
Minerva Access is the Institutional Repository of The University of Melbourne

Author/s:
Thwaites, D;Moses, D;Haworth, A;Barton, M;Holloway, L

Title:
Artificial intelligence in medical imaging and radiation oncology: Opportunities and
challenges

Date:
--

Citation:
Thwaites, D., Moses, D., Haworth, A., Barton, M. & Holloway, L. (). Artificial
intelligence in medical imaging and radiation oncology: Opportunities and challenges.
Journal of Medical Imaging and Radiation Oncology,  (), pp.-. https://
doi.org/./-..

Persistent Link:
https://hdl.handle.net//



This is the author manuscript accepted for publication and has undergone full peer review but has not 

been through the copyediting, typesetting, pagination and proofreading process, which may lead to 

differences between this version and the Version of Record. Please cite this article as doi: 

10.1111/1754-9485.13275

This article is protected by copyright. All rights reserved

Artificial Intelligence in medical imaging and radiation oncology: opportunities and challenges 

Authors:

Prof David Thwaites 1,2

Prof Daniel Moses 3,4 

Prof Annette Haworth 1

 Prof Michael Barton 5,6

A/Prof Lois Holloway 5,6,1,7

1 Institute of Medical Physics, School of Physics, University of Sydney, Australia

2 Sydney West Radiation Oncology Network, Crown Princess Mary Cancer Centre, Westmead, Australia

3 Department of Medical Imaging, Randwick Campus Hospitals, Australia 

4 School of Biomedical Engineering, University of New South Wales, Australia

5 Ingham Institute and South Western Clinical School, University of New South Wales, Liverpool, Australia

6 Liverpool and Macarthur Cancer Therapy Centres, Australia

7 Centre for Medical Radiation Physics, University of Wollongong, Australia

 

Corresponding author:

Prof David Thwaites

Institute of Medical Physics, School of Physics, University of Sydney, NSW 2006, Australia 

Phone: 61 459 571 482

Email: david.thwaites@sydney.edu.au

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t

https://doi.org/10.1111/1754-9485.13275
https://doi.org/10.1111/1754-9485.13275
https://doi.org/10.1111/1754-9485.13275


 

This article is protected by copyright. All rights reserved 

1 

 1 

PROF. DAVID  THWAITES (Orcid ID : 0000-0002-9633-6259) 2 

PROF. DANIEL AARON MOSES (Orcid ID : 0000-0001-9404-0035) 3 

PROF. ANNETTE  HAWORTH (Orcid ID : 0000-0003-1382-7747) 4 

PROF. MICHAEL B BARTON OAM (Orcid ID : 0000-0003-0112-0680) 5 

 6 

 7 

Article type      : Medical Imaging—Radiation Oncology—Review Article 8 

 9 

 10 

Artificial Intelligence in medical imaging and radiation oncology: opportunities and 11 

challenges  12 

 13 

Authors: 14 

Prof David Thwaites 
1,2

 15 

Prof Daniel Moses 
3,4

  16 

Prof Annette Haworth 
1 

17 

 Prof Michael Barton 
5,6 

18 

A/Prof Lois Holloway 
5,6,1,7 

19 

 
20 

1 
Institute of Medical Physics, School of Physics, University of Sydney, Australia 21 

2 
Sydney West Radiation Oncology Network, Crown Princess Mary Cancer Centre, Westmead, 22 

Australia 23 

3 
Department of Medical Imaging, Randwick Campus Hospitals, Australia  24 

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t



 

This article is protected by copyright. All rights reserved 

2 

4 
School of Biomedical Engineering, University of New South Wales, Australia 25 

5
 Ingham Institute and South Western Clinical School, University of New South Wales, 26 

Liverpool, Australia 27 

6 
Liverpool and Macarthur Cancer Therapy Centres, Australia 28 

7 
Centre for Medical Radiation Physics, University of Wollongong, Australia 29 

  30 

 31 

Corresponding author: 32 

Prof David Thwaites 33 

Institute of Medical Physics, School of Physics, University of Sydney, NSW 2006, Australia  34 

Phone: 61 459 571 482 35 

Email: david.thwaites@sydney.edu.au 36 

 37 

 38 

Introduction: Artificial Intelligence (AI) and Machine Learning (ML) are increasingly ubiquitous 39 

in many areas of society, not least in medicine. AI offers the opportunity to harness computers 40 

to carry out more mundane tasks faster or better, e.g. more consistently, than humans.  41 

However it also has the potential to move beyond what humans can do. For example, AI can 42 

combine many and disparate data sources and types into decision-making (e.g. genomics, 43 

imaging, pathology), or can interrogate very large sets of retrospective data to learn patterns 44 

where manual investigation would not be feasible or would not readily identify them, e.g. in 45 

early sub-clinical disease detection.  For decisions and predictions, humans are restricted in the 46 

number of pieces of information that can be considered and processed simultaneously 47 

(typically said to be around 5), whilst AI systems are not so limited and can integrate complex 48 

datasets efficiently. Human decisions can also be influenced by bias and noise, i.e. extraneous 49 

factors causing variation in decisions between individuals or at different times.  Structured 50 

decision-making can improve this, e.g. at a simplest level using checklists to aid the decision 51 

process, or codifying and extending these into algorithms and computerisation.  Algorithms 52 
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too can incorporate bias and must be carefully designed and tested to avoid this.  Despite the 53 

potential of AI tools, they are just that, tools to supplement the clinical process and aid the 54 

clinician to be more efficient and effective. Therefore AI should be developed in ways that 55 

integrate it closely into clinical workflows, to enhance processes without adding unnecessary 56 

complexity or time.  Furthermore, AI cannot provide the creative and critical thinking that is 57 

necessary in medicine, or the interpretation and responsibility for application to patients, or 58 

the patient care aspects, such as trust and reassurance.  59 

This JMIRO special issue on AI in Medical Imaging (MI) and Radiation Oncology (RO) brings 60 

together a range of reviews and overviews of aspects of this rapidly evolving and potentially 61 

disruptive technology and provides an indication of research and development work in 62 

Australian centres.   AI, mainly in the form of ML, is already impacting image analysis and other 63 

applications in both MI and RO.  This is only expected to increase, providing significant 64 

opportunities and potential practice changes, but also with associated risks and challenges that 65 

must be considered and managed.   66 

 67 

Some concepts and terminology: There are many variants of definitions, but RANZCR
1
 has 68 

adopted the following.: 69 

- an AI system is ͞a machine-based system that can, for a given set of human-70 

defined objectives, make predictions, recommendations, or decisions 71 

influencing real or virtual environments. AI systems are designed to operate 72 

with varying levels of autonomy͞;  73 

- and ML is ͞a partiĐular form of AI, which gives computers the ability to learn from and 74 

improve with experience, without being explicitly programmed. When provided with 75 

sufficient data, a machine learning algorithm can learn to make predictions or solve 76 

proďlems, ….͟ 77 

Most AI in medicine thus far is ML, using available datasets to train models to recognise 78 

patterns, or identify and develop representations of complex relationships between input data 79 

and output prediction, which can then be applied to classify or model new unseen data.  A 80 

range of ML approaches and algorithms have been applied (e.g. linear regression, logistic 81 

regression, support vector machines, Bayesian networks, decision trees, random forest, neural 82 

networks).  Most of these have used supervised learning, where the training examples (input) 83 
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are described not only by their features, but also by labelling the data with additional 84 

information that relates to the required learning task and applies domain knowledge.  The 85 

model identifies relationships between features and class labels and the training examples 86 

provide the expected output (ground truth) of the model such that a comparison between 87 

these and actual model output can give a measure of the model accuracy. On the other hand, 88 

in unsupervised learning the data are described in terms only of their features and the learning 89 

can discover hidden structures from unlabelled data. Principal component analysis, clustering 90 

and self-organised neural networks are examples of unsupervised methods.  91 

Research and development for medical applications have used a range of these approaches. 92 

However the focus is increasingly on artificial neural networks (ANN), i.e. adaptive networks of 93 

artificial
 
neurons (information processing nodes) connected in layers and providing non-linear 94 

behaviour. Each node has multiple connections to nodes in the layer above, which provide 95 

data to it, and in the layer below, which receive data from it. Input connections are described 96 

and modified by weights, whilst outputs are by amplitude values.  Weights, values and other 97 

network parameters are adjusted iteratively when the algorithm is
 
trained, with the aim of 98 

optimising a particular cost-function defined for the application. For supervised learning, the 99 

overall NN outputs are compared to the training inputs and the variations are back-projected 100 

into the network until further similar data input provides consistent outputs. Deep Learning 101 

(DL) uses many hidden layers of artificial neurons and so has capacity for large numbers of 102 

parameters (hence, from these characteristics, terŵed ͚deep͛).  Thus DL ĐaŶ provide a data-103 

driven approach to deal with more complex problems and can support supervised or 104 

unsupervised learning. The DL network interconnections are complex, and the routes to 105 

decisions and outputs can therefore be obscure. 106 

Training requires sufficiently large datasets, with enough diversity of examples for real-world 107 

application for the problem/s to be considered, thus avoiding bias and producing a model that 108 

is sufficiently accurate and also generalizable.   One source of bias and uncertainty can arise 109 

from outputs being subjectively defined by one or more individuals, e.g. in imaging tasks, 110 

which can limit accuracy, since there may be no objective ground truth.  Datasets require 111 

adequate completeness and quality for the specific purpose.  In MI there are some large 112 

publicly available digital datasets that can be accessed for model training for a range of 113 

applications, as well as using locally curated hospital datasets.  Typically, datasets in RO are 114 

smaller, although generally well-structured in oncology information systems.  Thus although 115 
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ML is often intrinsically linked with the concept of Big Data, the amount of data in many clinical 116 

applications might not be so large!  In practice it may be that where data is limited it can be 117 

augmented in order to increase the number and diversity of training examples, e.g. for image 118 

sets, by generating new data using transformations from existing images.  119 

Two potentially significant modelling problems are poor fit and overfitting.  Poor fit is where 120 

the model is too simple and wont match the training data. Overfitting occurs when the model 121 

contains more parameters than the data can justify, resulting in increased variance when 122 

fitting different training sets and the likelihood that the model will fail to fit additional data.  123 

Model complexity can be limited to prevent overfitting, termed regularization.  Both problems 124 

increase modelling errors and a good model finds a trade-off between them, aiming to 125 

minimise errors when applied to new unseen data.   Thus generated models must be carefully 126 

validated, using a validation dataset separate and ideally independent from the training data.  127 

If the available data is limited, resampling methods can be used, splitting the data into training 128 

and validation sets in different ways and cross validating between these divisions. For example 129 

the data can be divided into k equally sized subsets,  with repeated training and validation on 130 

all the combinations of k-1 sets with the remaining set, (terŵed ͚k-fold Đross validatioŶ͛).  IŶ 131 

the extreme when k equals the number of samples, this becomes the leave-one-out approach. 132 

Multiple re-sampling allows data points to be used more than once for testing, e.g. 133 

bootstrapping randomly draws data sets from the training data and estimates the model 134 

performance (statistical accuracy) from multiple trainings on different subsets.  135 

In summary, safe and confident clinical use of ML requires models that are well-documented 136 

and clearly validated for application and performance accuracy, based on relevant datasets of 137 

adequate size, scope and quality.  In addition, ML models should be interpretable, 138 

transparent, explainable and reproducible. 139 

 140 

AI in Radiology and Radiation Oncology: MI and RO are medical specialties with existing 141 

infrastructure and characteristics that position them well to adopt and benefit from the 142 

potential of AI.   For example, MI and RO are both technology-based with a long history of safe 143 

implementation of complex and potentially disruptive technologies and innovations, arising 144 

from both significant in-house development and commercial sources.  They include multi-145 

disciplinary teams encompassing not only clinical experts, but also physics, technical and 146 

computing/IT expertise, as well as having close links with technology manufacturers.  They 147 
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have well-developed frameworks for technology assessment and evaluation, for new system 148 

commissioning, testing and on-going quality assurance, and for continuing technology 149 

development and quality improvement after implementation. They are strongly computer-150 

integrated and data-rich, typically with well-structured digital datasets in comprehensive e-151 

information systems, including extensive image sets in standardised formats.   152 

There is already a wide and growing literature on AI in medicine in general 
2-4

, including 153 

specifically in MI and RO.  For MI, AI opportunities include applications in optimising 154 

acquisition parameters, reconstructing images, assessing image quality, and preprocessing and 155 

interpreting images. In turn this can improve detection, quantification and evaluation and 156 

hence improved diagnosis
5-10

.  In addition AI can aid enhanced patient management and 157 

workflows and provide prognostic and predictive tools
5-10

.  A number of MI examples are 158 

covered in this special issue, including applications in general radiology, chest x-rays, 159 

mammography and stroke, as well as reviews of AI in MRI image reconstruction for faster 160 

imaging and of image data augmentation methods for deep learning. In RO, many applications 161 

are also based on imaging data and its uses.  Currently reported opportunities include in auto-162 

segmentation of relevant structures, generation of synthetic CT for planning, radiomics 163 

applications, auto- (and knowledge-based) treatment planning, dose tracking and on-line 164 

adaptive radiotherapy, as well as in predictive modelling of treatment response and outcomes 165 

and their use in linked decision support, and a growing range of applications in process control 166 

and other quality assurance and safety areas
10-16

.  This issue includes examples in auto-167 

segmentation for treatment planning, motion tracking during treatment, the use of 168 

quantitative biomarkers to monitor response during and after treatment, and an overview of 169 

the Australian radiation oncology computer-assisted theragnostics network, using distributed 170 

(or federated) learning across centres to provide tools for outcome prediction and decision 171 

support.  172 

 173 

Challenges and requirements: Despite all this activity and despite that some ML tools (such as 174 

linear regression, or atlas-based segmentation) have been available and used for some time, AI 175 

is still in its early days of clinical application in MI and RO and there are a range of issues and 176 

challenges still to be considered and solved
3,4,6,9,12,14,17

.  These include potential hazards and 177 

risks in clinical use, which require: clear and safe development of AI tools and applications and 178 

a responsibility on developers and researchers to provide sufficient detail in documentation 179 

and in research papers; rigorous validation and testing of both accuracy and limitations; risk 180 
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assessment and management of clinical implementation; on-going quality assurance; and 181 

appropriate evolving education and training.  In this sense these are similar to other novel 182 

technology tools adopted into MI and RO, particularly software tools, and require similar 183 

structured approaches to their introduction and use and for further research and 184 

development.   185 

Careful consideration must be given to the datasets used to generate models and their 186 

predictions, in order to avoid bias and to ensure accuracy in their application to patients. This 187 

necessitates clear clinical input into model purpose, design, optimisation and implementation 188 

and into understanding the source, scope and quality of data used. Model interpretability will 189 

affect user acceptance and confidence. These concepts lead to considerations of transparency 190 

around models and data and their possible application limitations, regardless of whether they 191 

are commercially supplied and certified or locally developed. Not least, this should focus 192 

attention on ensuring that models provide clinically relevant outcomes.  In turn, this 193 

emphasises the need for local data (model inputs) to be high quality and the required data 194 

definition and collection to be clinically led.   195 

Clear responsibilities and accountabilities must be defined for different aspects of AI 196 

applications, in order to underpin governance and management of their use.  This includes 197 

well-defined relationships between different stakeholders at various levels, from developers 198 

and users to hospital managements and health authorities and up to government level. 199 

Furthermore, a range of robust frameworks are required, for example around: the ethics 200 

considerations of AI system use; standards of practice and standardisation of technical issues 201 

and terminology, up to the level of global harmonisation; regulatory considerations, both intra- 202 

and inter-jurisdiction, also up to international level; and the associated data privacy and 203 

security requirements. In order to link AI developments and support their translation into the 204 

clinic there have been specific calls for international efforts to bring stakeholders together 205 

within a clinical data science community to harmonise codes of conduct and shared visions
17

, 206 

as well as to support lower resourced healthcare systems.    207 

As regards healthcare systems with lower resources, or remoter areas where other medical 208 

services and support are likely to be scarcer, it may be noted that AI can potentially offer 209 

increased impact in such situations. AI tools can supplement local expertise, providing access 210 

to wider resources and knowledge and providing feedback for training.  While this has to be 211 

balanced against the technical costs and issues, servers could be situated elsewhere and AI 212 
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costs may be less than direct expertise costs. Such use must be implemented and managed 213 

within clear and careful standards and governance. 214 

 215 

In the Australasian context, RANZCR has recognized the breadth of these concerns and the 216 

rapid development of AI applications in the field and has set up an AI committee to consider 217 

the implications (opportunities and risks) of AI in Radiology and RO and to make 218 

recommendations on topics such as ethics, standards, policy, education/training needs, etc.
18

.  219 

Some of this work is summarized in the paper in this issue on ethics and standards, whilst a 220 

number of the challenges mentioned above are touched upon in several of the included 221 

papers. 222 

. 223 

Last word: AI in MI and RO will continue to develop rapidly, with the potential to improve 224 

quality, efficiency and outcomes.  It is likely to evolve and expand in complexity beyond 225 

current ML applications and towards wider ͚more generalised artifiĐial iŶtelligeŶĐe͛ functions 226 

and abilities and further disruptively transform these areas of practice.  Manufacturers will be 227 

likely to develop and bundle appliĐatioŶs that risk ďeiŶg ŵore ͚ďlaĐkďox͛ iŶ ŵethods aŶd data 228 

sources and thus potentially to have behaviour that is less predictable and understandable and 229 

hence be more challenging to validate and verify.  The teams in MI and RO must have the 230 

resources and the mixed sets of expertise and training to be ready to adapt as this evolves, to 231 

harness and maximise the opportunities and also to recognise, manage and minimise the 232 

challenges.   Strong clinical understanding of, and input to, these developments will help to 233 

ensure realistically assessed and balanced clinician trust in the AI applications in use.  This in 234 

turn will underpin patient safety and maximum patient benefit as the technology expands in 235 

use and scope, as well as helping explainability of systems and decisions to patients.   This 236 

special issue aims to support these objectives. 237 

 238 
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