of the

framework, showing progression from hemisphere-wise processing to integrated anal-

ysis. (b) Detailed architecture of the hemisphere-specific CNN featuring seven convo-

lutional layers followed by fully connected (FC) layers, capturing side-specific features

independently. (c) Multi-task learning architecture showing the feature fusion mecha-

nism where hemisphere-specific representations are concatenated into a unified feature

vector, enabling simultaneous learning of whole-brain patterns and task-specific char-

acteristics.

and functional asymmetry. This led us to our design principle of initially processing

each hemisphere independently to allow for the robust learning of side-specific fea-

tures. Secondly, the subtle nature of acute lesions requires high sensitivity to local

features while maintaining global context for accurate diagnosis. Finally, the clinical

need to not only detect lesions but also efficiently determine their specific location

(left, right, or both) guided our decision to employ a multi-task learning (MTL) ap-

proach. These considerations culminated in our two-stage MTL framework that pro-

cesses hemispheric information separately before integrating into a unified prediction.
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Table 4.1: Network architecture and optimisation parameters for our training pipeline.

The hemisphere-specific CNN employs progressively increasing filter counts across

seven convolutional layers, followed by task-specific fully connected layers for the two

classification tasks.

Hyperparameters for the half brain model

Convolutional layers Conv2d: kernel size = 3, padding = 1, stride = 1, filters= [16, 32, 48, 64, 64, 64, 64]

BatchNorm + Leaky ReLU

Average pooling AvgPool2D: kernel size = 2, padding = 0, stride = 2

Optimiser Adam, learning rate = 0.001, cosine annealing scheduler, weight decay: 0.00005

Hyperparameters for the multi-task classifiers

Fully connected layers for each task Task1 FC nodes = 128; Task 2 FC nodes = 128.

Optimiser Adam, learning rate = 0.0001, cosine annealing scheduling, weight decay: 0.00005

Hyperparameters for fine-tuning the entire model

Optimiser Adam, learning rate = 0.00001, cosine annealing scheduling, weight decay: 0.00005

To accomplish this, we split all scans into two halves at the sagittal midline, cre-

ating half-brain inputs (Fig. 3.6(b)). This hemispheric separation serves multiple pur-

poses: it allows the model to learn hemisphere-specific lesion manifestations, reduces

the complexity of the feature space the model must learn from, and helps prevent con-

founding effects where features from one hemisphere might interfere with the detection

of lesions in the other.

Our architecture consists of two main stages, as depicted in Figure 4.1(a). In the

first stage, we employ a 7-layer CNN that processes each hemisphere independently.

Each CT image slice is passed through a series of convolutional layers with progres-

sively increasing channel depths: 16, 32, 48, 64, 64, 64, and 64 channels, respectively.

Each convolutional layer incorporates batch normalisation and ReLU activation func-

tions, with average pooling operations (kernel size 2× 2, stride 2) applied between

layers. We chose 2D convolutions over 3D convolutions to reduce computational com-

plexity while maintaining the ability to capture detailed local features. The architecture

of this CNN is detailed in Figure 4.1(b). After the seventh layer, we average each fea-

ture map across all 11 slices.

The initial training phase focuses solely on lesion presence classification for each

hemisphere independently. This focused training helps the model develop robust fea-

ture extractors that are sensitive to the subtle characteristics of acute lesions within their

hemispheric context. During early architectural exploration, we evaluated a variant

where independent lesion predictions were made for each half-brain, and these predic-
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(a)

(b)

Figure 4.2: Distributions of lesion locations (a) and chronic conditions (b) in the pro-

cessed IST-3 dataset. Lesion locations show a highly skewed distribution, with the

majority occurring in the MCA region. The most prevalent chronic condition is atrophy.

tions were then combined to determine the overall lesion status (left, right, both, or no

lesion). However, this direct independent prediction and subsequent pooling strategy

yielded inferior performance compared to our chosen multi-task fusion approach.

Once these hemisphere-specific feature extractors demonstrate proficiency, we pro-

ceed to the second stage of the architecture. In this stage, we concatenate the features

extracted from both hemispheres into a unified lesion feature vector. This integration

allows the model to capture whole-brain patterns while preserving the hemisphere-

specific information learned in the first stage. The combined features feed into a multi-

task classifier with two headers, each comprising one fully connected layer and one

output layer. The first header predicts lesion presence (Task 1), while the second de-

termines the affected hemisphere (Task 2) when a lesion is detected. The complete

architecture is illustrated in Figure 4.1(c). The final architecture has 163,285 parame-

ters.



Chapter 4. Deep Learning Method for Ischaemic Stroke Detection on Brain CT 46

(a)

Figure 4.3: Validation accuracy by number of convolutional layers. Employing seven

convolutional layers offers a good balance between performance and computational

efficiency.

Our training strategy involves first training the half-brain model independently and

then fine-tuning the complete architecture. We applied random horizontal flipping

during training to augment the dataset. The models were trained using eight NVIDIA

GeForce RTX 2080 Ti GPUs for 200 epochs, with the specific hyperparameters listed

in Table 4.1.

4.4.1 Dataset split

A total of 5772 CT scans were included in the study, obtained from 2347 patients. Af-

ter excluding the 14 patients reserved for assessing algorithm-expert agreement, 5730

unique scans from 2333 patients were used in subsequent analyses.

The dataset was split into three sets: 4031 scans from 1633 patients for training,

844 scans from 350 patients for validation, and 855 scans from 350 patients for testing.

Of the 5772 total CT scans, approximately 54% (3102 scans) were positive for an AIS

lesion according to experts. Of the positive scans, 54% (1667 scans) showed lesions

on the left side of the brain, 45% (1386 scans) showed lesions on the right side, and the

remaining 49 scans showed lesions on both sides of the brain. However, the distribution

of lesion locations was uneven, as shown in Figure 4.2(a). In addition, 5274 scans were

labeled with background or chronic brain conditions, with the distribution of these

conditions shown in Figure 4.2(b).
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4.4.2 Model selection

On the validation dataset, we investigated the optimal number of convolutional layers

to employ in our model. Figure 4.3 displays the accuracy obtained with an increasing

number of layers, which demonstrates an initial performance improvement followed

by a plateau after six layers. Therefore, we determined that utilising seven convolu-

tional layers provides a favourable trade-off between performance and computational

resources.

We also compared the performance of our architecture with a model directly trained

on full brain scans. The latter achieves a validation accuracy of 71%, significantly

inferior to our proposed approach (76%).

4.5 Comparison with existing methods

Although we did not find any publicly available open-source methods specifically tai-

lored for stroke lesion detection from brain CT scans, we benchmarked our approach

against several architectures commonly used in computer vision:

• Vision Transformer (ViT) (Dosovitskiy et al., 2020): we divided each scan into

25×25 pixel patches. The model employed a transformer encoder with 6 layers,

each containing multi-head self-attention (16 heads with 64-dimensional head

size) and MLPs (2048 hidden dimensions), operating on 1024-dimensional em-

beddings. The architecture incorporated learnable positional embeddings, a clas-

sification token for global representation aggregation, and we applied dropout

regularisation (p = 0.1) in both attention and embedding layers. The final clas-

sification was performed through mean pooling across the slices of each scan,

followed by a linear projection to four output classes. The model has 51,439,620

parameters.

• Swin Transformer (Liu et al., 2021): we employed a shifted window-based self-

attention mechanism across four stages. The model processed scans partitioned

into 4× 4 patches, followed by four hierarchical stages with progressively in-

creasing channel dimensions (96, 192, 384, 768) with spatial resolution halv-

ing between stages through patch merging operations. Each stage consisted of

alternating Window Multi-head Self-Attention (W-MSA) and Shifted Window

Multi-head Self-Attention (SW-MSA) blocks with 7× 7 window sizes and 32-

dimensional attention heads. The architecture incorporated learnable relative
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position embeddings, linearly increasing stochastic depth regularisation: drop

path rates from 0.0 to 0.2 across blocks. The model employed a total of 12

transformer blocks distributed across the four hierarchical stages (2, 2, 6, and 2

blocks per stage), with each block alternating between regular and shifted win-

dow attention patterns to enable cross-window information flow. The model also

averages the slices of each scan before the final classification, as in the ViT de-

sign, and has 27,519,358 parameters.

• ResNet-18 (He et al., 2016): a residual neural network that employs basic resid-

ual blocks, each containing two 3× 3 convolutional layers with batch normali-

sation and ReLU activation. The architecture derives its name from having 18

layers: one initial 7× 7 convolutional layer, 16 convolutional layers organised

into four groups of [2,2,2,2] residual blocks (where each block contributes two

convolutional layers), and one final fully connected layer. Each residual block

incorporates skip connections, enabling effective gradient flow through the deep

network. The network begins with a 7×7 convolutional layer with a stride of 2

for initial feature extraction, followed by max pooling, then progresses through

four groups of residual blocks with channel dimensions of 64, 128, 256, and

512, with spatial downsampling occurring at the second, third, and fourth block

groups through strided convolutions. The model has 11,172,292 parameters.

• ResNet-50 (He et al., 2016): employs a deeper architecture using bottleneck

blocks, which are residual blocks designed for computational efficiency through

a three-stage convolution process that first reduces channel dimensions, then

processes spatial features, and finally expands dimensions back. The network

derives its name from having 50 layers: one initial 7×7 convolutional layer, 48

convolutional layers organised into four groups of [3,4,6,3] bottleneck blocks

(where each block contributes 3 convolutional layers), and one final fully con-

nected layer. Each bottleneck block contains three sequential convolutions: a

1× 1 convolution that reduces input channels, a 3× 3 convolution that pro-

cesses spatial features with potential downsampling, and a final 1× 1 convo-

lution that expands the channels. The network begins with a 7× 7 convolu-

tional layer and max pooling, then progresses through four groups of bottleneck

blocks with increasing channel dimensions, providing significantly more param-

eters (23,509,956) and computational depth than ResNet-18.

While our multi-task deep learning architecture leverages a hemispheric-split pro-
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Table 4.2: Test accuracy on IST-3 for classifying CT scans into one of four classes: left-

side lesion, right-side lesion, bilateral lesion, or no lesion. Our approach achieves an

accuracy of 72%, outperforming Transformer and ResNet-based architectures.

Method Accuracy

ViT 58%

Swin Transformer 60%

ResNet-18 64%

ResNet-50 66%

Ours 72%

cessing strategy, the comparison with other established deep learning models contextu-

alises our performance within the broader field of medical image analysis. It is impor-

tant to note that the Vision Transformer, Swin Transformer, and ResNet architectures

were trained directly on full brain CT scans, without the initial hemispheric separation

that characterises our method. Therefore, the comparisons presented here are primarily

intended to demonstrate the overall diagnostic capability of our specialised framework

against general-purpose, state-of-the-art models that process the entire input space si-

multaneously.

4.5.1 Overall accuracy, precision, and specificity of the DL model

The overall accuracy, precision, and specificity of the DL model were evaluated using

a total of 855 test scans, including 416 baseline scans and 439 follow-up scans. The

results are summarised in Table 4.2. Our model achieved an accuracy of 72% for

classifying a given full brain CT scan into one of four classes: left-side brain lesion,

right-side brain lesion, bilateral lesions, or no lesion. The ViT achieved a test accuracy

of 58%, while the Swin Transformer reached 60%. In comparison, ResNet-18 achieved

64% accuracy, and ResNet-50 performed slightly better with 66%.

These results indicate that transformer-based architectures, such as ViT and Swin

Transformer, achieved lower accuracy in this task, which aligns with previous find-

ings that vision transformers often require large training datasets to effectively learn

visual representations (Neyshabur, 2020) and are frequently outperformed by CNNs in

medical imaging tasks (Matsoukas et al., 2021). Additionally, the convolutional archi-

tectures (ResNet-18 and ResNet-50) tested still performed significantly worse than our
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Table 4.3: Confusion matrix for CT scan classification into four classes obtained with

our approach.

Predicted Class

Left Lesion Right Lesion Both Sides No Lesion
A

ct
ua

lC
la

ss Left Lesion 149 12 2 72

Right Lesion 11 140 0 62

Both Sides 1 2 0 1

No Lesion 42 37 0 324

custom architecture, which achieved an accuracy of 72%.

In Table 4.3, we also show the confusion matrix for the predictions obtained with

our approach. We achieve 72% micro-averaged sensitivity and 91% micro-averaged

specificity.

We did not do any formal comparison with other commercially available AI diag-

nostic tools in stroke as part of this analysis, but the Brainomix AI stroke diagnosis tool

has been previously evaluated on a large stroke CT dataset which included some cases

from IST3. The performance, which was no better than the results described here, is

published in Mair et al. (2022)

The accuracy (76%) on follow-up scans was significantly higher than the accuracy

on baseline scans (67%). For Task 1, which involves classifying an image as positive

or negative for a lesion, the model achieved an accuracy of 75%. On the same task, the

model demonstrated higher specificity (80%) than sensitivity (70%). The sensitivity

on follow-up scans was 78%, while that on baseline scans was 56%. The specificity

of follow-up scans was 83%, compared to 79% on baseline scans. For Task 2, which

involves classifying the side of the lesion for scans classified as positive in Task 1, the

model achieved an accuracy of 91%.

4.6 Agreement between DL Classification and Expert

Readings

The accuracy and reliability of CT scan labelling can be influenced by the quality of

the data and the experience of clinicians. A previous reliability study (Mair et al.,

2015b) compared the assessments of seven expert contributors for CT and concurrent
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CT angiography (CTA) scans from 15 patients. The study showed substantial agree-

ment between experts, as measured by Krippendorff’s alpha (K-alpha) coefficient with

bootstrapping.

To assess the agreement between our DL algorithm and the expert readings, we

used 14 of the same 15 patients’ scans. One scan was excluded because it comprised

two image sets, one through the skull base and one through the skull vault. To ensure

fairness, we withheld the CT scans of these 14 patients from the training and validation

datasets used to develop our DL method.

4.6.1 Reliability compared to human experts

Table 4.4: Average K-alpha values of our algorithm against seven experts evaluated on

the same 14 scans. The average value of 0.41 is lower than the general k-alpha among

the experts (0.72).

K-alpha of our algorithm vs each expert

Expert 1 0.2646

Expert 2 0.5574

Expert 3 0.2895

Expert 4 0.3672

Expert 5 0.4622

Expert 6 0.4622

Expert 7 0.4622

Average 0.4093

To evaluate the agreement between our model and expert readings, we compared

the classifications of our algorithm with those of seven human experts on the same 14

scans. We calculated the k-alpha value of our algorithm’s classification compared to

each expert’s reading and found an average value of 0.41, which is lower than the gen-

eral k-alpha among the experts (0.72) (see Table 4.4). However, as depicted in Table

4.5, there were instances involving two scans (patients 7 and 12) where the consensus

among experts diverged from the label present in our dataset; this label is regarded as

the ground truth by our algorithm and was consequently matched by its predictions.

Moreover, the expert agreement data we used was based on an assessment of both

CT and corresponding CT angiography (CTA) data for each patient, whereas our DL
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Table 4.5: Detailed comparison between our algorithm and the 7 experts on the 14

hold-out patients’ CT images. For patients 7 and 12, the consensus agreement of the

experts was different from the clinical gold standard in our dataset, which was matched

by our method.

Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6 Exp. 7 Exp. consensus IST-3 label Our model

Patient 1 L L L L L L L L L L

Patient 2 N N L N N R N N N N

Patient 3 L L L L L L L L L L

Patient 4 R R R R R R R R R R

Patient 5 L L L L L L L L L L

Patient 6 L L R L L L L L L N

Patient 7 R R R R R R R R N N

Patient 8 L N N R N N N N N N

Patient 9 N N N N N N N N N N

Patient 10 L L L L L N L L L N

Patient 11 R R R R R R R R R R

Patient 12 R N R R R R R R N N

Patient 13 R R B R R R R R R N

Patient 14 L N L N N N N N N N

method only utilised the CT images. Indeed, using data from another study (Wardlaw

et al., 2010), we also computed the K-alpha value from 8 experts each rating the same

CT scans (without having access to CTA images). The K-alpha value in this analysis

was lower than that obtained when utilising both CT and CTA data: 0.51, with a 95%

CI of [0.46,0.57].

4.7 Model interpretability and explanation

To gain insight into the factors driving the DL model’s predictions, we employed

counterfactual examples as a method for generating explanations for model outputs

in the form of saliency maps. Counterfactual explanations identify how an input image

should be modified to produce a different prediction, enabling us to identify the most

important features in the image for the classification outcome (Verma et al., 2020).

To accomplish this, the method described by Cohen et al. (2021) was employed (later

referred to as ‘gifsplanation’).

In particular, given an image with a stroke lesion, the probability of lesion was re-

duced to less than 0.01. By considering the difference between the original image and

the counterfactual image, we can obtain an attribution map of the most salient regions,
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(a) (b)

(c) (d)

Figure 4.4: Image with a clear lesion in the right MCA region (a) and corresponding

saliency maps highlighting the lesion (b). In (c), the lesion in the left MCA region is less

clear, and therefore the model is less certain about the lesion location, as shown by

the corresponding saliency maps in (d). For the saliency maps, the voxels in the 99th

percentile are displayed.

which we refer to as a saliency map. Intuitively, the voxels that are more affected by

the class change are the ones encoding more class-specific information and therefore

most relevant for lesion detection. The quantitative evaluation of these saliency maps

and their effectiveness in highlighting stroke lesions is presented in Section 4.7.1. Ex-

amples are shown in Figure 4.4.

4.7.1 Saliency maps evaluation

Building upon the counterfactual explanation method introduced in Section 4.7, we

evaluated the effectiveness of the resulting saliency maps in identifying stroke lesions.

Sample saliency maps are shown in Figure 4.4, for scans with lesions in the MCA
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region of the brain. For scans with a lesion that is easily distinguishable, the saliency

maps usually highlight the relevant brain areas (Figure 4.4 (a), (b)). In cases where the

lesions are less clear, the areas highlighted by the saliency maps are more scattered, a

sign the model is less certain about the lesion location, while nevertheless usually still

highlighting the correct region (Figure 4.4 (c), (d)).

To evaluate quantitatively how well our MTL model can highlight the areas related

to the stroke lesion, we considered a test set of 387 lesion-positive scans for which

we know the lesion location, which is one of the six classes: MCA left, MCA right,

ACA left, ACA right, PCA left, PCA right. We registered an arterial atlas (Liu et al.,

2023) of the brain to each scan to locate the different regions and applied gifsplanation.

Then, we computed the attribution maps and evaluated them as in Zhang et al. (2018);

Cohen et al. (2021); Fontanella et al. (2023), with the formula: S = Hits
Hits+Misses . A hit

is counted if the voxel with the greatest change lies in the correct region, a miss is

counted otherwise. We can compare our MTL approach with a model with a similar

architecture but trained end-to-end with full brains and a single classification task (left,

right, both, no lesion). The former achieved a score of 52.45%, while the latter 39.28%,

confirming the advantages of our approach.
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Table 4.6: Accuracy by lesion location (a), number of lesions (b), infarct size (c), and

background conditions (d) on the test set. As expected, the algorithm has better perfor-

mance when multiple or larger lesions are present. Old stroke lesions and non-stroke

lesions affect classification accuracy the most.

(a)

MCA ACA PCA Lacunar Border zone Cerebellar Brain stem

Baseline test scans (148) 135 5 9 4 2 4 0

Correct classification 71 (53%) 3 (60%) 2 (22%) 2 (50%) 1 (50%) 0 (0%) N/A

Follow-up test scans (261) 228 23 25 11 5 5 5

Correct classification 177 (78%) 18 (78%) 16 (64%) 3 (27%) 5 (100%) 3 (60%) 1 (20%)

All test scans (409) 363 28 34 15 7 9 5

Correct classification 248 (68%) 21 (75%) 18 (53%) 5 (33%) 6 (86%) 3 (33%) 1 (20%)

(b)

Region(s) affected Accuracy

1 Lesion Only MCA 216/327 (66%)

Only ACA 2/7 (29%)

Only PCA 4/14 (29%)

Only Lacunar 2/8 (25%)

Only Cerebellar 2/7 (29%)

Only Brain stem 0/4 (0%)

2 Lesions MCA+ACA 15/17 (88%)

MCA+PCA 9/11 (82%)

MCA+Border zone 2/2 (100%)

3 Lesions MCA+ACA+PCA 1/1 (100%)

MCA+ACA+Lacunar 1/1 (100%)

MCA+Lacunar+Border zone 1/1 (100%)

MCA+PCA+Border zone 1/1 (100%)

4 Lesions MCA+ACA+Lacunar+Border zone 1/1 (100%)

5 Lesions MCA+ACA+PCA+Border zone+Brain stem 1/1 (100%)

(c)

No lesion Size 1-2 Size 3-4

Baseline test scans (392) 244 77 71

Correct classification 191 (78%) 29 (38%) 45 (63%)

Follow-up test scans (327) 105 117 105

Correct classification 89 (85%) 65 (56%) 95 (90%)

All test scans (719) 349 194 176

Correct classification 280 (80%) 95 (49%) 140 (80%)

(d)

Atrophy Leukoaraiosis Old stroke lesions Non-stroke lesion

Scans with other brain conditions (779) 582 398 353 50

Wrong classification 164 (28%) 102 (26%) 111 (31%) 16 (32%)
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4.8 Accuracy by lesion location

Accuracy within brain regions was evaluated on 409 scans (out of the 416 positive

ones) from the test dataset, which included both lesion side and location labels. Of

the 409 images, 148 were baseline and 261 were follow-up scans. Our algorithm

demonstrated high accuracy for lesions in the ACA region (21/28, 75%), followed by

the MCA region (248/363, 68%) and PCA region (18/34, 53%). However, it had lower

accuracy for brain stem (1/5, 20%), lacunar (3/9, 33%), and cerebellar (5/15, 33%)

lesions (see Table 4.6(a)). The proportion of scans with lesions in different locations

is similar across training, validation, and test sets. Consequently, the lower accuracy

observed for rare lesion types (brain stem, lacunar, cerebellar) directly correlates with

their limited representation during the model’s training phase. While the model may

exhibit some capacity for generalisation to unseen variations of known lesion types, its

ability to accurately identify lesions in locations not adequately represented or entirely

absent from the training data would be severely hindered.

Some patients have multiple lesions affecting different regions. The accuracy of

our model increased with an increasing number of lesions, as shown in Table 4.6(b).

On average, scans with only one lesion had a classification accuracy of 62%, scans

with two lesions had an accuracy of 87%, and scans with more than two lesions had

100% accuracy.

4.9 Different infarct sizes and background conditions

The accuracy of our algorithm varies across different infarct sizes. The scans with the

largest infarct size (3 and 4) and those with no infarct showed the highest accuracy

(80%). The scans with infarct sizes 1 and 2 (small and very small lesions) are more

difficult to classify, resulting in an accuracy of only 49%. We observed a higher ac-

curacy in classifying AIS in follow-up scans compared to baseline scans, across scans

with different lesion sizes (see Table 4.6(c)).

In addition, we found that 779 out of 855 test scans had background brain con-

ditions. Among these scans, non-stroke lesions and old stroke lesions had the worst

error rates, at 32% and 31% respectively, followed by atrophy (28%) and leukoaraiosis

(26%) (Table 4.6(d)).
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(a) (b) (c)

Figure 4.5: Representative imaging examples showing lesion evolution and detection

challenges. (a) Baseline scan demonstrating subtle lesion changes that are not yet

clearly apparent on imaging. (b) Follow-up scan of the same patient showing substan-

tial lesion progression, with the pathology now occupying a large portion of the right

cerebral hemisphere. (c) Example scan illustrating the complexity of serial imaging,

displaying both a pre-existing (chronic) lesion and a newly developed (acute) lesion

within the same patient. Early CT signs of brain ischemia include loss of definition

of the gray-white interface, or loss of the ‘insular ribbon’, obscuration of the lentiform

nucleus, and hyperattenuation of the middle cerebral artery (MCA) Leiva-Salinas and

Wintermark (2010). With time, the tissue becomes markedly hypodense (darker) due

to vasogenic edema, cell death, and increased water content.

4.10 Discussion

We developed a multi-task deep learning algorithm capable of detecting AIS lesions

of any type and in any brain location, using 5772 CT brain scans collected from stroke

patients, and labelled but not annotated for lesion location/extent. Our best-performing

method achieved an accuracy of 72% for detecting ischaemic lesions. We found that

our algorithm performed better on follow-up scans compared to baseline scans, which

is consistent with human performance where lesions become more visible with time

(see Fig. 4.5). Our algorithm showed higher specificity than sensitivity, indicating that

it may be better at screening true negative cases than identifying true positive ones.

We also investigated the impact of lesion location, lesion type, lesion size, and

background brain changes on the performance of our DL system. However, training

a DL model requires a large number of examples (LeCun et al., 2015). In our study,

the distribution and type of AIS lesions commonly encountered were highly skewed,

with most cases showing lesions caused by large-medium vessel occlusion affecting
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the MCA territory of the brain. As a result, our algorithm was less successful in de-

tecting less frequently occurring lesions, such as brain stem lesions, lacunar lesions,

and cerebellar lesions, which had fewer example cases. Furthermore, some AIS lesions

are much smaller than others, affecting the performance of our model.

We also analysed four types of background brain changes and found that our DL

system had the highest classification error for scans with old stroke lesions and scans

with other lesion types not related to stroke. However, a balanced dataset where each

feature is represented equally would be required to determine the importance of DL

system confounding by specific acute lesions or background brain changes. Further

studies in the future are needed to address this issue.

The average agreement between our algorithm and seven experts was relatively low

compared to the agreement among the seven experts. There are likely multiple reasons

for this. Firstly, ground truth is not always obtainable in medical imaging, and our

analysis was based on a clinical gold standard reference that was qualitatively assessed

by a single expert, which is known to be imperfect and influenced heavily by clinician

experience. In other words, our DL system learned from the best available data, but the

data were imperfect. Secondly, the expert agreement data we used included both CT

and corresponding CT angiography (CTA) data for each patient, while our DL method

only utilised the CT images. The addition of CTA makes it more likely for our experts

to reach the correct answer (and thus agree) for each scan. In fact, using data from a

separate analysis, we observed lower agreement among experts when only CT images

were provided, which was more similar to our expert-DL agreement.

Early detection of ischaemic stroke is important for improving patient outcomes

due to the time-sensitive nature of available treatments. Accurate early detection

influences several aspects of acute stroke management, such as appropriate patient

prioritisation in emergency settings, selection for treatment with thrombolysis and/or

thrombectomy, and the early initiation of secondary prevention measures, which can

reduce the risk of recurrent strokes. However, despite its importance, early detection of

ischaemic stroke presents several challenges, such as the subtle presentation of early-

stage lesions and the presence of stroke mimics and chameleons, as demonstrated in a

previous analysis of a commercially available tool which revealed many shortcomings

(Mair et al., 2022).

The superior performance of our model on follow-up scans, compared to base-

line scans, aligns with human diagnostic behavior. Moreover, follow-up predictions

still provide significant value in stroke management and patient care. They enable
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clinicians to evaluate the effectiveness of initial treatments, and thereby better predict

outcomes and plan additional interventions such as hemicraniectomy.

Since some stroke-related complications may not manifest during the acute phase,

follow-up predictions can aid in detecting delayed issues such as cerebral swelling,

haemorrhagic transformation, or other secondary events. Additionally, tracking lesion

progression offers valuable insights for shaping rehabilitation strategies, allowing for

personalised therapies based on the patient’s evolving condition and recovery potential.

Interpretability of deep learning models, particularly in the context of medical

imaging, is a challenging topic due to the so-called ‘black box’ nature of these models.

However, understanding how these models arrive at their decisions is critical for en-

suring their reliability and detecting any potential biases (Kim et al., 2018). To address

this issue, we employed counterfactual explanations and generated saliency maps that

highlight the most relevant parts of the images for our model’s output. Our saliency

maps showed that our DL algorithm was able to detect clearly visible AIS lesions with

high accuracy, while also indicating that the model was less certain about the loca-

tion of more subtle lesions and may highlight regions outside the true lesion. This

behaviour is consistent with that of humans.

Other authors employed a two-stage network to combine local and global infor-

mation for stroke detection (Wu et al., 2021a), obtaining 87% accuracy. However,

in addition to CT scans, they also employed Diffusion-weighted imaging (DWI), and

their dataset comprised only 277 patients. Mirajkar et al. (2015) also used a combi-

nation of CT and DWI images for the segmentation of stroke lesions. However, our

study focuses solely on CT scans and involves a larger-scale investigation to establish a

benchmark for this imaging modality. By doing so, we aim to provide valuable insights

for the development and optimisation of future stroke detection algorithms based on

CT imaging.

A limitation of our study is that AIS lesions may not be visible on CT scans, es-

pecially at baseline. This could lead to incorrect labelling of scans. Using healthy

controls would have been an option, but it is not ethical to scan truly normal individ-

uals with CT due to the associated radiation, and other individuals with ‘normal’ CTs

acquired for other reasons may include confounding features. The second limitation

is that subgroup analyses exploring the impact of lesion location, lesion number, and

other chronic features suffer from small numbers of cases in many of the categories.
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4.11 Conclusion

We developed a deep learning algorithm that achieved an accuracy of 72% in detecting

the presence of ischaemic lesions in CT brain scans of patients with stroke symptoms

and identifying the lesion location on the left, right, or both sides of the brain. Our

algorithm performed best on follow-up scans where the lesions were more visible.

We found that different lesion types, sizes, and chronic brain conditions affected the

performance of our system. The visualisation methodology we used provided further

evidence of the difficulty in detecting subtle ischaemic brain lesions.

Our results demonstrate the potential of deep learning algorithms for detecting AIS

lesions on CT using a large number of routinely collected scans, which better repre-

sent real-life patients with their natural heterogeneity. This approach has the potential

to develop more accurate image interpretation systems for all patients with acute is-

chaemic stroke by utilising vast numbers of scans beyond those collected solely for

research purposes.



Chapter 5

ACAT: Adversarial Counterfactual

Attention for Classification and

Detection in Medical Imaging

5.1 Contributions

The work in this chapter has been proposed, conducted, and implemented mainly by

me, and the original contributions are mine. Co-contributors assumed advisory roles

and contributed helpful suggestions and advice on implementation streamlining. It

includes content from the following publication:

Alessandro Fontanella, Antreas Antoniou, Wenwen Li, Joanna Wardlaw, Grant

Mair, Emanuele Trucco, and Amos Storkey. ACAT: Adversarial counterfactual atten-

tion for classification and detection in medical imaging. In Proceedings of the 40th

International Conference on Machine Learning, volume 202 of Proceedings of Ma-

chine Learning Research, pages 10153–10169. PMLR, 2023.

5.2 Context and Subsequent Developments

The work on Adversarial Counterfactual Attention (ACAT) presented in this chapter in-

troduced a framework to improve medical image classification by using counterfactual-

generated saliency maps as a multi-scale attention mechanism. This approach tackled

the dual challenges of first generating high-quality, class-discriminative saliency maps

and second integrating them effectively into a classifier to focus on subtle pathological

features. Since the publication of ACAT (Fontanella et al., 2023), related research has

61
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continued to evolve, primarily exploring two key themes: 1) the generation of counter-

factuals for various applications, including explanation and data augmentation, and 2)

the use of saliency maps to enhance model training and performance.

ACAT used latent space manipulation to generate counterfactuals, with the result-

ing difference map serving as a high-quality saliency input for our attention-based

classifier. Subsequent research has both refined this specific application and broadened

its scope. For example, DiffExplainer (Fang et al., 2024) also focuses on generating

counterfactuals for model explanation, but introduces a different technical framework

to do so, combining a diffusion autoencoder with an agent trained via teacher-student

learning. Other works have adapted the core concept for new applications. MedJour-

ney (Gu et al., 2023) creates counterfactuals based on natural language descriptions

of disease progression, while CF-SimCLR (Roschewitz et al., 2024) employs ‘domain

counterfactuals’ for data augmentation to improve model robustness against acquisi-

tion shift.

The second theme, the use of saliency maps to improve classification, also remains

an active area of research. While ACAT introduced a multi-scale fusion architecture

with a dedicated saliency branch, subsequent methods have explored simpler integra-

tion strategies. For example, some approaches use saliency maps for data augmenta-

tion, such as Bueno-Crespo et al. (2024) who fuse Grad-CAM heatmaps with original

images to create enhanced training data. Similarly, Gürsoy and Kaya (2025) proposed

a multi-head CNN that concatenates pre-computed saliency maps with the original X-

ray as a dual-channel input to a ResNet classifier. These methods confirm the value

of providing explicit spatial priors but contrast with the dynamic processing within

ACAT. A key contribution of our work was demonstrating that an architecture that ac-

tively processes and refines saliency information at multiple network stages, rather than

relying solely on it as an initial input, is critical for boosting performance, particularly

in detecting subtle, low-signal pathologies.

In summary, the principles underlying ACAT of generating counterfactuals to un-

derstand and guide model decisions, and leveraging this information as an explicit

attention mechanism, are reflected in the ongoing evolution of the field. Subsequent

research has either specialised these ideas for new applications or adopted the core

concept of saliency-guided learning in architecturally different ways. The following

sections detail the ACAT methodology.
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5.3 Introduction

In computer vision classification problems, it is often assumed that an object that rep-

resents a class occupies a large part of an image. However, in other image domains,

such as medical imaging or histopathology, only a small fraction of the image contains

information that is relevant for the classification task (Kimeswenger et al., 2019). With

object-centric images, using wider contextual information (e.g. planes fly in the sky)

and global features can aid the classification decision. In medical images, variations

in parts of the image away from the local pathology are often normal, and using any

apparent signal from such regions is usually spurious and unhelpful in building robust

classifiers. Convolutional Neural Networks (CNNs) (Krizhevsky et al., 2012; He et al.,

2016; Szegedy et al., 2017; Huang et al., 2017a) can struggle to generalise well in such

settings, especially when training cannot be performed on a very large amount of data

(Pawlowski et al., 2019). This is at least partly because the convolutional structure

necessitates some additional ‘noisy’ statistical response to filters away from the infor-

mative ‘signal’ regions. Because the ‘signal’ response region is small, and the noise

region is potentially large, this can result in low signal-to-noise in convolutional net-

works, impacting performance. As a result of this, the model developed in the previous

chapter performed poorly on more subtle lesions.

To help localisation of the most informative parts of the image in medical imaging

applications, Region Of Interest (ROI) annotations are often collected (Cheng et al.,

2011; Papanastasopoulos et al., 2020). However, these annotations require expert

knowledge, are expensive to collect, and opinions on the ROI of a particular case may

vary significantly across annotators (Grünberg et al., 2017; Fontanella et al., 2020).

Alternatively, attention systems could be applied to locate the critical regions and

aid classification. Previous work has explored the application of attention mechanisms

over image features, either aiming to capture the spatial relationship between features

(Bell et al., 2016; Newell et al., 2016; Santoro et al., 2017), the channel relationship

(Hu et al., 2018), or both (Woo et al., 2018; Wang et al., 2017). Other authors employed

self-attention to model non-local properties of images (Wang et al., 2018; Zhang et al.,

2019). However, in our experiments, including preliminary investigations with stan-

dard attention mechanisms on image features, such as those found in conventional

Vision Transformers (ViTs) or self-attention approaches, failed to improve the base-

line accuracy in brain and lung CT scans classification. Indeed, as shown in Table 5.2,

a standard ViT performed significantly worse on our medical imaging tasks, particu-
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Figure 5.1: Architecture of the framework proposed for 3D volumes. The slices of

each volume are first processed separately and then combined by applying an attention

module over the slices. For each volume, we also consider as input the corresponding

saliency map. From the saliency branch, we obtain soft spatial attention masks that are

used to modulate the image features. The salient attention modules capture information

at different scales of the network and are combined through an attention fusion layer to

better inform the final classification.

larly for subtle lesions, highlighting the ineffectiveness of generic attention in this spe-

cialised domain. These challenges led us to develop ACAT, an architecture specifically

designed to overcome these limitations by integrating saliency maps as multi-scale at-

tention mechanisms. Our approach addresses the low signal-to-noise ratio inherent in

medical images and the inability of traditional attention to effectively highlight subtle

lesions.

Other authors employed saliency maps to promote the isolation of the most infor-

mative regions during training of a classification network. They sometimes employed

target ground-truth maps to generate these saliency maps (Murabito et al., 2018).

Moreover, by fusing salient information with the image branch at a single point of

the network (Murabito et al., 2018; Flores et al., 2019; Figueroa-Flores et al., 2020),

these approaches may miss important data. This limitation was a key driver for the

necessity of our dedicated saliency branch, which processes saliency maps as a dis-

tinct input stream. Indeed, when the signal is low, key information could be captured

by local features at a particular stage of the network, but not by features at a differ-

ent scale. For this reason, in our architecture, as shown in Figure 5.1, we employ the

saliency maps to obtain soft spatial attention masks that modulate the image features
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at different stages of the network and also combine the attention masks through an at-

tention fusion layer. This architecture allows to capture information at different scales

and to better inform the final decision of the network. Moreover, the saliency branch

improves robustness to input perturbations by reducing the variance of the network’s

pre-activations (cfr. Section 5.6.8).

Finally, we investigate the best technique to generate the saliency maps that are

needed for our architecture, and we find that the use of counterfactual images, ac-

quired with a technique similar to adversarial attacks (Huang et al., 2017b), is able to

highlight useful information about a particular patient’s case. In particular, for gener-

ating counterfactual examples, we employ an autoencoder and a classifier to find the

minimal movement in the latent space of the autoencoder that shifts the input image

towards the target class, according to the output of the classifier.

The main contributions of this chapter are the following: 1) we propose ACAT, a

framework that employs saliency maps as attention mechanisms at different scales and

show that it makes the network more robust to input perturbations and improves the

baseline classification accuracy in two medical imaging tasks (from 71.39% to 72.55%

on brain CT scans and from 67.71% to 70.84% in lung CT scans) and exceeds the per-

formance of competing methods. In particular, for small stroke lesions (of size 1) we

improve the baseline classification accuracy from 23.66% to 30.23%; 2) we show how

ACAT can also be used to evaluate saliency generation methods; 3) we investigate how

different methods to generate saliency maps are able to isolate small areas of interest

in large images and to better accomplish this task we introduce a method to generate

counterfactual examples, from which we obtain saliency maps that outperform com-

peting methods in localising the lesion location out of 6 possible regions in brain CT

scans (achieving a score of 65.05% vs. 61.29% obtained with the best competing

method)

5.4 Related Work

An overview of the methods used to generate saliency maps and counterfactual exam-

ples can be found in Guidotti (2022) and Linardatos et al. (2020), respectively. Here,

we briefly summarise some of the approaches most commonly used in medical imag-

ing.
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5.4.1 Saliency maps

Saliency maps are a tool often employed by researchers for post-hoc interpretability of

neural networks. They help to interpret CNN predictions by highlighting pixels that are

important for model predictions. Simonyan et al. (2014) compute the gradient of the

score of the class of interest with respect to the input image. The Guided Backprop-

agation method (Springenberg et al., 2015) only backpropagates positive gradients,

while the Integrated Gradient method (Sundararajan et al., 2017) integrates gradients

between the input image and a baseline black image. In SmoothGrad (Smilkov et al.,

2017), the authors propose to smooth the gradients through a Gaussian kernel. Grad-

CAM (Selvaraju et al., 2017) builds on the Class Activation Mapping (CAM) (Zhou

et al., 2016) approach and uses the gradients of the score of a certain class with respect

to the feature activations of the last convolutional layer to calculate the importance

of the spatial locations. Given the popularity of this approach, modifications and im-

provements were later proposed in several papers. For example, Grad-CAM++ (Chat-

topadhay et al., 2018) introduced pixel-wise weighting of the gradients of the output

with respect to a particular spatial position in the final convolutional layer. In this way,

it is able to obtain a measure of the importance of each pixel in a feature map for the

classification outcome. On the other hand, Score-CAM (Wang et al., 2020) takes a

different approach by eliminating the dependency on gradients altogether. Instead, it

calculates the weights of each activation map through a forward-passing score for the

target class.

5.4.2 Counterfactuals for visual explanation

Methods that generate saliency maps using the gradients of the predictions of a neu-

ral network have some limitations. Some of these methods have been shown to be

independent of the model parameters and the training data (Adebayo et al., 2018b;

Arun et al., 2021) and not reliable in detecting the key regions in medical imaging

(Eitel et al., 2019; Arun et al., 2021). For this reason, alternative methods based on

the generation of counterfactuals for visual explanation have been developed. They

are usually based on a mapping that is learned between images of multiple classes to

highlight the areas more relevant for the class of each image. The map is modeled as

a CNN and is trained using a Wasserstein GAN (Baumgartner et al., 2018) or a Con-

ditional GAN (Singla et al., 2023). Most close to our proposed approach to generate

counterfactuals is the latent shift method by Cohen et al. (2021). An autoencoder and
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classifier are trained separately to reconstruct and classify images, respectively. Then,

the input images are perturbed to create λ-shifted versions of the original image that

increase or decrease the probability of a class of interest according to the output of the

classifier.

5.4.3 Saliency maps to improve classification and object detection

Previous work has tried to incorporate saliency maps to improve classification or ob-

ject detection performance in neural networks. In Ren et al. (2013), the authors used

saliency maps to weigh features. Murabito et al. (2018) introduced SalClassNet, a

framework consisting of two CNNs jointly trained to compute saliency maps from in-

put images and using the learned saliency maps together with the RGB images for

classification tasks. In particular, the saliency map generated by the first CNN is con-

catenated with the input image across the channel dimension and fed to the second

network that is trained on a classification task. Flores et al. (2019) proposed to use a

network with two branches: one to process the input image and the other to process

the corresponding saliency map, which is pre-computed and given as input. The two

branches are fused through a modulation layer, which performs an element-wise prod-

uct between saliency and image features. They observe that the gradients, which are

back-propagated are concentrated on the regions that have high attention. In Figueroa-

Flores et al. (2020), the authors use the same modulation layer, but replace the saliency

branch that was trained with pre-computed saliency images with a branch that is used

to learn the saliency maps, given the RGB image as input.

5.4.4 Adversarial examples and adversarial training

Machine learning models have been shown to be vulnerable to adversarial examples

(Papernot et al., 2016). These are created by adding perturbations to the inputs to

fool a learned classifier. They resemble the original data but are misclassified by the

classifier (Szegedy et al., 2013; Goodfellow et al., 2014). Approaches proposed for

the generation of adversarial examples include gradient methods (Kurakin et al., 2018;

Moosavi-Dezfooli et al., 2016) and generative methods (Zhao et al., 2018). In Qi et al.

(2021), the authors propose an adversarial attack method to produce adversarial per-

turbations on medical images employing a loss deviation term and a loss stabilisation

term. In general, adversarial examples and counterfactual explanations can be created

with similar methods. Adversarial training, in which each mini batch of training data
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Figure 5.2: Overview of the networks employed in our approach. A baseline classifi-

cation network and an autoencoder are first trained separately to perform classification

and reconstruction, respectively. The trained models are then combined to generate

saliency maps via counterfactual latent manipulation and decoding. Finally, these pre-

computed saliency maps, together with the input CT scans, are used to train the pro-

posed ACAT model, which is fine-tuned from the baseline classifier.

is augmented with adversarial examples, promotes adversarial robustness in classifiers

(Madry et al., 2017). Tsipras et al. (2018) observe that gradients for adversarially

trained networks are well aligned with perceptually relevant features. However, adver-

sarial training usually also decreases the accuracy of the classifier (Raghunathan et al.,

2019; Etmann et al., 2019).

5.5 Methods

As discussed, accurately identifying subtle pathologies in medical images presents

unique challenges for standard CNNs and feature-based attention mechanisms. Our

preliminary investigations, including those with standard attention methods on image

features, demonstrated their limited effectiveness in improving classification accuracy

for brain and lung CT scans. This led us to develop the ACAT framework, which ad-

dresses these shortcomings by automatically generating and leveraging Region of In-

terest (ROI) information through saliency maps. This design choice is critical for han-

dling the small, often low signal-to-noise informative regions characteristic of medical

imaging.
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(a) Image (b) Saliency map (c) Attention

mask SSSe
s

(d) Attention

mask SSSm
s

(e) Attention

mask SSSl
s

Figure 5.3: Image with lesion indicated by the red arrow (a) and pixels in the 95th

percentile of the saliency map (b) and spatial attention masks obtained after early (c),

middle (d), and late (e) convolutional layers. The attention masks progressively refine

the original saliency map, focusing more precisely on the area of interest.

In particular, we wish to automatically generate and make use of RoI information in

the absence of hand-labelled annotations. In order to do so, we employ saliency maps

that are given as input and processed by the saliency branch of our architecture (see

Figure 5.1 for a representation of our architecture and Figure 5.2 for an overview of the

different networks involved). The saliency features are used to produce attention masks

that modulate the image features. The salient attention modules capture information at

different scales of the network and are combined through an attention fusion layer to

better inform the final classification. In Figure 5.3, we show the saliency map and the

attention masks obtained with a trained network on a brain scan. As we can observe,

the saliency map is sparse and covers broad areas of the scan. On the other hand, the

attention masks progressively refine the RoI emphasised by the original saliency map,

better highlighting the area of interest.

5.5.1 Saliency Based Attention

Given the challenges of localising subtle pathologies and the observed limitations of

prior attention mechanisms, we necessitate a dedicated saliency branch within our ar-

chitecture. This branch is designed to specifically process pre-computed saliency maps

into multiple levels of attention modules. This distinct processing stream is crucial for

learning better local features and improving classification accuracy. Its attention mod-

ules learn to handle the salient information, generating soft spatial attention masks that

modulate the image features. In particular, with reference to Figure 5.1, we consider
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a network with two branches, one for the original input images and the other for the

corresponding saliency maps, which are pre-computed and fixed during training of the

network. Given SSSi ∈ RC×H×W features of the saliency branch at layer i, we first pool

the features over the channel dimension to obtain SSSi
p ∈ R1×H×W . Both average and

max-pooling can be applied. However, in preliminary experiments, we found max-

pooling to obtain a slightly better performance. A convolution with 3× 3 filters is

applied on SSSi
p, followed by a sigmoid activation, to obtain soft spatial attention masks

based on salient features SSSi
s ∈ R1×H×W . Finally, the features of the image branch at

layer i: FFF i ∈ RC×H×W are softly modulated by SSSi
s in the following way:

FFF i
o = FFF i⊙SSSi

s (5.1)

where ⊙ is the Hadamard product, in which the spatial attention values are broad-

cast along the channel dimension, and FFF i
o are the modulated features for the i− th

layer of the image branch. We also introduce skip connections between FFF i and FFF i
o to

prevent gradient degradation and distill information from the attention features, while

also giving the network the ability to bypass spurious signal coming from the attention

mask. Therefore, the output of the image branch at layer i, is given by: GGGi = FFF i +FFF i
o

The attention mask not only modulates the image features during a forward pass of

the network, but can also cancel noisy signal coming from the image features during

backpropagation. Indeed, if we compute the gradient of GGGi with respect to the image

parameters θ, we obtain:

∂GGGi(θ;η)

∂θ
=

∂[FFF i(θ)+FFF i(θ)⊙SSSi
s(η)]

∂θ

=
∂FFF i(θ)

∂θ
(SSSi

s(η)+1)
(5.2)

where η are the saliency parameters.

5.5.2 Fusion of Attention Masks

Previous work attempting to exploit saliency maps in classification tasks, has fused

salient information with the image branch at a single point of the network, either di-

rectly concatenating attribution maps with the input images (Murabito et al., 2018) or

after a few layers of pre-processing (Flores et al., 2019; Figueroa-Flores et al., 2020).

On the other hand, we position our salient attention modules at different stages of the

network in order to capture information at different scales. This is particularly impor-
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tant in low signal-to-noise tasks, where the key information could be captured by local

features at a particular stage of the network, but not by features at a different scale. For

this reason, we use three attention modules, after early, middle, and late layers of the

network. Given SSSe
s , SSSm

s and SSSl
s the corresponding spatial attention masks, we also re-

duce their height and width to H ′ and W ′ through average pooling, obtaining SSSe
s,p, SSSm

s,p

and SSSl
s,p respectively. Then, we concatenate them along the channel dimension, obtain-

ing SSSs,p ∈ R3×H ′×W ′ . The attention fusion layer L f takes SSSs,p as input and generates

a fused spatial mask SSS f ∈ R1×H ′×W ′ by weighting the three attention masks depend-

ing on their relative importance. We term this an ‘attention fusion layer’ because its

functional role is to fuse information from multiple attention sources, even though it

is implemented as a simple 1× 1 convolution. Positioned before the fully-connected

classification layers, L f ensures that any critical features identified by the early net-

work layers can effectively influence the final classification decision. In Section 5.6.7,

we perform ablation studies to evaluate the contribution of each component of our net-

work and demonstrate that all the components described are required to achieve the

best results.

5.5.3 Generation of Saliency Maps

In order to detect regions of interest in medical images, we generate counterfactual

examples for each datum and use the difference with the original image to gener-

ate a saliency map highlighting important information. In particular, given a dataset

D = (xxxi; i = 1,2, . . . ,ND) of size ND consisting of input images xxxi, counterfactual ex-

planations describe the change that has to be applied to an input for the decision of a

black-box model to flip. Let f be a neural network that outputs a probability distri-

bution over classes, and let ŷi be the class designated maximum probability by f . A

counterfactual explanation displays how xxxi should be modified in order to be classified

by the network as belonging to a different class of interest ȳi (counterfactual class). In

order to generate saliency maps, we can consider the difference between the original

image and the counterfactual image of the opposite class. For example, to compute

the saliency map of a brain scan with a stroke lesion, we generate a counterfactual

example that is classified by f as not having a stroke lesion. In this way, we are able

to visualise the pixels with the biggest variation between the two samples, which are

the most important for the classification outcome. However, when using saliency maps

to improve classification, class labels are not available at test time. For this reason, to
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(a) Image (b) Ours (c) Latent shift (d) Gradient (e) Grad-CAM

Figure 5.4: (a) Ischaemic stroke lesion appears darker than normal brain. Sample

saliency maps averaged over slices obtained with our approach (b), the latent shift

method (c), the Gradient method (d), and Grad-Cam (e). The saliency maps generated

with our approach obtain the highest average score in the task of localising the lesion

location out of six possible brain regions on IST-3 data.

compute saliency maps in a class-agnostic way, we generate counterfactual examples

for both classes (positive and negative) and compute the absolute difference between

each counterfactual image and the original to obtain two attribution maps. These are

then normalised in [0,1] and averaged to obtain the final saliency map that can be used

in the classification pipeline.

As discussed, gradient-based counterfactual changes to image pixels can just pro-

duce adversarial attacks. We mitigate this by targeting gradients of a latent autoen-

coder. Therefore, in addition to the network f , trained to classify images in D , we

exploit an autoencoder, trained to reconstruct the same inputs. xxx j ∈D can be mapped

to latent space through the encoder E: E(xxx j) = zzz j. This can then be mapped back to

image space via decoder D: xxx′ j = D(zzz j). Suppose, without loss of generality, that the

counterfactual example we are interested in belongs to a single target class. The neural

network can be applied to this decoder space, we denote the output of f (D(zzz j)) as a

normalised probability vector d(zzz j) = (d1(zzz j), . . . ,dk(zzz j)) ∈ RK , where K is the num-

ber of classes. Note that D(zzz j) represents the decoded image while d(zzz j) represents the

classification probabilities for that decoded image. Suppose that f (xxx j) outputs maxi-

mum probability for class l and we want to shift the prediction of f towards a desired
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class m, with l,m ∈ [1,K] and l ̸= m. While the target class m could theoretically be

any of the remaining K−1 classes, allowing us to generate counterfactuals for all pos-

sible class transitions, in practice, our experiments focus on the binary case of positive

versus negative scans. To generate counterfactuals, we can take gradient steps in the

latent space of the autoencoder from initial position zzz j to shift the class distribution

towards the desired target vector ttt = (t1, . . . , tk) ∈ RK , where ti = 1i=m (the indicator

function that equals 1 if i = m and 0 otherwise) for i = 1, . . . ,K . In order to do so, we

would like to minimise the cross-entropy loss between the output of our model, given

D(zzz j) as input, and the target vector. I.e. we target

L(d(zzz j), t) =−
K

∑
k=1

tk log(dk(zzz j)). (5.3)

Moreover, we aim to keep the counterfactual image as close as possible to the original

image in latent space, so that the transformation only captures changes that are relevant

for the class shift. Otherwise, simply optimising Eq. (5.3) could lead to substantial

changes in the image that compromise its individual characteristics. Therefore, we also

include, as part of the objective, the L1 norm between the latent spaces of the original

image xxx j and the counterfactual image: ||z−E(xxx j)||L1 . Putting things together, we

wish to find the minimum of the function:

g(zzz) = L(d(zzz), ttt)+α||zzz−E(xxx j)||L1 (5.4)

where α is a hyperparameter that was empirically set to 100 to ensure the classifica-

tion loss and regularisation terms were of comparable magnitude during optimisation.

We can minimise this function by running gradient descent for a fixed number of steps

(20 in our experiments). Then, for the minimiser of Eq. (5.4), denoted by z′, the coun-

terfactual example is given by D(zzz′).

By defining an optimisation procedure over the latent space that progressively op-

timises the target classification probability of the reconstructed image, we are able to

explain the predictions of the classifier and obtain adequate counterfactuals. A bound

on the distance between original and counterfactual images in latent space is also im-

portant to keep the generated samples within the data manifold.

5.5.4 Failure Modes of Competing Methods for the Generation of

Counterfactuals

Following the same notation as before, given an input image xxxk, with latent space zzzk =

E(xxxk), Cohen et al. (2021) propose a method to generate counterfactuals by creating
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(a) Latent shift (b) Ours

Figure 5.5: Probability of lesion obtained with one-step gradient updates in the latent

space (Cohen et al., 2021) for different values of the step size λ for two samples (a) and

with gradient descent minimising Eq. (5.4) (b). The latent shift method achieves mini-

mum probability values of 0.51 and 0.46 for the first and second samples, respectively.

In contrast, our approach successfully reduces lesion probability to less than 0.2 within

20 gradient updates and ultimately converges to zero.

(a) h =−10 (b) h =−3 (c) h =−1 (d) h =−0.1 (e) h =−0.01

Figure 5.6: In the top panel are shown the probability of lesion obtained with progres-

sive gradient updates in the latent space, with the step size value fixed to -10 (a), -3

(b), -1 (c), -0.1 (d), -0.01 (e), and no bound on the latent move. In the bottom panel are

displayed the counterfactual examples obtained at the gradient step where p is minimal.

Large negative step sizes (h =−10,−3, and partially−1) initially achieve low probabil-

ity values but exhibit unstable convergence, while smaller step sizes such as -0.1 and

-0.01 fail to achieve significant probability reduction.
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perturbations of the latent space in the following way: zzzk
λ
= zzzk + λ

∂ f (D(zzzk))
∂zzzk , where

λ is a sample-specific hyperparameter that needs to be found by grid search. These

representations can be used to create λ-shifted versions of the original image: xxxk
λ
=

D
(
zzzk

λ

)
. For positive values of λ, the new image xxxk

λ
will produce a higher prediction,

while for negative values of λ, it will produce a lower prediction. Depending on the

landscape of the loss, the latent shift approach may be unsuitable to reach areas close to

a local minimum and fail to correctly generate counterfactuals. The reason is that this

method can be interpreted as a one-step gradient-based approach, trying to minimise

the loss of f (D(zzzk)) with respect to the target probability for the class of interest,

with one single step of size λ in latent space. To solve this issue, we propose an

optimisation procedure employing small progressive shifts in latent space, rather than

a single step of size λ from the input image. In this way, the probability of the class of

interest converges smoothly to the target value. Below we show examples of the failure

modes of the latent shift method, where the probability of the class of interest does not

converge to the target value, that are fixed by our progressive optimisation. Another

issue of the latent shift method is that it doesn’t introduce a bound on the distance

between the original and counterfactual images. Therefore, the generated samples are

not always kept on the data manifold and may differ considerably from the original

image. To solve this issue, we add a regularisation term that, limiting the move in

latent space, ensures that the changes that we observe can be attributed to the class

shift and the image doesn’t lose important characteristics.

We observed that in several cases, when generating counterfactual examples, the

latent shift method is not able to achieve low values for the probability of the class of

interest p. We consider two examples of positive brain scans, for which we attempt

to generate counterfactuals with low probability of lesion according to the classifier f ,

starting from a probability close to 1. We apply one-step gradient updates as in Cohen

et al. (2021), starting with the step size value λ = 1e− 5 and multiplying λ by two at

each successive attempt. In Figure 5.5(a) and (c), we show the probability of lesion

as a function of λ for these two samples. We can observe that the minimum value

obtained for p is 0.51 for the first sample and 0.46 for the second one. On the other

hand, by following our approach and minimising Eq. (5.4) by gradient descent, with

target class ‘no lesion’, p reaches a value lower than 0.2 with 20 gradient updates in

both cases and then converges to 0 (Figure 5.5(b) and (d)). In these runs we employed

a step size of 1. However, different step sizes yield similar results for the probability

functions.
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(a) Image (b) Counterfactual (c) Change

Figure 5.7: Counterfactual example with p = 0.08 generated with our approach (b)

and regions of change (c), with respect to the original image (a), highlighted with a

red colourmap. The regions of change have partial overlap with the area of the lesion

indicated in red in (a).

For the first sample, we also test a method where we perform small progressive

updates of size h in latent space, but without a bound on the distance between original

and counterfactual images. P of the resulting images is shown in Figure 5.6 for values

of h in {−10,−3,−1,−0.1,−0.01}. With h=−10, h=−3, and partially with h=−1,

we are able to reach low values of p, but the probability function has an unstable

behaviour and later starts increasing, rather then converging to 0. With the other values

of h, we are never able to achieve low values of p. The graphs are shown in the top

panel of Figure 5.6. The counterfactual images obtained at the gradient update steps

where p is minimal in these optimisation runs, are showed in the bottom panel of

the same Figure. In all cases, the images largely differ from the original brain scan,

displayed in Figure 5.7(a), and are not semantically meaningful. On the other hand,

with our approach we are able to obtain a more credible counterfactual, displayed in

Figure 5.7(b), together with its regions of change with respect to the original image

5.7(c). The areas of change, shown with a red overlay in (c), partially overlap with

the lesion area outlined in (a), indicating some alignment. However, there are still

some inconsistencies in capturing the full lesion region, as the highest response (in

red) appears outside the lesion area.
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5.6 Experiments

5.6.1 Data

We performed our experiments on two datasets: IST-3 (Sandercock et al., 2011) and

MosMed (Morozov et al., 2020). Both datasets were divided into training, validation,

and test sets using a 70-15-15 split, with three runs performed using different random

seeds (and different dataset splits). To ensure comparability with Chapter 4, one of the

three runs for IST-3 used the identical random seed and dataset split as the experiments

reported in that chapter.

IST-3 or the Third International Stroke Trial is a randomised-controlled trial that

collected brain imaging (predominantly CT scans) from 3035 patients with stroke

symptoms at two time points, immediately after hospital presentation and 24-48 hours

later. Among other things, radiologists registered the presence or absence of early

ischaemic signs. For positive scans, they also coded the lesion location. For pre-

processing, we followed the pipeline detailed in Chapter 3. In our experiments, we

only employed the labels for the following classes: no lesion, lesion in the left side,

lesion in the right side, lesion on both sides of the brain. 46.31% of the scans we con-

sidered are negative, and the remaining are positive. In particular, 28.80% have left

lesion, 24.03% right lesion, and 0.86% lesion on both sides of the brain. The informa-

tion related to the more specific location of the lesion was only employed to test the

score of the saliency maps presented in Section 5.5.3 and never used at training time.

Further information about the trial protocol, data collection and the data use agreement

can be found at the following URL: IST-3 information1.

MosMed contains anonymised lung CT scans showing signs of viral pneumonia

or without such findings, collected from 1110 patients. In particular, 40.4% of the

images we considered are positive and 59.6% are negative. In a small subset of the

scans, experts from the Research and Practical Clinical Center for Diagnostics and

Telemedicine Technologies of the Moscow Health Care Department have annotated

the regions of interest with a binary mask. However, in our experiments we didn’t

employ these masks. Further information about the dataset can be found in Morozov

et al. (2020).
1https://datashare.ed.ac.uk/handle/10283/1931.

https://datashare.ed.ac.uk/handle/10283/1931
https://datashare.ed.ac.uk/handle/10283/1931
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5.6.2 Experimental Setup

The baseline model for the classification of stroke lesions in CT scans of the brain

employs the same base multi-task learning (MTL) architecture introduced in the pre-

vious chapter, while for the classification of lung CT scans, we employed a ResNet-50

architecture (with 4 convolutional blocks). The MTL model classifies whether a brain

scan has a lesion (is positive) or not. If the scan is positive, it also predicts the side of

the lesion (left, right, or both). In order to do so, a MTL CNN with 7 convolutional

layers and two classification heads is employed. In the first stage, the CNN considers

only half scans (left or right) and processes one slice of each scan at a time. Then, the

extracted features from each side are concatenated and averaged across the slices of

each scan, before reaching the two classification heads. The classification accuracy is

computed considering whether the final classification output identifies the correct class

out of the four possible classes or not. In the ResNet-50 architecture used for the clas-

sification of lung CT scans, we still process one slice at a time and average the slices

before the classification layer. In particular, we performed a binary classification task

between scans with moderate to severe COVID-19 related findings (CT-2, CT-3, CT-4)

and scans without such findings (CT-0). The autoencoder used to reconstruct images

has 3 ResNet convolutional blocks, both in the encoder and in the decoder parts, with

3×3 filters and no bottleneck.

In our framework, the attention branches follow the same architecture of the base-

line architectures (removing the classification layers). In the MTL model, the attention

layers are added after the first, third, and fifth convolutional layers. For the ResNet

architecture, attention modules are added after each of the first three convolutional

blocks. The attention fusion layer is always placed after the last convolutional layer

of each architecture. Moreover, instead of averaging the slices of each scan, in our

framework we compute an attention mask over slices. This is obtained from image

features by considering an MLP with one hidden layer. The hidden layer is followed

by a leaky ReLU activation and dropout with p = 0.1. After the output layer of the

MLP, we apply a sigmoid function to get the attention mask.

The baseline models were trained for 200 epochs and then, together with an autoen-

coder trained to reconstruct the images, were used to obtain the saliency maps needed

for our framework. Our framework and the competing methods were fine-tuned for

100 epochs, starting from the weights of the baseline models. The training procedure

of ACAT is summarised in Algorithm 1.
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In the case of IST-3 data, we uniformly sampled 11 slices from each scan and

resized each slice to 400× 500, while for MosMed data we sampled 11 slices per

scan and then resized each slice to 128× 128. All the networks were trained using 8

NVIDIA GeForce RTX 2080 GPUs. All experiments were repeated three times. For

each repetition, we used a different random seed for both the neural network weight

initialisation and the partitioning of the dataset into training, validation, and test splits.

The performance metrics reported in the following tables represent the mean and stan-

dard error calculated across these three independent runs. Code to reproduce the ex-

periments can be accessed at the following URL: ACAT GitHub repository2.

Algorithm 1 ACAT training

Data: D = (xxxi; i = 1,2, . . . ,ND)

Train baseline classification network f and autoencoder D(E) on D
Given E(xxx j) = zzz j, minimise: g(zzz) = L(d(zzz), ttt)+α||zzz−E(xxx j)||L1

Decode the obtained latent vector to compute the counterfactual D(zzz′)

Obtain saliency maps SSS j from positive and negative counterfactuals

Train ACAT on D using xxx j and SSS j as input

5.6.3 Classification Results

We compare the proposed framework with competing methods incorporating saliency

maps into the classification pipeline, methods employing attention from the input im-

age features, a vision transformer, and the baseline model trained without saliency

maps on the classification of brain and lung CT scans. For brain classification, the pos-

sible classes are: no lesion, lesion in the left half of the brain, lesion in the right half

of the brain, or lesion on both sides. For lung CTs, we perform binary classification

between scans with or without COVID-19 related findings. In methods where saliency

maps are needed, for a fair comparison of the different architectures, we always com-

pute them with our approach. In particular, we compare our method with saliency-

modulated image classification (SMIC) (Flores et al., 2019), SalClassNet (Murabito

et al., 2018), hallucination of saliency maps (HSM) (Figueroa-Flores et al., 2020), spa-

tial attention from the image features (SpAtt), self-attention (SeAtt), and the vision

transformer (ViT) (Dosovitskiy et al., 2020).

2https://github.com/alessandro-f/ACAT.

https://github.com/alessandro-f/ACAT
https://github.com/alessandro-f/ACAT
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Table 5.1: Average test accuracy over 3 runs on the classification of brain (IST-3) and

lung (MosMed) CT scans. Our framework, ACAT, outperforms competing methods that

employ saliency maps to aid classification and other alternative methods.

IST-3 MosMed

Baseline 71.39% (0.23) 67.71% (3.48)

SMIC 70.85% (0.63) 69.27% (1.13)

SalClassNet 69.43% (1.81) 62.50% (2.66)

HSM 71.38% (0.94) 67.71% (1.86)

SpAtt 70.96% (0.10) 66.67% (2.98)

SeAtt 71.23% (0.10) 67.71% (1.70)

ViT 57.87% (0.87) 66.67% (2.98)

ACAT (Ours) 72.55% (0.82) 70.84% (1.53)

In the saliency-modulated image classification (SMIC) (Flores et al., 2019), we

augment the baseline CNN architecture with an additional saliency branch that pro-

cesses pre-computed saliency maps generated using our proposed approach. This

saliency branch consists of two convolutional layers, and its output is element-wise

multiplied with the corresponding layer output from the main branch. For the other im-

plementation details, we follow Flores et al. (2019). The original SalClassNet frame-

work (Murabito et al., 2018) jointly trains two networks: one for computing saliency

maps from input images and another for classification using these maps. We initially

attempted to follow this approach by using our generated saliency maps as training

targets for the saliency branch. However, due to the absence of ground-truth saliency

maps, this configuration yielded poor performance. Consequently, we modified the

approach by pre-computing saliency maps using our method and concatenating them

with input images along the channel dimension, as done in Murabito et al. (2018). The

resulting network maintains the baseline architecture but includes an additional in-

put channel to accommodate the saliency information. In the hallucination of saliency

maps (HSM) approach (Figueroa-Flores et al., 2020), a dual-branch network processes

RGB images through both branches simultaneously. Rather than explicitly generat-

ing saliency maps, the saliency branch is trained end-to-end for image classification.

The network undergoes pre-training on ImageNet for classification, during which the

saliency branch implicitly learns to identify discriminative regions. Following the orig-

inal implementation, we configure the saliency detector with four convolutional layers
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(a) Image with

mask

(b) Ours (c) Latent shift (d) Gradient (e) Grad-CAM

Figure 5.8: Input image from MosMed dataset with masks depicting regions of interest

(a) and saliency maps averaged over slices obtained with our approach (b), the latent

shift method(c), the Gradient method (d), and Grad-Cam (e).

while maintaining the baseline architecture for the main branch. Element-wise multi-

plication combines the outputs from corresponding layers of both branches. In SpAtt,

we consider a network with only one branch and compute the soft spatial attention

masks directly from the image features, at the same stage of the network where saliency

attention masks are computed in our framework. SeAtt employs self-attention mod-

ules from Zhang et al. (2019), which are placed after the third and fifth convolutional

layer in the MTL architecture and after the third and fourth convolutional block in the

ResNet-50. For the Vision Transformer (ViT), we employed 6 transformer blocks with

16 heads in the multi-head attention layer and patch sizes of 50 and 16 for IST-3 and

MosMed data, respectively.

As we can observe in Table 5.1, our approach improves the average classifica-

tion accuracy of the baseline from 71.39% to 72.55% on IST-3 and from 67.71% to

70.84% on MosMed. Our framework is also the best performing in both cases. SMIC

performs slightly worse than the baseline on IST-3 (with 70.85% accuracy) and better

on MosMed (with 69.27% accuracy). HSM is close to the baseline results on IST-3

but worse than the baseline on MosMed, while SalClassNet is worse than the baseline

on both tasks. The methods incorporating attention from the image features also have

similar or worse performance than the baseline, highlighting how the use of attention

from the saliency maps is key for the method to work. ViT obtains the worst perfor-

mance on IST3, confirming the results from previous work that vision transformers
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Table 5.2: Test accuracy (and standard errors) by infarct size on IST-3. The error inter-

vals are relatively large because distinct random seeds were used for both the initiali-

sation of neural network weights and the division of the dataset into training, validation,

and test sets for the three runs. Our framework, ACAT, improves the average perfor-

mance of competing methods in the detection of scans with no infarct lesion, small and

medium lesions (size 1-2). These results validate our saliency-based attention mecha-

nism’s enhanced capability to identify subtle pathological features, particularly in cases

where lesion manifestation is minimal to moderate.

No Lesion IS-1 IS-2 IS-3 IS-4

Baseline 81.41% (1.03) 23.66% (2.59) 54.16% (2.90) 72.09% (1.24) 87.74% (2.54)

SalClassNet 76.71% (2.38) 29.24% (3.09) 54.48% (5.84) 64.95% (4.53) 82.71% (5.13)

SMIC 79.24% (3.43) 25.55% (3.80) 54.82% (1.90) 65.71% (1.82) 88.36% (2.73)

HSM 80.37% (1.10) 27.28% (2.39) 53.86% (3.18) 71.60% (3.72) 89.10% (1.45)

SpAtt 82.56% (3.16) 21.33% (4.36) 51.58% (5.62) 67.86% (3.42) 86.77% (1.48)

SeAtt 83.49% (1.29) 27.03% (2.25) 52.05% (3.76) 65.54% (1.95) 84.42% (1.88)

ViT 76.79% (2.54) 11.67% (3.37) 41.04% (4.14) 53.12% (2.13) 61.54% (3.48)

ACAT (Ours) 84.30% (1.63) 30.23% (4.67) 55.02% (6.23) 68.67% (3.90) 84.93% (2.16)

often require a very large amount of training data to learn good visual representations

(Neyshabur, 2020) and are often outperformed by CNNs on medical imaging tasks

(Matsoukas et al., 2021). Note that the baseline method discussed here is the same

approach that was presented in the previous chapter. There, we reported results from

a single run, which achieved 72% accuracy on IST-3. However, here we conduct three

independent runs with different random initialisations and data splits and report the

averaged results. The baseline accuracy of 71.39% represents the mean performance

across these three runs. Notably, one of these three runs corresponds to the exact same

experiment presented in the previous chapter, which achieved the reported 72% accu-

racy.

To provide additional statistics, we consider the six runs that were performed for

each method (three runs for each of the two datasets). Remember that both the initial-

isation and the dataset split are different in each experiment. 4/6 times ACAT obtains

the best accuracy, while the baseline and HSM both achieve the best performance 1/6

times each.

While it is easier to detect large stroke lesions, these can also be detected easily by

humans. For this reason, we aim to test the capabilities of these models to flag scans
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Table 5.3: Performance of competing methods when employing saliency maps ob-

tained with different approaches. While methods such as SalClassNet and HSM show

improved performance compared to the results obtained with adversarially generated

saliency maps, they remain below ACAT ’s performance metrics.

Accuracy Sensitivity Specificity

SMIC – latent shift 68.79% (1.13) 59.26% (5.54) 76.31% (3.28)

SMIC – gradient 69.27% (1.86) 56.41% (6.87) 78.07% (1.90)

SalClassNet – latent shift 66.67% (2.37) 69.23% (3.14) 64.91% (1.89)

SalClassNet – gradient 59.82% (1.06) 57.69% (1.81) 61.40% (1.43)

HSM – latent shift 69.79% (0.42) 61.54% (3.63) 75.44% (2.58)

HSM – gradient 64.06% (3.21) 55.13% (4.56) 70.18% (3.12)

with very subtle lesions. In order to do so, we evaluate their classification accuracy

by infarct size (IS). As we can observe in Table 5.2, our approach obtains the best

classification performance on the scans with no infarct lesion, as well as small and

medium lesions (size 1-2). This confirms how our saliency based attention mechanism

promotes the learning of local features that better detect subtle areas of interest.

5.6.4 Sensitivity and Specificity

We performed additional experiments on MosMed, evaluating competing methods

with different ways of generating saliency maps. In particular, we considered SMIC,

SalClassNet, and HSM with saliency maps generated with the latent shift and gradient

methods. The results are summarised in Table 5.3. We also computed sensitivity and

specificity for the other methods considered, as shown in Table 5.4. Comparing the two

tables, we can observe that SMIC with gradient saliency maps matches the accuracy

of SMIC with adversarially generated saliency maps and obtains a worse result with

latent shift saliency maps. SalClassNet and HSM obtain an improvement in accuracy

with latent shift saliency maps, but still don’t match the performance of ACAT. In terms

of sensitivity and specificity, the results are more mixed and suffer from generally large

error intervals. This is not only caused by the relatively small data size, but also by the

fact that in the different runs, in addition to selecting different initialisations, we also

use different data splits. From the second table, we can observe that ACAT obtains the

best specificity, while HSM has the best sensitivity. This tendency to trade-off sensi-
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Table 5.4: Sensitivity and specificity on MosMed. ACAT obtains the best specificity,

while HSM has the best sensitivity.

Sensitivity Specificity

Baseline 73.08% (8.31) 64.03% (11.53)

SMIC 58.97% (3.77) 76.32% (2.48)

SalClassNet 52.56% (7.33) 69.30% (3.12)

HSM 82.05% (2.77) 57.89% (4.96)

SpAtt 53.85% (7.90) 75.44% (1.43)

SeAtt 55.13% (9.30) 76.32% (3.72)

ViT 60.26% (2.77) 71.05% (3.28)

ACAT (Ours) 55.13% (7.33) 81.58% (5.41)

tivity for specificity means that our approach should be preferred in applications where

it is important to limit the number of false positives. On the other hand, when the main

focus is on limiting false negatives, other approaches could be preferred, such as HSM.

5.6.5 Evaluation of Saliency Maps

We evaluate quantitatively how the saliency maps generated with our approach de-

scribed in Section 5.5.3, the latent shift method (Cohen et al., 2021), the gradient

method (Simonyan et al., 2014), and Grad-CAM (Selvaraju et al., 2017) are able to

detect the areas related to the stroke lesion. The maps were created employing the

baseline model and positive scans that were not used during training. In particular,

we generated negative counterfactuals with our approach and the latent shift method

and computed the difference between the original image and the generated images to

obtain the saliency maps. Grad-CAM is applied using the last convolutional layer of

the network. The lesion location, which is used for evaluation but is not known to the

network, is one of the six classes: MCA left, MCA right, ACA left, ACA right, PCA

left, PCA right. The attribution maps are evaluated as in Zhang et al. (2018), with the

formula: S = Hits
Hits+Misses . A hit is counted if the pixel with the greatest value in each

CT scan lies in the correct region, a miss is counted otherwise. Sample saliency maps

are shown in Figure 5.4 with a red colourmap. The red arrows indicate the lesion re-

gions, which appear as a ‘shaded’ area in the scans. The saliency maps generated with

our approach obtain the highest average score of 65.05% (with 2.03 standard error),
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improving the scores of 58.39% (2.00) and 61.29% (2.06) obtained with the latent shift

and the gradient methods, respectively. Grad-CAM has the worst score, with 11.67%

(1.28).

Since the saliency maps generated with Grad-CAM obtain a poor score, we test

whether more recent improvements to the method can have a significant impact on

the score obtained. In particular, we considered Grad-CAM++ (Chattopadhay et al.,

2018) and Score-CAM (Wang et al., 2020). We observed that Grad-CAM++ very

marginally improves the performance of Grad-CAM (from 11.67% (1.28) to 11.78%

(0.46)), while Score-CAM obtains the worst score with 9.90% (0.78). Finally, we

also tested the Integrated Gradient method (Sundararajan et al., 2017), in which the

gradients are integrated between the input image and a baseline image, achieving a

score of 37.52%(4.11). These methods obtain scores that are considerably lower than

the ones of adversarial approaches.

Furthermore, ACAT improves the lesion detection capabilities of saliency maps

further. Indeed, if we recompute the saliency maps with our approach and using ACAT

as a classifier to generate the counterfactuals, we obtain a score of 68.55% (1.94),

without using the class labels. In fact, the saliency maps are generated by averaging

the absolute differences between the original image and the counterfactual examples

of both classes (positive and negative).

5.6.6 Limited Data

Table 5.5: Average test accuracy (and standard error) over 3 runs on the classification

of brain (IST-3) when limited training data is available. ACAT demonstrates superior

performance with extremely limited data (50 scans) and moderate datasets (200, 300

scans), while SMIC and HSM excel with 100 and 500 scans, respectively.

50 scans 100 scans 200 scans 300 scans 500 scans

Baseline 34.84% (1.10) 33.26% (2.83) 40.45% (2.88) 42.68% (1.66) 63.42% (3.10)

SMIC 37.85% (1.43) 40.77% (2.34) 40.82% (0.58) 47.19% (0.79) 61.84% (0.68)

SalClassNet 35.21% (0.31) 33.70% (0.30) 42.30% (0.99) 45.66% (2.68) 63.92% (2.11)

HSM 32.18% (1.07) 38.93% (1.02) 46.72% (4.16) 47.49% (2.89) 64.36% (1.98)

SpAtt 36.71% (1.05) 34.40% (2.32) 40.43% (0.55) 41.67% (2.54) 62.82% (4.42)

SeAtt 33.70% (0.80) 37.74% (3.30) 38.19% (1.30) 42.30% (0.99) 60.43% (1.89)

ViT 35.68% (0.90) 35.60% (0.90) 36.50% (0.55) 38.01% (1.23) 47.36% (0.65)

ACAT (Ours) 39.81% (1.06) 39.08% (2.37) 46.93% (1.68) 49.55% (2.69) 63.80% (2.74)
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We study how varying the amount of training data affects the performance of dif-

ferent methods on IST-3. In Table 5.5, we present the average accuracy obtained when

50, 100, 200, 300, or 500 scans are available at training time. SMIC and HSM obtain

the best performance when 100 and 500 scans are available respectively, while ACAT

when 50, 200, or 300 images are available.

5.6.7 Ablation Studies

On IST-3, we compare the performance of ACAT when saliency maps obtained with

different approaches are employed. When using saliency maps obtained with our ap-

proach we obtain the highest accuracy of 72.55% (0.72). The relative ranking of the

saliency generation approaches is the same that was obtained with the evaluation of

saliency maps with the score presented in Section 5.6.5, with the gradient method ob-

taining 72.16% (0.88) accuracy, the latent shift method 72.04% (1.07) and Grad-CAM

69.42% (1.19).

On MosMed, we ablate the components of our architecture. In the proposed ap-

proach, attention masks are obtained from the saliency branch at three different stages

of the network (early, middle, and late), and finally an attention fusion layer weighs

the three masks and is applied before the classification layers. Therefore, we progres-

sively removed the fusion layer, the late attention mask and the middle attention mask

to test the contribution of each component. While the classification accuracy of the

full ACAT architecture was 70.84%(1.53), by removing the attention fusion layer, it

decreased to 69.79%(2.78). Moreover, by also removing the late attention layer, it

further decreased to 68.75%(1.48), reaching 68.23%(0.85) when the middle attention

layer was eliminated as well.

5.6.8 ACAT Makes the Network more Robust to Input Perturbations

We investigate the mechanism through which ACAT helps the improvement of predic-

tion performance. Consider a neural network with M layers. Given φ activation func-

tion: XXXm+1 = φ(ZZZm+1),with m ∈ [1,M] and ZZZm+1 =WWW mXXXm +BBBm pre-activations, WWW m

and BBBm being the weight and bias matrices respectively. We compare the mean vari-

ances of the pre-activations of IST-3 test samples in each layer for the baseline model

and ACAT trained from scratch. As we can observe in Table 5.6, ACAT significantly

reduces the pre-activation variances σ2,m of the baseline model. As a consequence,

perturbations of the inputs will have a smaller effect on the output of the classifier,
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increasing its robustness and smoothing the optimisation landscape (Ghorbani et al.,

2019; Littwin and Wolf, 2018; Santurkar et al., 2018). In fact, if we add random noise

sampled from a standard Gaussian distribution to the inputs, the mitigating effect of

ACAT on the pre-activations variance is even more pronounced, as displayed in Ta-

ble 5.6.

Table 5.6: Variances of the pre-activations of the 7 layers of the baseline model and

of ACAT for original and noised input images. ACAT makes the model more robust by

decreasing these variances.

Original inputs Noised inputs

Baseline ACAT Baseline ACAT

σ2,1 0.017 0.035 0.36 0.39

σ2,2 17.68 0.03 33.92 0.97

σ2,3 7.22 0.09 10.14 2.62

σ2,4 0.97 0.04 17.04 2.46

σ2,5 1.91 0.15 336.04 15.28

σ2,6 3.05 0.05 5958.12 11.64

σ2,7 0.23 0.17 831.92 77.98

5.6.9 ACAT is not Random Regularisation

We employed dropout to test if the improvements obtained with ACAT are only due

to regularisation effects that can be replicated by dropping random parts of the image

features. In particular, we employed dropout with different values of p on the im-

age features at the same layers where the attention masks are applied in ACAT. The

accuracy obtained was lower than in the baseline models. In particular, we obtained

68.71%, 68.36% average accuracy on IST-3 for p= 0.2,0.6 respectively (vs 71.39% of

the baseline) and 53.13%, 58.86% accuracy on MosMed for the same values of p (vs

67.71% of the baseline). The results suggest that spatial attention masks obtained from

salient features in ACAT are informative, and the results obtained with ACAT cannot

be replicated by random dropping of features.
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5.7 Conclusion

In this work, we proposed a method to employ saliency maps to improve classification

accuracy in two medical imaging tasks (IST-3 and MosMed) by obtaining soft atten-

tion masks from salient features at different scales. These attention masks modulate the

image features and can cancel noisy signal coming from them. They are also weighted

by an attention fusion layer in order to better inform the classification outcome. We

investigated the best approach to generate saliency maps that capture small areas of

interest in low signal-to-noise samples, and we presented a way to obtain them from

adversarially generated counterfactual images. A possible limitation of our approach

is that a baseline model is needed to compute the attribution masks that are later em-

ployed during the training of our framework. However, we believe that this approach

could still fit in a normal research pipeline, as simple models are often implemented

as a starting point and for comparison with newly designed approaches. While our

approach has been tested on brain and lung CT scans, we believe that it can generalise

to many other tasks, and we leave further testing for future work.
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Diffusion Models for Counterfactual

Generation and Anomaly Detection in

Brain Images

6.1 Contributions

The work in this chapter was proposed and conducted and implemented by me; the

original ideas and contributions are mine. Co-contributors assumed advisory roles. It

includes content from the following publication:

Alessandro Fontanella, Grant Mair, Joanna Wardlaw, Emanuele Trucco, and Amos

Storkey. Diffusion models for counterfactual generation and anomaly detection in

brain images. IEEE Transactions on Medical Imaging, 2024.

6.2 Context and Subsequent Developments

Since the publication of the work foundational to this chapter (Fontanella et al., 2024b),

the field of generative modeling for medical applications has continued its rapid evolu-

tion. Our Dif-fuse method demonstrated a framework for generating high-fidelity coun-

terfactuals by combining deterministic reconstruction of healthy tissue with stochas-

tic inpainting of pathological regions. Subsequent research has built on these ideas,

branching primarily into three key directions: 1) improving computational efficiency

and scalability, particularly for large or volumetric data; 2) exploring alternative train-

ing and sampling paradigms to achieve anomaly removal; 3) enhancing the fidelity and

control of the generation process.

89
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A significant challenge for diffusion models in medical imaging is the compu-

tational demand of processing high-resolution images or full 3D volumes. While

our work focused on 2D images, a major subsequent trend has been the develop-

ment of patch-based approaches to make these models more scalable. For instance,

pDDPM (Behrendt et al., 2024) performs denoising on individual image patches while

incorporating global context to reconstruct the full image. Similarly, MAEDiff (Xu

et al., 2024) combines diffusion models with masked autoencoders in a hierarchical

patch-based framework, training the model to predict masked patches from visible

ones. This patch-wise strategy has been crucial for extending these methods to three di-

mensions, as demonstrated by Loesch et al. (2025), who propose a 3D latent diffusion

model with a patch-based sampler to model the complex three-dimensional structure

of brain MRIs efficiently. These methods address a key practical limitation, paving the

way for the application of such techniques to volumetric clinical data.

Concurrently, other researchers have explored alternative ways to formulate the

anomaly removal task, often modifying the training objective to encourage the model

to internalise representations of healthy anatomy. Rather than relying on an external

mask at inference time as we do in Dif-fuse, the approach by Iqbal et al. (2023) employs

a masking block during training, effectively teaching the model to treat pathologies

as augmentations that should be removed during reconstruction. Similarly, Masked

Diffusion Posterior Sampling (Wu et al., 2024) reframes the problem by considering a

pathological test image as a masked, noisy observation of a healthy counterpart, using

multiple DDIM samples to robustly identify and map the anomaly.

Further refinements have focused on improving the fidelity of the generated coun-

terfactuals and exerting finer control over the process. Synomaly (Bi et al., 2025) in-

troduces a novel training strategy by corrupting healthy images with synthetic anoma-

lies, explicitly teaching the model how to reverse pathology-like noise signatures. The

multi-stage diffusion process applies multiple rounds of small noise steps during infer-

ence rather than one large step. It progressively removes anomalies while preserving

fine image details through masked fusion, which combines healthy regions from the

original image with denoised anomalous areas, with a technique similar to our itera-

tive blending in Dif-fuse

Other works have focused on optimising the inference dynamics; for example, Tebbe

and Tayyub (2024) introduced a dynamic step-size calculation based on an initial

anomaly estimate to improve localisation accuracy. Broadening the scope beyond

anomaly removal, AnomalyDiffusion (Hu et al., 2024) enables the synthesis of anoma-
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lies with user-specified types and locations.

6.3 Introduction

The remarkable progress in advanced imaging technologies has led to a significant

enhancement in the quality of medical care for patients. These tools empower radi-

ologists to achieve increasing levels of accuracy when diagnosing suspicious regions

such as tumours, polyps, and areas of blood rupture (Acharya et al., 1995). More-

over, physicians are now able to implement precise and carefully measured treatment

methods, thanks to the invaluable support provided by these imaging technologies.

Indeed, the detection of pathological markers in medical images plays an important

role in diagnosing disease and monitoring its progression. However, in many cases,

segmentation of the Regions of Interest (ROI) is performed manually by radiologists,

making it not only an expensive process but also prone to errors and inconsistencies

across different annotators (Grünberg et al., 2017; Fontanella et al., 2020). Therefore,

the development of automated ROI detection systems is a very active area of research,

for its potential to save time and money, while mitigating some of the inherent biases

associated with human evaluations.

When a patient is diagnosed with a brain tumour, segmentation of the pathological

regions is important for planning the surgical treatments, monitoring the growth of the

tumour, and for image-guided intervention (Ranjbarzadeh et al., 2021). In particular,

Magnetic Resonance Imaging (MRI) is a widely used non-invasive technique that gen-

erates a vast array of tissue contrasts. Medical experts have extensively employed it

to diagnose brain tumours. However, the normal anatomy can be severely distorted by

the tumour, making it harder to plan surgical approaches that avoid key structures. For

this reason, generating an equivalent healthy image could improve surgical planning

by helping the identification of anatomical areas.

Another clinical application in which the detection of the volume of a lesion plays

an important role is stroke management. In particular, it is important in prognostic

decisions, in the selection process for acute treatment (Marks et al., 1999), and in

anticipating complications (Mori et al., 2001). Estimates of the tissue at risk and of

the ischaemic core are usually derived using Computed tomographic perfusion (CTP),

perfusion-weighted imaging (PWI), or MRI diffusion-weighted imaging (DWI) (Pow-

ers et al., 2019). Software packages that automatically compute these estimates from

perfusion imaging were also developed to facilitate clinical decisions about stroke
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Figure 6.1: Our approach begins by transforming an abnormal image xxx0 into its noised

version xxxK using the reversed sampling technique of DDIMs. Subsequently, we em-

ploy DDPM sampling to modify the pathological area, identified through the saliency

map generated with ACAT, aiming to restore the normal anatomical structure based

on the contextual information from the surrounding regions. Meanwhile, the regions of

the image that do not contain any pathological elements are restored to their original

appearance using DDIM sampling. Throughout the sampling process, these two com-

ponents are fused together to ensure a seamless and realistic transition between the

edited and unedited parts, resulting in a final image x̂xx0 with a visually coherent and

natural appearance.

treatment (Mokli et al., 2019). However, Computed Tomography (CT) scans are the

most commonly used tool in stroke imaging, due to being inexpensive, efficient, and

widely available (Mokli et al., 2019). Consequently, quantitative measurements of the

signs of infarction from CT scans, while more difficult to perform than on perfusion

images, would be helpful in clinical practice.

For these reasons, we propose a weakly-supervised method that is able to automati-

cally segment brain tumours in MRI images and stroke lesions in CT scans. In particu-

lar, we generate anomaly maps without using pixel-level annotations of the anomalies,

but using exclusively image-level labels (that are needed only at training time). The

same methodology could also be applied to other pixel-wise anomaly detection tasks

in medical images.

Radiologists’ perception of machine learning tools varies from acceptance and en-

thusiasm to skepticism (Pakdemirli, 2019a). Providing simple anomaly maps could be

negatively received by highly trained radiologists, who could consider it demeaning to

their expertise (Pakdemirli, 2019b). For this reason, in our approach we remove the

lesions from pathological images and generate anomaly maps based on the difference

between the original image and its normal-looking version. The healthy version of the



Chapter 6. Dif-fuse 93

image could be provided in place, or in addition, to the anomaly map, in order to better

engage with clinicians and allow them to use their own inference to detect abnormali-

ties. Indeed, radiologists usually detect deviations from a mental representation of the

normal image (Kundel et al., 1978). Having a representation of the inner workings

of the automatic image segmentation tool could also increase clinicians’ trust in the

model (Arun et al., 2021). Moreover, comparing normal and abnormal images is a

common practice when teaching radiologists (Xie et al., 2020). Since normal anatomy

can vary a lot, it is important for trainees to be exposed to a high number of healthy im-

ages (Pakdemirli, 2019a). However, the majority of teaching files are skewed towards

pathological samples (Boutis et al., 2016). Therefore, by transforming abnormal ex-

amples to match normal anatomy, we could prevent this data imbalance and aid more

effective training of radiologists.

Previous work has employed autoencoders (Zimmerer et al., 2018; Chen and Konukoglu,

2018; Seeböck et al., 2016) or GANs (Schlegl et al., 2017; Keshavamurthy et al., 2021;

Siddiquee et al., 2019) trained on healthy samples to map diseased images to their cor-

responding normal version. However, autoencoders often produce blurry reconstruc-

tions and do not guarantee a faithful mapping to the healthy version. On the other hand,

GAN training can sometimes be unstable, depend on many hyperparameters, and gen-

erate poor samples (Shmelkov et al., 2018). For this reason, our approach is based on

diffusion models, a class of generative models that have recently risen in popularity

in the computer vision community due to their remarkable capabilities. They have

been shown to achieve sample quality that is superior to the previous state-of-the-art

GANs (Dhariwal and Nichol, 2021).

In Wolleb et al. (2022), the authors employed diffusion models and classifier guid-

ance (Dhariwal and Nichol, 2021) to recover the normal anatomy. However, the gradi-

ents that are needed to guide the sampling process have to be computed from a classifier

trained on noised samples. This classifier often produces unreliable predictions, since

in medical imaging the class of a sample is often determined by small details that can

be lost after only a few noising steps. For this reason, with this approach, we are not

guaranteed to preserve the original structure of the sample, and many details of the

normal tissue can be modified.

In the previous chapter, we introduced Adversarial Counterfactual Attention (ACAT),

an approach for mapping diseased images to their healthy counterparts and identify-

ing Regions of Interest (ROIs). In particular, to generate counterfactual examples, we

employed an autoencoder and a classifier trained separately to reconstruct and classify
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images respectively. Specifically, we determined the minimal shift in the latent space

of the autoencoder that transitions the input image towards the desired target class, as

determined by the classifier’s output. We also compared various counterfactual and

gradient-based approaches for generating attribution maps to identify diseases in brain

and lung CT scans. Our experiments demonstrated that the proposed approach for

generating saliency maps achieved the highest score in localising the lesion location

among six potential regions in brain CT scans.

While ACAT revolves around generating counterfactuals, its primary strength lies

in accurately identifying pathological regions, which are subsequently employed in a

classification pipeline. On the other hand, it falls short in producing credible coun-

terfactual examples, an issue we aim to address in this study. An illustration of this

phenomenon is depicted in Fig. 6.2, where we can observe how ACAT is able to gen-

erate a saliency map that approximately identifies the pathological region (h, bottom

row). However, in the counterfactual example, the lesion remains visible (h, top row).

In contrast, we aim to develop an approach that not only refines the saliency map but

also generates a counterfactual image where the pathology is completely eliminated,

as shown in (i).

In order to do so, we exploit the saliency maps obtained with ACAT to guide the

image generation process of diffusion models. We first train a Denoising Diffusion

Probabilistic Model (DDPM) (Ho et al., 2020) on healthy samples and use a combina-

tion of DDPM and Denoising Diffusion Implicit Model (DDIM) (Song et al., 2020a)

sampling to remove pathological areas from the images. In particular, we first map

an abnormal image to its noised version by using the reversed sampling approach of

DDIMs. Then, with DDPM sampling we modify the pathological area, identified by

the saliency map obtained previously, to recover the normal structure, based on the

surrounding anatomical context. The parts of the image without pathological elements

are mapped back to their original appearance with DDIM sampling. We fuse these two

components at each step of the sampling process, so that the final resulting image has

a realistic appearance, with a smooth transition between edited and unedited parts. We

refer to our method as Dif-fuse.

The decision to combine DDIM and DDPM sampling is fundamental to our method’s

success. DDIM sampling is deterministic, which allows it to reverse the diffusion pro-

cess and reconstruct the original image from its noised version with high fidelity. This

property is crucial for preserving the complex anatomical details in the healthy regions

of the image, which we aim to keep unaltered. In contrast, the standard DDPM sam-
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pling is stochastic, making it perfectly suited for the creative task of generating new,

plausible content to inpaint the pathological area identified by the ACAT mask.

Furthermore, our strategy of fusing the DDIM-reconstructed healthy regions and

the DDPM-generated inpainted region at each step of the reverse diffusion process

is an important design choice. A simpler alternative would involve performing the

denoising process on the masked region independently and then blending or ‘stitching’

the resulting patch onto the main image at the end of the process. However, such

blending approach often results in noticeable artifacts and fails to create a seamless

transition at the boundaries, as illustrated in Figure 6.3. Our iterative fusion ensures

that the generation of healthy tissue within the mask is continuously guided by the

surrounding context of the image data at every stage of denoising. This encourages the

model to learn the blending process, resulting in a much more coherent and natural-

looking final image that integrates the generated anatomy into the existing structures

without sharp discontinuities.

In summary, our main contributions are: 1) we introduce a novel dual sampling

strategy for diffusion models that, without the need for lesion annotations, allows in-

painting of ROIs identified by a segmentation mask while preserving the rest of the

image. Our innovation lies in the approach to mixing the two components at each

timestep, resulting in a smooth fusion between edited and unedited parts. This en-

ables the generation of realistic counterfactual examples of medical images as well

as anomaly maps of the pathological areas; 2) We compare our approach with exist-

ing weakly supervised methods for medical image segmentation on WMH and BraTS

2021 datasets, achieving the highest mean Dice and IoU scores among the methods

considered on both datasets. Our approach also has comparable image quality, as

measured by the Kernel Inception Distance (KID) (Bińkowski et al., 2018) on IST-3,

to unconstrained (without masking) diffusion sampling methods, while offering the

added advantage of more accurate anomaly segmentation.
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(a) Original Image

(b) DenoisingAE (c) f-AnoGan (d) AnoDDPM (e) AutoDDPM

(f) CG (g) CFG (h) ACAT (i) Dif-fuse (Ours)

Figure 6.2: Original image from IST-3 (a) and healthy counterfactuals (first and third row)

with corresponding anomaly maps (second and fourth row), obtained with DenoisingAE

(b), f-AnoGAN (c), AnoDDPM (d), AutoDDPM (e), classifier guidance (f), classifier-free

guidance (g), ACAT (h), and Dif-fuse (i). ACAT generates a reasonable anomaly map,

but is not able to fully remove the lesion. Dif-fuse refines the anomaly map obtained

with ACAT, while at the same time creating a credible counterfactual example. The

other approaches introduce artifacts and/or identify the pathological area less correctly.
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6.4 Related Work

6.4.1 Saliency Maps

Saliency maps are frequently utilised by researchers to gain insights into the inner

workings of neural networks. They aid in the interpretation of convolutional neural

network (CNN) predictions by emphasising the significance of pixels in determining

model outcomes. In Simonyan et al. (2014), the authors employed the gradient of

the target class’s score relative to the input image, while the Guided Backpropagation

method (Springenberg et al., 2015) backpropagates solely positive gradients. The In-

tegrated Gradient method (Sundararajan et al., 2017) integrates gradients between the

input image and a baseline black image. Smilkov et al. (2017) introduced SmoothGrad,

which involves smoothing the gradients using a Gaussian kernel.

Grad-CAM (Selvaraju et al., 2017), which builds on the Class Activation Mapping

(CAM) approach (Zhou et al., 2016), employs the gradients of the target class’s score

with respect to the feature activations of the final convolutional layer to determine the

importance of spatial locations.

6.4.2 Counterfactual Explanations

Previous work has demonstrated that gradient-based methods for generating saliency

maps have limitations. In particular, they are not reliable in identifying critical regions

in medical images, as highlighted by Eitel et al. (2019) and Arun et al. (2021), and have

been shown to be independent of model parameters and training data, as demonstrated

by Adebayo et al. (2018b) and Arun et al. (2021). As a result, techniques for visual

explanations based on counterfactual examples have been developed. These methods

typically involve learning a mapping between images of multiple classes to emphasise

the relevant areas for each image’s respective class. The mapping is typically mod-

eled using a CNN and trained using a GAN. In particular, Baumgartner et al. (2018)

employed a Wasserstein GAN (Arjovsky et al., 2017). Schutte et al. (2021) trained a

StyleGAN2 (Karras et al., 2020) and looked for the minimal modification in the latent

space that keeps the image as close as possible to the original one, but changes the

class prediction. In Singla et al. (2023), the authors used a conditional Generative Ad-

versarial Network (cGAN) to create a series of perturbed images that gradually display

the transition between positive and negative class.
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(a) (b)

Figure 6.3: Input image from IST-3 (a) and normal image generated by applying the

mask only at the end of the sampling process (b). We can observe that (b) presents

some artifacts and does not have a smooth transition between edited and unedited

parts.

Cohen et al. (2021) proposed the latent shift method. Their approach involves

training an autoencoder and a classifier as separate components: the autoencoder is

responsible for reconstructing images, while the classifier focuses on image classifica-

tion. Subsequently, the input images undergo perturbations in the latent space of the

autoencoder, resulting in λ-shifted variations of the original image. These variations

modify the probability of a particular class of interest, as determined by the classifier’s

output.

In the previous chapter, we observed that the single-step optimisation procedure

employed in the latent shift method is sometimes unable to correctly generate coun-

terfactuals. We also noted that the generated samples in the aforementioned method

may deviate significantly from the original image and fail to remain on the data mani-

fold. To address these challenges, we proposed ACAT, an approach that enhances the

optimisation procedure by incorporating small progressive shifts in the latent space in-

stead of a single-step shift of size λ from the input image. In this way, the probability

of the class of interest converges smoothly to the target value. Additionally, we intro-

duced a regularisation term to restrict the movement in latent space and ensure that the

observed changes can be attributed to the class shift, while preserving the important

characteristics of the image.
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6.4.3 Anomaly Detection

The detection of disease markers in medical images is an important component for di-

agnosing disease and monitoring its progression. However, pixel-wise annotations are

expensive to collect and often unavailable. For this reason, unsupervised or weakly-

supervised anomaly detection has gained significant interest in the research commu-

nity. The most popular approaches involve autoencoders, GANs, or, more recently,

diffusion models.

A common approach when employing autoencoders is to train them to recon-

struct data from healthy subjects (Zimmerer et al., 2018; Chen and Konukoglu, 2018;

Seeböck et al., 2016; Kascenas et al., 2022). At test time, diseased images are mapped

to the training distribution of healthy patients. The difference between the diseased

input and the healthy output is the anomaly map.

Schlegl et al. (2019) propose f-AnoGAN, which follows a similar approach but

with GANs. In particular, they train a generative model and a discriminator to distin-

guish between generated and real data. They also propose a mapping scheme to eval-

uate new data at test time and identify anomalous regions. Other authors employed

weakly supervised GANs, trained on both healthy and diseased images. In (Keshava-

murthy et al., 2021), the authors trained a Wasserstein GAN on unpaired chest X-ray

images and learned to map diseased images to healthy ones.

Diffusion models were employed in Wolleb et al. (2022), where the authors first

trained a probabilistic diffusion model on both diseased and healthy images, together

with a binary classifier trained on noised samples. Then, they employed deterministic

sampling from DDIM and classifier guidance (Dhariwal and Nichol, 2021) to map

a diseased image into a healthy one. Another technique to guide diffusion models,

proposed by Ho and Salimans (2021), is classifier-free guidance. During training, the

label of a class-conditional diffusion model is replaced with a null label with a fixed

probability. During sampling, to guide the generation process, the output of the model

is extrapolated further in the direction of the desired label and away from the null label.

An issue with these guidance-based approaches is that they either rely on a binary

classifier trained on noised samples (in the case of classifier guidance) or an implicit

classifier for noised samples through joint training of conditional and unconditional

models (in the case of classifier-free guidance). While these approaches can work

well for natural images, in our experiments they proved less effective for medical im-

ages, where adding noise can quickly erase most class-specific information, making
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the guidance unreliable.

In concurrent work, Bercea et al. (2023b) use masks to inpaint pathological areas,

applying the mask after generating the normal image with a GAN. This approach does

not ensure smooth transitions at the mask boundaries. In follow-up work by some of

the same authors (Bercea et al., 2023a), an approach that employs masking, stitching,

and resampling with a diffusion model is proposed. In particular, they obtain the mask

for the pathological area directly using the diffusion model trained on normal samples,

by noising and then denoising the pathological image to obtain Xrec, before computing

the residual between Xrec and the original image to obtain the mask. Then, they mask

the original image, obtaining Xm, re-noise Xrec to timestep t to obtain X t
rec, apply a

sampling step with the diffusion model to compute X t−1
rec and noise Xm to timestep

t − 1. Since X t−1
rec and X t−1

m are not fully compatible with each other as they were

obtained independently, the authors introduce some additional harmonisation steps to

blend the two components better. This process is repeated at each timestep.

In our approach, we side-step the blending issue by applying DDIM inversion to

the entire image. Then, at each step, we apply both DDIM (for reconstructing the ar-

eas outside of the mask) and DDPM (for removing the pathology from the area inside

the mask) on the same noised image, before applying the masking operation. Indeed,

DDIM sampling, being deterministic, provides exact reconstruction capabilities when

applied to regions that should remain unchanged. This deterministic property ensures

that healthy anatomical structures outside the pathological regions are preserved with-

out modification. Conversely, DDPM sampling within the masked regions introduces

controlled stochasticity that is essential for generating new, healthy tissue patterns.

Since our diffusion model is trained exclusively on healthy samples, the stochastic

sampling process naturally guides pathological regions toward the learned distribution

of normal anatomy. This dual approach leverages the contextual information from sur-

rounding healthy tissue to inform the generation process within the masked regions,

while maintaining anatomical consistency across the entire image. The harmonisation

and blending process is naturally carried out in a gradual way during the entire sam-

pling process, without needing to add additional computational overhead for explicit

harmonisation procedures.

Our approach and the work by Bercea et al. (2023a) also have different tradeoffs.

While their method performs masking in an unsupervised way, which avoids introduc-

ing bias in expected anomaly distributions, our method relies on a classifier trained in

a weakly supervised manner. Bercea’s approach may lead to suboptimal, fragmented
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masks that could still include areas of pathology. Our method, on the other hand, aims

to provide more consistent and comprehensive masking of anomalous regions. Both

approaches have their merits, and the choice between them may depend on the specific

application and data availability. We recognise that the behavior of our classifier out-

side known classes requires further investigation. Further research could explore the

generalisability of our classifier-based approach to a wider range of diseases, including

rare or previously unseen conditions. While our method requires an external model to

compute the initial saliency maps, Bercea et al. (2023a) requires tuning several critical

hyperparameters: the amount of noise for computing the mask, the masking threshold,

the noise level for inpainting, and the number of resampling steps. Finding the right

combination of these hyperparameters can be computationally expensive and com-

plex. In contrast, we aimed to reduce the hyperparameter space for easier tuning. Our

method primarily depends on the noise amount and masking threshold, simplifying the

process of hyperparameter optimisation.
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(a) Image (b) DenoisingAE (c) f-AnoGan (d) AnoDDPM

(e) AutoDDPM (f) CG (g) CFG (h) Dif-fuse (Ours)

Figure 6.4: Original image from BraTS 2021 with ground truth segmentation mask (a)

and healthy images (first and third row) with corresponding anomaly maps (second and

fourth row), obtained with DenoisingAE (b), f-AnoGan (c), AnoDDPM (d), AutoDDPM

(e), classifier guidance (f), classifier-free guidance (g), and with Dif-fuse (h). f-Ano GAN

falls short in generating believable counterfactuals, whereas the other approaches yield

higher-quality results. However, DenoisingAE, AnoDDPM, and AutoDDPM do not fully

remove the lesion, while the counterfactuals generated with CG and CFG exhibit some

artifacts.
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6.5 Methods

ACAT addresses the limitations of the latent shift method in generating attribution

maps; however, the counterfactual examples obtained through ACAT are not entirely

satisfactory. In other words, ACAT is able to identify where an image should be modi-

fied, but not exactly how to modify it to obtain a credible counterfactual.

In this chapter, we aim to tackle this challenge by proposing a two-step approach.

First, we employ ACAT to obtain initial saliency maps, which provide a rough iden-

tification of the regions requiring modification. Then, we introduce a novel sampling

technique from diffusion models that enables targeted modifications to these regions

while preserving the remainder of the image unchanged. By fusing both components at

each timestep, we achieve a seamless transition between the edited and unedited parts,

resulting in a realistic output. By considering the difference between the counterfactual

example and the original image, we can also obtain the final anomaly map.

We observe that our sampling approach not only generates highly realistic coun-

terfactuals but also enhances the initial saliency maps obtained in the first step using

ACAT. This is possible because the selected regions may not undergo complete mod-

ification by the diffusion model, allowing for the preservation of healthy anatomical

features identified in the initial attribution maps. A visual representation of our ap-

proach is presented in Fig. 6.1.

In the next sections, we first give a brief overview of diffusion models before intro-

ducing our sampling technique to generate credible counterfactuals and obtain pixel-

wise anomaly maps of pathological areas in medical images.

6.5.1 Diffusion Models

A diffusion model is defined by a forward process that gradually adds noise to data

starting from xxx0 ∼ q(xxx0) over T timesteps (Ho et al., 2020):

q(xxx1:T |xxx0) =
T

∏
t=1

q(xxxt |xxxt−1) (6.1)

with q(xxxt |xxxt−1) = N (xxxt ;
√

1−βtxxxt−1,βtIII)

and a backward process: pθ(xxx0) =
∫

pθ(xxx0:T )dxxx1:T , where:

pθ(xxx0:T ) = p(xxxT )
T

∏
t=1

pθ(xxxt−1|xxxt),

pθ(xxxt−1|xxxt) = N (xxxt−1;µµµθ(xxxt , t),ΣΣΣθ(xxxt , t))

(6.2)



Chapter 6. Dif-fuse 104

The parameters of the forward process βt are set so that xxxT is distributed approx-

imately as a standard normal distribution, and therefore p(xxxT ) is set to a standard

normal prior too. We can train the backward process to match the distribution of

the forward process by optimising the evidence lower bound (ELBO): −Lθ(xxx0) ≤
log(pθ(xxx0)):

Lθ(xxx0) = Eq[LT (xxx0)

+ ∑
t>1

DKL(q(xxxt−1|xxxt ,xxx0)||pθ(xxxt−1|xxxt))

− log pθ(xxx0|xxx1)]

(6.3)

where LT (xxx0) = DKL(q(xxxT |xxx0)||p(xxxT )).

The forward process posteriors q(xxxt−1|xxxt ,xxx0) and marginals q(xxxt |xxx0) are Gaussian

and the KL divergence can be calculated in closed form. Therefore, the diffusion model

can be trained by taking stochastic gradient descent steps on random terms of (6.3). As

noted in Ho et al. (2020), the noising process defined in (6.1) allows us to sample

arbitrary steps of the latents, conditioned on x0. With αt := 1−βt and ᾱt := ∏
t
s=1 αs,

we can write:

q(xxxt |xxx0) = N (xxxt ;
√

ᾱtxxx0,(1− ᾱt)III). (6.4)

Therefore:

xxxt =
√

ᾱtxxx0 +
√

(1− ᾱt)εεε, (6.5)

with εεε∼N (000, III).

There are many ways to parametrise µµµθ(xxxt , t) (6.2) in the prior. For example, we

could predict µµµθ(xxxttt , t) with a neural network. Alternatively, we could predict xxx0 and

use it to compute µµµθ(xxxttt , t). The network could also be used to predict the noise εεε.

In Ho et al. (2020), the authors found that this option produced the best sample quality

and introduced the reweighted loss function:

Lsimple = Et,xxx0,εεε[||εεε− εεεθ(xxxt , t)||2] (6.6)

After training the diffusion model, we generate a sample by starting with xxxT sam-

pled from N (000, III) and recursively applying the learned reverse step pθ(xxxt−1|xxxt). The

sampling equation in the original DDPM paper (Ho et al., 2020) is:

xxxt−1 =
1
√

αt

(
xxxt−

1−αt√
1− ᾱt

εεεθ(xxxt , t)
)
+σtεεε (6.7)

The mean of this equation is derived by targeting the true posterior q(xxxt−1|xxxt ,xxx0),

whose mean we want to learn for our reverse process pθ(xxxt−1|xxxt). The training objec-

tive, Lsimple, ensures our model εεεθ(xxxt , t) is a good approximation of the true noise εεε,
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which allows us to formulate this mean. The derivation starts by applying Bayes’ rule

to the posterior:

q(xxxt−1|xxxt ,xxx0) = q(xxxt |xxxt−1,xxx0)
q(xxxt−1|xxx0)

q(xxxt |xxx0)

Due to the Markov property of the forward process, q(xxxt |xxxt−1,xxx0) = q(xxxt |xxxt−1). Since

all the distributions in the forward process are Gaussian, this posterior is also a Gaus-

sian. By expanding the probability densities and completing the square for terms in-

volving xxxt−1, we can find its mean, µ̃µµt(xxxt ,xxx0). This calculation yields:

µ̃µµt(xxxt ,xxx0) =

√
ᾱt−1βt

1− ᾱt
xxx0 +

√
αt(1− ᾱt−1)

1− ᾱt
xxxt

This expression depends on xxx0, which is unknown during sampling. However, we can

re-arrange Eq. 6.5 to express xxx0 in terms of xxxt and the true noise εεε:

xxx0 =
1√
ᾱt

(
xxxt−

√
1− ᾱtεεε

)
Substituting this into the equation for µ̃µµt and simplifying (using ᾱt = αtᾱt−1 and βt =

1−αt) gives the posterior mean conditioned on xxxt and the noise εεε:

µ̃µµt(xxxt ,εεε) =
1
√

αt

(
xxxt−

1−αt√
1− ᾱt

εεε

)
This gives us the true mean. The key insight of DDPM is to train a neural network

εεεθ(xxxt , t) to predict this noise εεε. The loss function Lsimple is precisely minimised when

εεεθ(xxxt , t)≈ εεε. Therefore, at sampling time, we can approximate the true posterior mean

by replacing the unknown true noise εεε with our model’s prediction, yielding the mean

for our learned reverse step:

µµµθ(xxxt , t) =
1
√

αt

(
xxxt−

1−αt√
1− ᾱt

εεεθ(xxxt , t)
)

This expression is exactly the mean component of the DDPM sampling step in Eq. 6.7.

A sample xxxt−1 is then drawn from the reverse process Gaussian N (xxxt−1;µµµθ(xxxt , t),σ2
t III),

where σ2
t is a chosen variance.

A later work, DDIM (Song et al., 2020a), introduced a more general sampling

framework that unifies both stochastic and deterministic sampling approaches. The

generalised DDIM sampling equation is:

xxxt−1 =
√

ᾱt−1

(
xxxt−
√

1− ᾱtεεεθ(xxxt , t)√
ᾱt

)
+

√
1− ᾱt−1−σ2

t · εεεθ(xxxt , t)+σtεεε

(6.8)
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This framework encompasses both DDPM and deterministic sampling as special cases,

controlled by the choice of variance parameter σt . The DDIM sampling process is de-

rived by directly defining a non-Markovian reverse step that still uses the same trained

noise prediction network εεεθ. The core idea is to first get an explicit prediction of the

‘denoised’ data, which we can call x̂xx0, by rearranging Eq. 6.5 and plugging in our

network’s noise estimate:

x̂xx0(xxxt , t) =
xxxt−
√

1− ᾱtεεεθ(xxxt , t)√
ᾱt

This term represents our best guess for the original clean data given the noisy input xxxt .

The generalised sampling equation is then constructed by combining this predicted x̂xx0

with controlled noise. The first term in Eq. 6.8,
√

ᾱt−1x̂xx0, points the sample directly

towards this predicted clean data, scaled appropriately for the noise level of the target

timestep t−1. The second term,
√

1− ᾱt−1−σ2
t ·εεεθ(xxxt , t), re-injects noise, but directs

it along the same direction as the predicted noise εεεθ. Finally, the third term, σtεεε,

adds a component of random, uncorrelated noise. The hyperparameter σt controls the

stochasticity of the sampling process: when σt takes the DDPM variance value, Eq. 6.8

recovers the original DDPM sampling; when σt = 0, it becomes fully deterministic.

In particular, in the original DDPM formulation by Ho et al. (2020), the variance

parameter σt is set to: √
(1− ᾱt−1)/(1− ᾱt)

√
1− ᾱt/ᾱt−1.

This non-zero variance introduces randomness at each denoising step, allowing the

model to explore different possible reconstructions. The stochastic nature is crucial

for generating diverse samples and enables the model to synthesise novel content that

follows the learned data distribution. Each sampling trajectory can produce different

outputs even when starting from the same noisy input, making DDPMs particularly

suitable for creative generation tasks where variability is desired.

The deterministic DDIM variant is obtained by setting σt = 0 in Eq. 6.8. This

makes the sampling process deterministic, meaning that given the same starting point,

the model will always produce the same output. The deterministic nature of this ap-

proach offers exact reconstruction capabilities when inverting the process, and control-

lable generation where the same input consistently yields identical results.
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6.5.2 Dif-fuse

In our approach, we employ a DDPM trained on healthy samples and saliency maps

obtained from adversarially generated counterfactual examples as in ACAT. We chose

ACAT as it showed superior performance in the identification of pathological areas in

brain and lung CT scans. However, in principle, saliency maps may also be generated

with any other approach. Given a diseased image xxx0, we first select a noise amount

K ∈ [0,T ] and map the image to its noised version xxxK with the inverse DDIM sampling

scheme proposed in Song et al. (2020a):

xxxt+1 = xxxt +
√

ᾱt+1

[(√
1
ᾱt
−

√
1

ᾱt+1

)
xxxt

+

(√
1

ᾱt+1
−1−

√
1
ᾱt
−1

)
εεεθ(xxxt , t)

] (6.9)

We then smooth the saliency map with a Gaussian kernel of size 5× 5 to obtain a

mask mmm that is more uniform and with fewer isolated pixels. We edit the diseased

regions inside the mask with DDPM sampling. Since the diffusion model was trained

on normal samples, these regions are mapped to a healthy appearance. The rest of the

anatomy needs to be preserved, and therefore we employ DDIM sampling for the areas

outside of the mask, as in Eq. 6.8, with σt = 0. The stochasticity required for DDPM

sampling is provided by a new random noise tensor, εεεt , which is generated at each step

of the reverse process. In order to obtain a coherent result, we mix the masked part

with the rest of the image at each sampling step. In other words, given x̂xxt , we compute:

x̂xxt−1 = xxxDDPM
t−1 ⊙mmm+ xxxDDIM

t−1 ⊙ (1−mmm) (6.10)

where ⊙ is the Hadamard product. In this way, the editing process is focused on the

parts that were captured by the saliency map, preventing random changes to the struc-

tural characteristics of the scan. In fact, the DDIM sampling guarantees reconstruction

of the parts that don’t need to be edited. Moreover, changes to the pathological parts

are performed by the DDPM, considering the surrounding anatomical context. Our

method is summarised in Algorithm 2.

When computing x̂xxt−1 with (6.10), the sum of the two components may not produce

a perfectly coherent result. However, the incoherence is resolved by the next diffusion

step, which fuses the two components better. This would not be the case if we simply

computed x̂xx0 with DDPM and then applied the mask only at the end of the sampling

process. An illustration of this effect is presented in Fig. 6.3, where we can observe
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how the normal image, generated by applying the mask solely at the conclusion of the

sampling process (b), exhibits some artifacts and lacks a seamless transition between

the edited and unedited regions.

In this way, we are able to obtain a normal version of the given pathological image.

In order to obtain an anomaly map, we first compute the difference between the original

and the generated image and then apply erosion followed by dilation with a 5×5 kernel

to the resulting map, in order to remove noise, and finally dilation followed by erosion,

with the same kernel, to close small holes in the map. This differs from the input

processing where the ACAT saliency map is smoothed with a Gaussian kernel and then

binarised using threshold τ. The optimal thresholding level is analysed in Sec. 6.6.4.

The refined anomaly maps δ show improved delineation of pathological regions

compared to the initial ACAT saliency maps, as shown in Fig. 6.2.

Our current approach uses single-run sampling from the diffusion model. Given the

stochastic nature of DDPM sampling in the masked regions, ensemble methods that av-

erage multiple reconstructions could potentially improve the robustness of the anomaly

maps. However, this would significantly increase computational requirements. The

single-run approach balances performance with computational efficiency. Future work

could investigate more efficient variance reduction techniques or explore whether the

marginal improvements from ensemble methods justify the additional computational

cost in clinical settings.

6.5.3 Training details

The diffusion model is trained for 60,000 iterations, with a batch size of 10, using

the loss proposed in Nichol and Dhariwal (2021) and the AdamW optimiser, with

learning rate of 1e-4, β1 = 0.9, β2 = 0.999 and weight decay coefficient of 0.05. We

used an EMA rate of 0.99 and a noise schedule as in Ho et al. (2020), setting the for-

ward process variances to constants that increase linearly from 10−4 in the first step

to 0.02 in the last one. Training takes approximately two days on a single NVIDIA

A100 GPU. We employed 1000 sampling steps and a U-Net architecture, which incor-

porates the diffusion timestep t as a conditioning signal throughout the network. The

timestep integration is achieved through a dedicated embedding mechanism that trans-

forms the scalar timestep into a high-dimensional representation suitable for feature

modulation. The timestep t is first encoded using sinusoidal positional embeddings

to create a vector representation of dimension equal to the base model channels, 128.
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Algorithm 2 Dif-fuse
Input: Image xxx0, noise amount K, threshold value τ

Output: Counterfactual image x̂xx0, anomaly map δ

Compute saliency map of xxx0 with ACAT

Smooth the saliency map with a 5×5 kernel and binarise it using the threshold τ, to

obtain the mask mmm

// Forward process

for t ∈ {0,1, . . . ,K−1} do

xxxt+1← xxxt +
√

ᾱt+1

[(√
1
ᾱt
−
√

1
ᾱt+1

)
xxxt +

(√
1

ᾱt+1
−1−

√
1
ᾱt
−1
)

εεεθ(xxxt , t)

]
end for
// Backward process with mask integration

for t ∈ {K,K−1, . . . ,1} do
Generate new random noise εεεt ∼N (0, III) for DDPM sampling

// Compute DDPM step for masked regions

xxxDDPM
t−1 ← µµµθ(xxxt , t)+σt · εεεt

// Compute DDIM step for unmasked regions (deterministic)

xxxDDIM
t−1 ← µµµθ(xxxt , t) (with σt = 0)

// Apply mask-based mixing at each step

x̂xxt−1← xxxDDPM
t−1 ⊙mmm+ xxxDDIM

t−1 ⊙ (1−mmm)

// Update for next iteration

xxxt ← x̂xxt−1

end for
Compute difference: d = |xxx0− x̂xx0|
Apply erosion followed by dilation with a 5×5 kernel to d

Apply dilation followed by erosion to obtain the final anomaly map δ

return x̂xx0, δ

This embedding is then processed through a two-layer multilayer perceptron with SiLU

activation functions, expanding the representation to four times the base channel di-

mension (512). The resulting timestep embedding is injected into every residual block

throughout the network via feature-wise affine transformations, enabling the model to

adapt its denoising behaviour according to the current noise level. The U-Net architec-

ture follows the standard encoder-decoder structure with skip connections, employing

a base channel count of 128 and channel multipliers of (1,1,2,2,4,4) across the six
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resolution levels. This configuration results in channel dimensions of 128, 128, 256,

256, 512, and 512 as the spatial resolution decreases from 256× 256 to 8× 8 pixels.

Self-attention mechanisms are incorporated at three specific resolution levels corre-

sponding to 32× 32, 16× 16, and 8× 8 pixel features. Each attention layer employs

a single attention head with the full channel dimension, enabling the model to capture

long-range spatial dependencies at these intermediate and low resolutions. The atten-

tion blocks follow the standard transformer architecture with layer normalisation and

residual connections. The network utilises residual blocks with GroupNorm normali-

sation and scale-shift conditioning for the timestep embeddings. Each residual block

contains two convolutional layers with SiLU activations, where the timestep embed-

ding modulates the normalisation parameters through learned affine transformations.

Downsampling is achieved via Average Pooling layers, and upsampling is performed

using nearest-neighbor interpolation layers, both integrated within the residual block

structure. The model has a total of 138,288,772 parameters.

6.6 Experiments

6.6.1 Data

We performed our experiments on IST-3 (Sandercock et al., 2011), BraTS 2021 (Baid

et al., 2021) and the White Matter Hyperintensity (WMH) (Kuijf et al., 2019) datasets.

IST-3 is a randomised-controlled trial that collected brain imaging data, primarily

CT scans, from 3035 patients exhibiting stroke symptoms. The scans were conducted

at two time points: immediately after the patients’ hospital admission and again be-

tween 24 and 48 hours later. Radiologists involved in the trial assessed the presence or

absence of early ischaemic signs and recorded the location of any identified lesions for

positive scans. In our analysis, we considered a total of 5681 scans, 46.31% of which

were classified as negative (no lesion), while the remaining scans were positive. In

particular, we considered 11 slices for each scan and resized each slice to 256× 256.

For more detailed information about the trial protocol, data collection, and the data use

agreement, please refer to the following URL: IST-3 information1.

BraTS 2021 includes data that was collected for the Brain tumour Segmentation

(BraTS) challenge. This dataset consists of pre-operative baseline multi-parametric

magnetic resonance imaging (mpMRI) scans obtained with different clinical protocols

1https://datashare.ed.ac.uk/handle/10283/1931.

https://datashare.ed.ac.uk/handle/10283/1931
https://datashare.ed.ac.uk/handle/10283/1931
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and various scanners from multiple institutions. The primary objective of the challenge

is to evaluate and compare advanced techniques for segmenting different sub-regions

of intrinsically heterogeneous brain glioblastomas in mpMRI scans. It includes scans

in four modalities (FLAIR, T1, T1-weighted, and T2). In particular, we considered

the publicly available BraTS 2021 training dataset, containing scans from 1251 pa-

tients. Each scan has 155 slices. However, we removed the top and bottom 25 slices,

since they have minimal content, and any other empty ones, before zero-padding the

remaining to 256×256 (from the original dimension of 240×240). In the end, we are

left with 131,164 slices, of which 79,113 are positive. Additional information on the

dataset can be found here: BraTS 2021 information2.

WMH was collected for the White Matter Hyperintensity Segmentation Challenge.

We employed data from the test set, which is composed of 110 scans from five MR

scanners of FLAIR and T1 modalities. We centre-cropped and resized each slice to

256×256.

As annotations of lesions are not available in IST-3, we utilise this dataset to eval-

uate the quality of the generated images, rather than the segmentation accuracy. On

the other hand, for the BraTS 2021 and WMH datasets, we have access to lesion an-

notations, enabling us to conduct quantitative analysis of the anomaly maps that we

create. IST-3 and BraTS 2021 were divided into training, validation, and test sets with

a 70-15-15 split. On WMH, we evaluate the models trained on BraTS 2021 without

further fine-tuning to test their out-of-domain generalisation capabilities.

6.6.2 Experimental Setup

We compare our approach with competing weakly-supervised approaches employing

autoencoders, GANs, and diffusion models. In particular, we considered Denoisin-

gAE (Kascenas et al., 2022), following the implementation from the official reposi-

tory3, f-Ano GAN (Schlegl et al., 2019), in which we trained both the WGAN and

the izi encoder for 500,000 iterations each, diffusion models with classifier guidance

(CG) during sampling, following the implementation of Wolleb et al. (2022) with

noise level K = 500 and gradient scale s = 100, classifier-free guidance (CFG) (Ho

and Salimans, 2021) with guidance scale s′ = 3 (which in our experiments obtained

the best results). Additionally, we also evaluated AnoDDPM (Wyatt et al., 2022)4

2http://braintumoursegmentation.org/.
3https://github.com/AntanasKascenas/DenoisingAE.
4https://github.com/Julian-Wyatt/AnoDDPM.

http://braintumoursegmentation.org/
http://braintumoursegmentation.org/
https://github.com/AntanasKascenas/DenoisingAE
https://github.com/Julian-Wyatt/AnoDDPM
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and AutoDDPM (Bercea et al., 2023a)5. For the former, we observed on validation

data that employing 100 noising steps achieves the best results, while for the latter we

followed the hyperparameters of Bercea et al. (2023a) and set the masking threshold

such that at most 5% false positives are obtained, while tuning the final anomaly bi-

narisation threshold on validation data (the optimal threshold was found to be 0.1).

As an ablation, we also consider the result obtained directly using the saliency maps

obtained with ACAT, thresholded as in our approach, as anomaly maps and differ-

ent combinations of DDIM and DDPM sampling for forward and backward sampling

processes (without masking). In particular, we considered DDPM sampling from an

image noised with the forward process of the diffusion model (called DDPM in the

experiments), DDPM sampling starting from an image noised with DDIM inversion

(DDIM-DDPM), DDIM sampling from an image noised with the forward process of

the diffusion model (DDPM-DDIM), and DDIM sampling from an image noised with

DDIM inversion (DDIM).

In order to include the four MRI modalities available in BraTS 2021 as inputs to

the models, we concatenated them over the channel dimension.

6.6.3 Counterfactual Examples

In Figs. 6.2 and 6.4 we display examples of healthy images and anomaly maps obtained

with the different approaches. We can observe that f-Ano GAN is not able to generate

credible counterfactuals and generally produces images of poor quality and unrealistic

appearance. On the other hand, the other approaches are able to create more high-

quality results.

However, in the ones obtained with DenoisingAE, AnoDDPM, and AutoDDPM,

the pathological lesion is still partially visible, while the counterfactuals obtained with

CG and CFG seem to present some artifacts, which may not only impact the realism

of the counterfactual examples but also the precision of the anomaly maps obtained

from them. In order to better quantify the capability of these methods to segment

pathological areas accurately, we compute the Dice and IoU scores of the anomaly

maps they generate.

We also test our approach on healthy samples. Ideally, we would like our generative

process to act as the identity function when given a normal image as input. Some

examples are shown in Fig. 6.5, where we can observe that the changes introduced by

5https://github.com/ci-ber/autoDDPM.

https://github.com/ci-ber/autoDDPM
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our sampling technique are relatively minimal and Dif-fuse preserves the structure and

general appearance of the images.

(a) (b) (c)

Figure 6.5: Healthy input images from BraTS 2021 (a), images generated with Dif-

fuse (b), and anomaly maps (c). We can observe that our approach obtains a good

reconstruction of healthy samples.

6.6.4 Hyperparameters

In early experiments, we observed that, when using the saliency maps to generate the

masks needed in Dif-fuse, binarising them produces better results. Therefore, on the

validation set, we explore the optimal thresholding level for the binarisation of the

saliency maps and the most appropriate noise amount to employ during the sampling

from our diffusion model.

In Fig. 6.6 we plot the dice scores obtained for different values of these hyperpa-

rameters. As we can observe, we obtain the best performance when employing 500

noising steps and selecting the pixels in the 90th percentile of the saliency maps. In

Fig. 6.7 we display counterfactuals obtained with different noise levels. We can ob-

serve how smaller values of the noise parameter don’t allow the diffusion model to

modify the image to an adequate degree, while bigger values introduce artifacts that

impact the image quality of the generated image, consequently also hurting the dice

score of the corresponding anomaly map.
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Figure 6.6: Dice scores obtained on the validation dataset with different combinations of

thresholding percentiles to binarise the saliency maps and noise amounts K. We obtain

the best result with K = 500 and pixels in the 90th percentile of the saliency maps.

6.6.5 Quantitative Evaluation

We evaluate the anomaly maps obtained with the different approaches on BraTS 2021

and WMH. The results are displayed in Table 6.1. We can observe how our approach

obtains the best performance on WMH (with mean Dice and IoU of 0.569 and 0.526,

respectively), and BraTS 2021 with 0.699 Dice and 0.620 IoU (with DenoisingAE

being second-best on BraTS 2021 with Dice and IoU of 0.681 and 0.614, respectively,

and ACAT being second-best on WMH with Dice 0.530 and IoU 0.497).

The ablation on the saliency maps obtained from ACAT, which are employed as

part of our approach, displays how sampling from the diffusion model, as in Dif-fuse,

is critical to obtain the best results and improve the lesion detection capability of the

saliency maps. Additionally, the ablation on the different combinations of DDPM and

DDIM for forward and backward sampling shows how the combination of both at each

sampling step introduced in our approach, together with the masking guidance, are

important to achieve the best results. We have also ablated our method on BraTS 2021

using saliency masks obtained with Grad-CAM (Selvaraju et al., 2017) and the gradient

method (Simonyan et al., 2014) to guide the sampling from the diffusion model. In

particular, with the former approach, we obtained a mean Dice of 0.539 and a mean

IoU of 0.512, while with the latter 0.576 and 0.533 respectively. As expected, the

results were inferior to the ones obtained with the masks obtained with ACAT (Dice:

0.699, IoU: 0.620) due to the lower quality of these saliency maps, which is consistent
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(a) Image (b) K=250 (c) K=500 (d) K=750

Figure 6.7: Original image with ground truth segmentation mask from BraTS 2021 (a)

and healthy images (top row) with corresponding anomaly maps (bottom row), obtained

with Dif-fuse with 250 (b), 500 (c), and 750 (d) noising steps. When employing lower

amounts of noise, the pathological regions are not fully removed, while when the noise

level is too high, significant artifacts may be introduced.

with the findings in ACAT.

In Table 6.1 are also displayed the KID scores obtained on IST-3, comparing the

generated normal images with real negatives from the dataset. We selected this metric

because it reduces the bias inherent in the Fréchet Inception Distance (Heusel et al.,

2017), particularly when working with a small number of samples. We compute it

using features from the last convolutional layer of the Inception v3 model. We can

observe how the DDIM inversion followed by DDPM sampling ablation has the best

KID on IST3 (0.037), followed by DDPM (0.039) and Dif-fuse (0.040). This can be

explained by the fact that unconstrained sampling (without masking), as in the abla-

tions, can achieve more realistic-looking images. However, it also has the downside of

modifying the overall anatomy of the samples, resulting in worse segmentation of the

anomaly maps.

To provide context for our results, it’s important to consider the performance of

state-of-the-art supervised segmentation methods. On the BraTS2021 test data, the
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Table 6.1: Dice and IoU scores on BraTS 2021 and WMH test data, KID on IST-3,

averaged over three runs (with standard error). Dif-fuse achieves the best anomaly

segmentation performance on both BraTS 2021 and WMH. The DDIM inversion fol-

lowed by DDPM sampling ablation has the best KID on IST3.

Method BraTS 2021 WMH IST-3

Dice ↑ IoU ↑ Dice ↑ IoU ↑ KID ↓
f-Ano GAN 0.545 (0.015) 0.473 (0.013) 0.172 (0.022) 0.103 (0.018) 0.284 (0.005)

Classifier guidance 0.650 (0.004) 0.577 (0.003) 0.468 (0.008) 0.434 (0.007) 0.082 (0.002)

Classifier-free guidance 0.631 (0.005) 0.551 (0.005) 0.422 (0.009) 0.354 (0.006) 0.046 (0.001)

AnoDDPM 0.494 (0.020) 0.488 (0.017) 0.151 (0.010) 0.091 (0.008) 0.192 (0.022)

AutoDDPM 0.655 (0.007) 0.584 (0.005) 0.503 (0.007) 0.496 (0.005) 0.073 (0.007)

DenoisingAE 0.681 (0.011) 0.614 (0.007) 0.439 (0.015) 0.370 (0.012) 0.204 (0.017)

Dif-fuse (Ours) 0.699 (0.004) 0.620 (0.004) 0.569 (0.008) 0.526 (0.006) 0.040 (0.003)

Ablation experiments

ACAT 0.591 (0.007) 0.531 (0.005) 0.530 (0.007) 0.497 (0.006) 0.058 (0.002)

DDPM 0.581 (0.003) 0.501 (0.003) 0.475 (0.015) 0.436 (0.012) 0.039 (0.004)

DDIM-DDPM 0.616 (0.006) 0.543 (0.007) 0.498 (0.013) 0.459 (0.011) 0.037 (0.004)

DDIM 0.498 (0.009) 0.489 (0.006) 0.495 (0.009) 0.490 (0.011) 0.117 (0.008)

DDPM-DDIM 0.677 (0.004) 0.605 (0.003) 0.487 (0.015) 0.460 (0.013) 0.085 (0.006)

best supervised method6 achieved Dice scores of 0.837, 0.877, and 0.925 for the ‘en-

hancing tumour’ (ET), ‘tumour core’ (TC), and ‘whole tumour’ (WT) classes, respec-

tively. For WMH data, the top-performing supervised approach achieved a Dice score

of 0.817. While our method doesn’t yet match these supervised results, it demonstrates

competitive performance without requiring annotations. This highlights the potential

of generative approaches in medical image analysis, especially in scenarios where an-

notated data is scarce or expensive to obtain.

6.6.6 Comparison with Inpainting Methods

While our proposed method shares similarities with inpainting techniques, there are

two key differences. 1) Unlike traditional inpainting, which assumes a predefined mask

for the area to be modified, our approach addresses the challenge of identifying the tar-

get region automatically, including accounting for the inherent location uncertainty.

2) Inpainting typically involves completing entirely missing sections using only con-

6https://www.synapse.org/Synapse:syn25829067/wiki/611504.
7https://wmh.isi.uu.nl.

https://www.synapse.org/Synapse:syn25829067/wiki/611504
https://wmh.isi.uu.nl
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textual cues. In contrast, our method leverages existing pathological features, which

we aim to render as healthy tissue. These differences necessitate a more nuanced ap-

proach that combines elements of inpainting with specialised techniques for medical

image analysis and transformation.

As a representative of inpainting approaches, we test Repaint (Lugmayr et al.,

2022) employing the masks obtained with ACAT (as the original method assumes the

availability of ground truth masks of the regions that have to be inpainted). We use 250

timesteps, with 10 times resampling with jumpy size of 10, as recommended in (Lug-

mayr et al., 2022). We obtained Dice score of 0.649 and IoU of 0.575 on BraTS2021,

and Dice of 0.532 and IoU of 0.484 on WMH.

It’s worth noting that inpainting methods can struggle in our setting as they are not

designed to leverage existing information in the masked region or handle uncertainty

regarding the area to be inpainted.

6.7 Conclusion

In this work, we propose a method to remove lesions from pathological images through

diffusion models, in order to generate credible counterfactuals and produce anomaly

maps. To achieve this goal, we employ a two-step approach. First, we utilise ACAT to

generate initial saliency maps. These maps provide a first approximation of the areas

that require modification. Next, we introduce a novel way to sample from diffusion

models. This technique enables us to make targeted modifications to the identified re-

gions while preserving the remaining parts of the image. We fuse both components at

each timestep to ensure a smooth transition between the edited and unedited regions

and a realistic output. In particular, we inpaint ROIs with DDPM sampling and recon-

struct the normal anatomy with DDIMs. By applying some post-processing steps to

the difference between the counterfactual example and the original image, we can also

obtain the final anomaly map. We observe that our sampling approach not only pro-

duces highly realistic counterfactual images but also enhances the initial saliency maps

generated by ACAT in the first step. In particular, we obtain the highest mean Dice

and IoU scores of all the methods considered on both BraTS 2021 and WMH, while

achieving lower but comparable KID on IST-3 to the unconstrained (without mask-

ing) diffusion sampling methods. Our model demonstrates promising generalisation

capabilities across datasets with visually similar pathologies (BraTS2021 and WMH).

This cross-dataset performance suggests potential for broader applicability. However,
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we acknowledge that a full assessment of the generalisability of our approach, partic-

ularly to rare or unseen diseases, warrants further exploration. The binary classifier

used to compute initial saliency maps is a key component in this regard. To enhance

the model’s versatility, future work could focus on training this classifier on a more di-

verse range of pathologies. This would shed light on, and likely improve, the model’s

ability to identify and process a wider spectrum of anomalies, potentially extending

its applicability. We applied our approach to MRI and CT scans of the brain, but we

believe that it can also be employed in many other medical imaging applications where

image segmentation is required. We leave further testing for future work.



Chapter 7

Discussion

7.1 Societal Impact

The global healthcare landscape is grappling with a critical challenge: a significant

shortage of radiologists in numerous countries, as highlighted by Dall (2018). This

deficiency is particularly alarming when juxtaposed with the rising demand for med-

ical imaging services, driven by aging populations and the increasing prevalence of

chronic diseases. The imbalance between available radiologists and patient needs can

have several undesirable consequences, including delayed diagnoses, potentially lead-

ing to disease progression and poorer outcomes, extended wait times for imaging re-

sults, causing patient anxiety and treatment delays, increased workload on existing ra-

diologists, potentially compromising accuracy and leading to burnout, and inequitable

access to timely radiological services, especially in rural or underserved areas.

To address these challenges, the integration of machine learning tools in radiology

has emerged as a promising solution. These systems can automate certain clinically

relevant tasks, such as image segmentation, lesion detection, and preliminary diag-

noses, thereby reducing the workload on human radiologists, accelerating the diag-

nostic process, and improving the consistency and accuracy of interpretations. How-

ever, many current ML models in radiology face limitations. They often operate as

black boxes, making their decision-making processes opaque to human users. Addi-

tionally, many require region of interest (ROI) masks for training, which necessitate

time-consuming and expensive annotations by specialists. Our framework proposed in

Chapter 5 addresses these limitations. First, it can be trained without ROI annotations,

significantly reducing the time and cost associated with data preparation and making

the model more scalable and easier to implement across diverse healthcare settings.

119
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Despite not requiring ROI annotations for training, our model can still identify and

highlight the most informative parts of medical images, aiding diagnosis and reducing

the risk of oversight. A crucial feature of our framework is the integrated saliency map

generation. These maps provide visual explanations of the model’s decision-making

process, highlighting areas of the image that most influenced its predictions. By eluci-

dating the inner workings of the neural network, saliency maps demystify the model’s

internal reasoning. This increased transparency can boost clinicians’ trust in the model,

as they can verify that it is focusing on relevant anatomical structures. Furthermore,

these maps can serve as an educational tool, helping less experienced radiologists im-

prove their diagnostic skills. From a quality control perspective, saliency maps can

help identify cases where the model may be relying on artifacts or irrelevant image

features, prompting further investigation.

Building upon these advancements, our work in Chapter 6 introduces a novel ap-

proach that further enhances the interpretability and clinical utility of machine learning

models in medical imaging. By generating healthy counterfactuals of diseased images,

our method provides a unique perspective that aligns with the natural diagnostic pro-

cess of radiologists. This approach has implications across various medical specialties

such as surgical planning, stroke management, and enhanced clinician engagement.

In conclusion, our work not only addresses the immediate challenges faced by the

radiology field but also paves the way for more interpretable, trustworthy, and clinically

valuable AI tools in healthcare. By increasing diagnostic accuracy, improving work-

flow efficiency, and providing novel insights into disease manifestation, our work has

the potential to significantly impact patient care, medical education, and the broader

healthcare ecosystem.

7.2 Conclusion and future work

We have developed a reproducible pipeline for pre-processing brain CT scans, which

forms a crucial foundation for subsequent machine learning applications. Subsequently,

we worked on the development of deep learning methods for ischaemic stroke detec-

tion and other clinically relevant tasks. A significant focus of our research has been

on enhancing model interpretability. We have developed methods to generate counter-

factual examples and saliency maps, providing insights into the patterns recognised by

neural networks and the components contributing to their outputs. Building on this,

we have exploited these saliency maps in a classification pipeline to extract attention
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maps. These attention maps have been used to modulate image representations, pro-

moting the learning of more relevant local features and ultimately enhancing network

performance, particularly in detecting subtle lesions. We also worked on improving

the counterfactual examples obtained through ACAT, and we have exceeded the per-

formance of competing unsupervised methods for anomaly detection on BraTS2021

and WMH brain MRI scans.

This thesis offers several methodological insights that extend beyond the specific

application to stroke detection and medical imaging. First, our ACAT framework

demonstrates that when established attention mechanisms, such as those popularised

in transformer architectures, fail to improve performance on domain-specific tasks, de-

signing custom attention paradigms tailored to the unique characteristics of the prob-

lem can yield significant improvements. This finding highlights the importance of task-

specific architectural innovations, particularly in medical imaging where pathological

features may be subtle and highly localised. Second, our diffusion-based approach in

Chapter 6 illustrates the power of hybrid methodological frameworks that strategically

combine different model formulations to address complementary aspects of a com-

plex problem. By integrating DDPM for targeted pathological area modification with

DDIM for accurate anatomical preservation, we demonstrate that the strategic fusion of

different sampling approaches can overcome individual limitations and achieve results

that neither method could accomplish alone. Finally, our work underscores the impor-

tance of aligning computational approaches with domain-specific reasoning processes,

in our case radiologists’ natural tendency to identify abnormalities by comparison to

healthy anatomy, as this alignment not only improves performance but also enhances

clinical acceptance and interpretability of AI systems.

The main limitations of our work are as follows: our pre-processing pipeline,

though developed on a heterogeneous dataset representative of routine clinical CT

scans, was based on a single dataset from the IST-3 trial. The average agreement

between our deep learning method for stroke detection and expert clinicians was rel-

atively low compared to inter-expert agreement. This discrepancy likely stems from

the imperfect nature of clinical gold standards and the additional information available

to experts through CT angiography, which our model did not utilise. Furthermore, the

visibility of acute ischaemic stroke lesions on CT scans, especially at baseline, presents

a challenge that may lead to incorrect labeling. Our subgroup analyses were limited

by low case numbers in many categories, affecting the robustness of our findings re-

garding lesion location, count, and other chronic features. Moreover, a limitation of
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ACAT is the need for a baseline model to compute the attribution masks that are later

employed during the training of our framework. However, we believe that this ap-

proach could still fit within a normal research pipeline, as simple models are often

implemented as a starting point and for comparison with newly designed approaches.

In addition, it is possible to iteratively compute the saliency maps, employ them in

the classification pipeline, and then employ the improved classifier to compute better

saliency maps. ACAT has primarily been tested on brain and lung CT scans, and while

we believe it has the potential to generalise to other medical imaging tasks, further test-

ing is required to confirm this. Similarly, our Dif-fuse method, applied to brain MRI

and CT scans, warrants exploration in other medical imaging applications requiring

lesion segmentation.

It is worth noting that supervised segmentation approaches often achieve superior

performance for anomaly detection when sufficient annotated data is available. For in-

stance, on the BraTS2021 test data, the best supervised method achieved Dice scores of

0.837, 0.877, and 0.925 for the ‘enhancing tumor’ (ET), ‘tumor core’ (TC), and ‘whole

tumor’ (WT) classes, respectively, while top-performing supervised approaches for

WMH data achieved Dice scores of 0.81. However, our weakly supervised approach

offers complementary advantages, particularly in scenarios where annotated data is

scarce or expensive to obtain.

Furthermore, our counterfactual generation and saliency mapping techniques may

enhance segmentation-based approaches by providing interpretable visualisations of

anomalous regions, which could serve as weak supervision or quality control mecha-

nisms for segmentation models. The attention maps generated by our framework could

also be used to guide the training of segmentation networks or to validate their outputs

in clinical settings.

There are several potential directions for extending this work. Many of the meth-

ods presented could benefit from evaluation on a broader range of datasets to fully

explore their applicability. Furthermore, we could explore ways to incorporate CT

angiography (CTA) data alongside CT scans in the deep learning models to poten-

tially improve stroke detection accuracy and align more closely with expert diagnoses.

Additionally, we could consider a temporal analysis, developing methods to analyse

sequential CT scans over time to track the evolution of ischaemic stroke lesions, po-

tentially improving early detection and treatment monitoring. It could also be possible

to incorporate relevant clinical information, such as patient history, symptoms, and

risk factors, alongside imaging data to create more comprehensive and personalised
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diagnostic models. The sampling approach from diffusion models is computationally

expensive, and efforts to reduce this cost, perhaps through the use of consistency mod-

els (Song et al., 2023) or other techniques to reduce the number of sampling steps,

could be explored.
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bauer. Detecting cutaneous basal cell carcinomas in ultra-high resolution and weakly

labelled histopathological images. arXiv preprint arXiv:1911.06616, 2019.

Diederik P Kingma and Jimmy Ba. Adam: A method for stochastic optimization.

arXiv preprint arXiv:1412.6980, 2014.

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet classification with

deep convolutional neural networks. Advances in Neural Information Processing

Systems, 25, 2012.

Hugo J Kuijf, J Matthijs Biesbroek, Max A Viergever, Geert Jan Biessels, and Koen L

Vincken. Registration of brain CT images to an MRI template for the purpose of

lesion-symptom mapping. In Multimodal Brain Image Analysis: Third International

Workshop, MBIA 2013, Held in Conjunction with MICCAI 2013, Nagoya, Japan,

September 22, 2013, Proceedings 3, pages 119–128. Springer, 2013.



Bibliography 134

Hugo J Kuijf, J Matthijs Biesbroek, Jeroen De Bresser, Rutger Heinen, Simon An-

dermatt, Mariana Bento, Matt Berseth, Mikhail Belyaev, M Jorge Cardoso, Adria

Casamitjana, et al. Standardized assessment of automatic segmentation of white

matter hyperintensities and results of the WMH segmentation challenge. IEEE

transactions on medical imaging, 38(11):2556–2568, 2019.

Harold L Kundel, Calvin F Nodine, and Dennis Carmody. Visual scanning, pattern

recognition and decision-making in pulmonary nodule detection. Investigative radi-

ology, 13(3):175–181, 1978.

Alexey Kurakin, Ian J Goodfellow, and Samy Bengio. Adversarial examples in the

physical world. In Artificial Intelligence Safety and Security, pages 99–112. Chap-

man and Hall/CRC, 2018.

Paul C Lauterbur. Image formation by induced local interactions: examples employing

nuclear magnetic resonance. nature, 242(5394):190–191, 1973.

Yann LeCun, Yoshua Bengio, and Geoffrey Hinton. Deep learning. nature, 521(7553):

436–444, 2015.
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Mélanie Roschewitz, Fabio de Sousa Ribeiro, Tian Xia, Galvin Khara, and Ben

Glocker. Counterfactual contrastive learning: robust representations via causal im-



Bibliography 141

age synthesis. In MICCAI Workshop on Data Engineering in Medical Imaging,

pages 22–32. Springer, 2024.

Snehashis Roy, Aaron Carass, Amod Jog, Jerry L Prince, and Junghoon Lee. MR to

CT registration of brains using image synthesis. In Medical Imaging 2014: Image

Processing, volume 9034, pages 307–314. SPIE, 2014.

Natalie A Royle, Tom Booth, Maria C Valdés Hernández, Lars Penke, Catherine Mur-
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