. eprints@whiterose.ac.uk
= Whlte Rose https://eprints.whiterose.ac.uk

. o
Q\J) ReseCerh On"ne Universities of Leeds, Sheffield and York

Deposited via The University of Sheffield.

White Rose Research Online URL for this paper:
https://eprints.whiterose.ac.uk/id/eprint/216395/

Version: Published Version

Proceedings Paper:

Charlton, J., Alsanie, I. and Khurram, S.A. (2024) Whole slide images classification of
salivary gland tumours. In: Yap, H.M., Cootes, T., Zwiggelaar, R. and Reeves, N., (eds.)
Medical Image Understanding and Analysis (MIUA). 28th UK Conference on Medical
Image Understanding and Analysis - MIUA, 24-26 Jul 2024, Manchester, United Kingdom.
Frontiers in Medical Technology. Frontiers Media, pp. 159-166. ISBN: 978-2-8325-1244-9.

https://doi.org/10.3389/978-2-8325-1244-9

Reuse

This article is distributed under the terms of the Creative Commons Attribution (CC BY) licence. This licence
allows you to distribute, remix, tweak, and build upon the work, even commercially, as long as you credit the
authors for the original work. More information and the full terms of the licence here:
https://creativecommons.org/licenses/

Takedown
If you consider content in White Rose Research Online to be in breach of UK law, please notify us by
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request.

ﬁ &, | University of

1 =
UNIVERSITY OF LEEDS Sh ffleld



mailto:eprints@whiterose.ac.uk
https://doi.org/10.3389/978-2-8325-1244-9
https://eprints.whiterose.ac.uk/id/eprint/216395/
https://eprints.whiterose.ac.uk/

.. frontiers

Medical Image Understanding
and Analysis

Manchester, UK



Medical Image Understanding and Analysis

& frontiers

Medical Image Understanding and Analysis, Manchester, UK

ISBN
9782832512449

DOI
10.3389/978-2-8325-1244-9

Citation
Thomas, C., Kendrick, C., Cootes, T., Reeves, N., Yap, M. H.,

Zwiggelaar, R. (2024).

Manchester Metropolitan University, Manchester, UK

The abstracts in this collection have not been subject to any Frontiers peer review or checks, and are
not endorsed by Frontiers. They are made available through the Frontiers publishing platform as a
service to conference organizers and presenters. The copyright in the individual abstracts is owned
by the author of each abstract or their employer unless otherwise stated. Each abstract, as well as the
collection of abstracts, are published under a Creative Commons CC-BY 4.0 (attribution) licence
(creativecommons.org/licenses/by/4.0/) and may thus be reproduced, translated, adapted and be
the subject of derivative works provided the authors and Frontiers are attributed.

For Frontiers’ terms and conditions please see: frontiersin.org/legal/terms-and-conditions.

02 frontiersin.org



:, frontiers Medical Image Understanding and Analysis

Table of contents

09

11

11

20

28

32

03

Welcome to Medical Image Understanding and Analysis

Set 1: Brain Imaging, Medical Images and Computational
Models

Analysis on multi-ethnic retinal fundus image datasets of
debiasing techniques in deep learning for diabetic macular
edema recognition

Megha Hegde, Farzana Rahman, Roshan A. Welikala, Jiri Fajtl, Christopher G.
Owen, Alicja R. Rudnicka, Sarah A. Barman

Automatic segmentation of pediatric brain tumours

using diffusion-weighted MRI: Towards an early, in-vivo
classification pipeline

Daniel Griffiths-King, Timothy Mulvany, Andrew Peet, John Apps, Jan Novak

Computational fluid dynamics modelling of blood flow
performance for a stented patient specified peripheral
arteries

J Feng, D Wang, J Kendall, F. Serracino-Inglott

Deep learning with 3D convolutional neural networks for
prediction of germline BRCA gene mutation in high-risk
breast cancer patients

Yongwon Cho, Sung Eun Song, Kyu Ran Cho

frontiersin.org



& frontiers

37

44

53

58

63

69

76

04

Medical Image Understanding and Analysis

Exploring the potential of MRI variables for predicting
conversion to mild cognitive impairment

Martina Billichova, Davide Bruno, Fariba Sharifian, Silvester Czanner,
Gabriela Czanner

Enhanced segmentation via a shared encoder with
interpretable classifier for breast tumor analysis
Youngmin Kim, Sungjoon Park, Hyejeong Kim, Wonhwa Kim, Jaeil Kim

Generating brain MRI with subject-specific and generalised
learning using 3D GAN-based models

Hari Kala Kandel, Carl Barton

Implicit neural networks for breast ultrasound image
segmentation
Michal Byra

Lateral ventricle shape modeling using peripheral area
projection for longitudinal analysis
Wonjung Park, Suhyun Ahn, Jinah Park

Multiple sclerosis diagnosis with deep learning and
explainable Al
Nighat Bibi, Jane Courtney, Kathleen M. Curran

Post-processing of perivascular spaces segmentation using
k-means

Roberto Duarte Coello, Maria Valdés Hernandez, Jose Bernal, Joanna
Wardlaw

frontiersin.org



a frontiers Medical Image Understanding and Analysis

81

92

99

106

112

112

120

05

Predictive Bayesian Active Learning in Stargardt disease diagnosis
Biraja Ghoshal, Shihan Zhao, William Woof, Bernardo Mendes, Saoud Al-
Khuzaei, Thales Antonio Cabral De Guimaraes, Malena Daich Varela, Yichen
Liu, Sagnik Sen, Siying Lin, Yu Fujinami-Yokokawa, Andrew R. Webster, Omar
A. Mahroo, Kaoru Fujinami, Savita Madhusudhan, Konstantinos Balaskas,
Susan M Downes, Michel Michaelides, Nikolas Pontikos

Specimen-to-tumor bed deformable registration to inform
re-resection in otolaryngologic procedures

Morgan Ringel, Ayberk Acar, Qingyun Yang, Marina Aweeda, Carly Fassler,
Jon Heiselman, Jie Ying Wu, Michael Topf, Michael Miga

Support classification system for glaucoma detection
Dmytro Furman, Bryan Williams, Silvester Czanner, Gabriela Czanner

Synthetic cerebral blood vessel generator for training
anatomically plausible deep learning models

Georgia Kenyon, Stephan Lau, Antonios Perperidis, Michael Chappell,
Mark Jenkinson

Set 2: Low-Quality Medical Images, Pathology, Microscopic,
Dental and Bone Imaging

A histology-informed network for white blood cell
recognition at subpixel level
Qian Wang, Zhao Chen

A novel method of determining Bone Mineral Density from

pre-surgical CT scans to aid in surgical planning
Niall C. Maguire, Alan D. Brett

frontiersin.org



& frontiers

123

130

136

142

149

152

159

06

Medical Image Understanding and Analysis

Applying likelihood-based out-of-distribution detection to
malaria microscopy using Deep Diffusion Models

Joseph Goodier, Richard Bowman, Pietro Cicuta, Joe Knapper, Samuel
McDermott, Joram Mduda, Catherine Mkindi, Joel Collins, Julian Stirling,
William Wadsworth, Boyko Vodenicharski, Jessica Nicholson, Neill Campbell

Enhancing mitotic figure detection using attention modules
in digital pathology
May Hlaing Kyi, Massoud Zolgharni, Syed Ali Khurram, Neda Azarmehr

FLy-HEi nuclear distribution clusters associate with clinical
features in Follicular Lymphoma

Volodymyr Chapman, Alireza Behzadnia, Cathy Burton, Dan Painter, Alex
Smith, Reuben Tooze, Andrew Janowzcyk, David Westhead

Let's strike a balance: Addressing class imbalance issues in
haematological images
Thabang F. Isaka, Jane Courtney, Claire Wynne

Streamlining colon biopsy screening with interpretable
machine learning

Quoc Dang Vu, Navid Alemi, Johnathan Pocock, David Snead, Nasir Rajpoot,
Simon Graham

Self-supervised pre-training improves the prediction of
gene mutations and tumor mutational burden in lung
adenocarcinoma

Arwa AlRubaian, Nasir M Rajpoot, Shan E Ahmed Raza

Whole slide images classification of salivary gland tumours
John Charlton, Ibrahim Alsanie, Syed Ali Khurram

frontiersin.org



a frontiers Medical Image Understanding and Analysis

167

167

174

183

191

07

Set 3: Dermatology, Cardiac Imaging and Other Medical
Imaging

Deep texture analysis in whole-body PET using Graph
Neural Network analysis of the sub-logit layer

Robert John, lan Ackerley, Rhodri Smith, Andrew Robinson, Vineet Prakash,
Manu Shastry, Peter Strouhal, Kevin Wells

Detection of extracardiac findings in Cardiac Magnetic
Resonance: A comparative study

Edgar Pinto, Patricia M. Costa, Catarina Silva, Vitor H. Pereira, Jaime C.
Fonseca, Sandro Queirds

Inter-site and inter-scanner reproducibility across four qMRI
measurands using Sl traceable references

Ben P. Tatman, Robert Hanson, Amy McDowell, Elizabeth A. Cooke,
Cailean Clarkson, Tugba Dispinar, Ilker Un, Sarah Hill, Sumiksha Rai, Ahmad
Abukashabeh, Aaron McCann, Cormac McGrath, Sian Curtis, Holly Elbert,
Jonathon Delve, Cameron Ingham, Simone Busoni, Jack Clarke, John
Thornton, Nick Zafeiropoulos, Stephen Wastling, Alessandra Manzin,
Riccardo Ferrero, Adriano Troia, Frederic Brochu, Asha Forde-Scille, Jessica
Goldring, Asante Ntata, Katie Obee, Susan Rhodes, Merima Smajlhodzic¢-
Deljo, Amar Deumi¢, Alen Bosnjakovic, Paul Tofts, Richard Scott, Matt
Cashmore, Matt G. Hall

How many spin echoes are enough? Sensitivity of T,
estimation to image noise and B, penetration effects

Asante Ntata, Zeinab Al-Siddiqui, Nadia Smith, Elizabeth Cooke, Paul Tofts,
Matt Cashmore, Matt Hall

frontiersin.org



:, frontiers Medical Image Understanding and Analysis

197

203

203

210

217

224

231

08

Parameter-free bio-inspired channel attention for enhanced
cardiac MRI reconstruction
Anam Hashmi, Julia Dietlmeier, Kathleen M. Curran, Noel E. O'Connor

Set 4: Machine Learning for Endoscopy (EndoML)

Automatic assessment of the degree of cleanliness in
esophagogastroduodenoscopy images using EfficientNet-V2
network

Neil de la Fuente, Mireia Majo, Yael Tudela, Irina Luzko, Henry Cordova,
Gloria Fernandez-Esparrach, Jorge Bernal

Counterfactuals: The impact of image properties on the
quality of generated explanations in XAl
Daniel Nguyen, Ahmed E. Fetit, Kanwal Bhatia

Multi-task SwinV2 transformer for polyp classification and
segmentation
Kerr Fitzgerald, Jorge Bernal, Yael Tudela, Bogdan J. Matuszewski

Polyp segmentation generalisability of pretrained backbones
Edward Sanderson, Bogdan J. Matuszewski

Toward automated small bowel capsule endoscopy
reporting using a summarizing machine learning algorithm:
The sum up study

Charles Houdeville, Marc Souchaud, Romain Leenhardt, Lia Goltstein,
Guillaume Velut, Hanneke Beaumont, Xavier Dray, Aymeric Histace

frontiersin.org



Medical Image Understanding and Analysis

& frontiers

Welcome to
Medical Image Understanding
and Analysis

MIUA is a UK-based international conference for the
communication of image processing and analysis research and
its application to medical imaging and biomedicine. MIUA 2024
is organized by a combined team at Manchester Metropolitan
University, University of Manchester and Aberystwyth University.

09 frontiersin.org



& frontiers

LIST OF ORGANIZERS

Chairs:

Moi Hoon Yap, Manchester Metropolitan University
Timothy Cootes, University of Manchester

Reyer Zwiggelaar, Aberystwyth University

Neil Reeves, Manchester Metropolitan University

10

Medical Image Understanding and Analysis

frontiersin.org



? frontiers Medical Image Understanding and Analysis

Whole slide images classification
of salivary gland tumours

Author

John Charlton — University of Sheffield, UK

Ibrahim Alsanie — Laboratory King Saud University, Saudi Arabia
Syed Ali Khurram — University of Sheffield, UK

Citation
Charlton, J., Alsanie, I., Khurram, S.I. Whole slide images classification of salivary
gland tumours.

Abstract

This work shows promising results using multiple instance learning on
salivary gland tumours in classifying cancers on whole slide images. Utilising
CTransPath as a patch-level feature extractor and CLAM as a feature
aggregator, an F1 score of over 0.88 and AUROC of 0.92 are obtained for
detecting cancer in whole slide images.

Introduction

Salivary gland tumours (SGTs) are a relatively rare group of heterogeneous
neoplasms. These tumours represent approximately 3% of all head and neck
tumours [5, 6, 9. Artificial intelligence methods such as deep learning have
been applied to many digital histological datasets [4, 7] with very promising
results. This includes high accuracy classification [12] and segmentation [10]
of numerous types of cancers.
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Within the body of literature, there is a gap in knowledge regarding SGTs with
applications using artificial intelligence. In particular, there is no work to the
authors’ knowledge that utilises the entirety of the whole slide image (WSI) in
applying artificial intelligence to SGTs. Incorporating knowledge of the entire
WSl is important for capturing large-scale histological and morphological
information across the whole tissue.

To solve this issue, this work proposes a multiple instance learning (MIL)
approach applied to WSIs of SGTs. This work classifies benign/malignant
tumours, as well as classification of a particular type of malignant tumour
(adenoid cystic carcinoma). The work also compares the accuracy of

the model when using two different feature extractors: ResNet-50 and
CTransPath. It finds CTransPath to be the more accurate feature extractor,
and predicts benign/malignant classification with an F1 score of 0.88 and
AUROC of 0.92.

Background and Methodology

Multiple instance learning (MIL) [3, 4] is a variation on supervised learning. For
MIL in this work, annotations are made at the WSI level (also known as the
bag level in literature).

Salivary gland tumours display a large amount of morphological diversity
between tumour types. This can be a challenge for models to accurately
classify SGTs. In addition, the relative rarity of SGTs means datasets are
difficult to obtain for use in training machine learning models. Machine
learning models have been successfully applied to SGTs at the patch level
[11, 8], region of interest (ROI) scale [1], and using a graph-based approach
[2]. These works are able to classify SGTs with good accuracy, but they can
be time-consuming and problematic for cancer subtyping, as high grade
tumours are more challenging to annotate accurately.

Within this work two tasks were performed: benign/malignant classification,
and adenoid cystic carcinoma/other classification. The first task was tested
using two different feature extractors: ResNet-50 and CTransPath. The
second task used only CTransPath as the feature extractor.
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A dataset of 646 whole slide images of SGTs was used. Each WSI was labelled
as either ‘benign’ (402 cases) or ‘malignant’ (242 cases). In addition, slides
were categorised as adenoid cystic carcinoma (118 cases) or not (528 cases).
More images from other clinical groups will be included in future work to
help test the model robustness across different clinical workflows.

The workflow for these tasks was similar to other MIL approaches [3]. WSIs
were split into smaller patches for feature extraction, then aggregated
together utilising a feature aggregation model. For ResNet-50 feature
extraction, the square patches were of side length 224 pixels and for
CTransPath a patch was 256 pixels. Both ResNet-50 and CTransPath used the
default weights of the model. CLAM was used for feature aggregation as was
trained on the dataset. Training the CLAM model was performed using k-fold
validation for hyperparameter tuning. A ratio of 80%-10%-10% was used for
training, validation, and testing respectively. k=10 folds were used, each data
point appearing only once in the validation and once in the testing set.

Results

Figure 1 shows the two receiver operating characteristic (ROC) curves of
binary classification of cancer. The blue curve is for features generated

by ResNet-50. The orange curve is for features generated by CTransPath.

It shows an area under the ROC (AUROC) of 0.92 for the method using
CTransPath features, and 0.68 when using ResNet-50 features. For the
CTransPath method the F1 score is 0.88, the precision is 0.90 and the recall is
0.88. The specificity is 0.92. For the ResNet-50 method the F1 score is 0.72,
the precision is 0.72, the recall is 0.77, and the specificity is 0.84.

The figure shows higher accuracy when utilising CTransPath as the feature
extractor compared to ResNet-50. This might be due to the datasets they
were trained on. CTransPath was trained using histological images, and
the features extracted by CTransPath appear to be more useful for this
classification task.
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FIGURE 1
ROC curve of Benign/Malignant classification. The blue ROC curve is for ResNet-50 features. The orange
curve is for CTransPath features.

The second task, Adenoid cystic carcinoma using CTransPath features with
the CLAM feature aggregation model, achieved an AUROC of 0.96 and an F1
score of 0.84, displaying strong initial findings that a high grade SGT can be
accurately classified for WSIs. It has a corresponding precision of 0.84, the
recall is 0.77, and the specificity is 0.97.

In conclusion, CTransPath features were found to provide greater accuracy
in classification of cancer compared to ResNet-50 using a MIL approach.
AUROCs of over 90% were obtained for both tasks utilising CTransPath
together with CLAM. The applicability of the model to other tasks is still to
be explored, as well as more general conclusions about the comparison
across more classification tasks. Future work will compare against recent
advancements of other architectures, including autoencoders and self-
supervised learning to contextualise its performance.

162 frontiersin.org



a frontiers Medical Image Understanding and Analysis

FIGURE 2
Section of a whole slide image (WSI). Heatmap of attention. Areas highlighted in red are more important in
deciding the categorisation of the whole image.

The use of the attention mechanism in the CLAM model provides a focus for
future study, as it highlights spatial regions within the WSI that are important
for classification (see figure 2). It attends differently between different tissue
types, demonstrating its ability to account for pathological features. It
follows that these regions are important in understanding the behaviour of
cancer development within SGTs. This can be explored in future research to
examine structural effects on important properties such as cancer behaviour,
response to treatment, and patient survival.
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