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Introduction: Artificial Intelligence (Al) and Machine Learning (ML) are increasingly ubiquitous
in many afreas of society, not least in medicine. Al offers the opportunity to harness computers
to carry out.more mundane tasks faster or better, e.g. more consistently, than humans.
However lit also/has the potential to move beyond what humans can do. For example, Al can
combine manymand disparate data sources and types into decision-making (e.g. genomics,
imaging,.pathology), or can interrogate very large sets of retrospective data to learn patterns
where manualzinvestigation would not be feasible or would not readily identify them, e.g. in
early sub-clinical disease detection. For decisions and predictions, humans are restricted in the
number of®pieces of information that can be considered and processed simultaneously
(typically.said to be around 5), whilst Al systems are not so limited and can integrate complex
datasets efficiently. Human decisions can also be influenced by bias and noise, i.e. extraneous
factors causing variation in decisions between individuals or at different times. Structured
decision-making can improve this, e.g. at a simplest level using checklists to aid the decision

process, or codifying and extending these into algorithms and computerisation. Algorithms
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too can incorporate bias and must be carefully designed and tested to avoid this. Despite the
potential of Al tools, they are just that, tools to supplement the clinical process and aid the
clinician to be more efficient and effective. Therefore Al should be developed in ways that
integrate it closely into clinical workflows, to enhance processes without adding unnecessary
complexity_or,time. Furthermore, Al cannot provide the creative and critical thinking that is
necessary.in medicine, or the interpretation and responsibility for application to patients, or

the patienticareraspects, such as trust and reassurance.

This JMIRO special issue on Al in Medical Imaging (Ml) and Radiation Oncology (RO) brings
together a range of reviews and overviews of aspects of this rapidly evolving and potentially
disruptive .technology and provides an indication of research and development work in
Australian.eentres. Al, mainly in the form of ML, is already impacting image analysis and other
applications in“both MI and RO. This is only expected to increase, providing significant
opportunities'and potential practice changes, but also with associated risks and challenges that

must be considered and managed.

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

adopted thefollowing.:

- [ ansAlssystem is “a machine-based system that can, for a given set of human-
defined objectives, make predictions, recommendations, or decisions
influencing real or virtual environments. Al systems are designed to operate
wjith varying levels of autonomy*;

- andiML'is “a particular form of Al, which gives computers the ability to learn from and
improve with experience, without being explicitly programmed. When provided with
sufficient data, a machine learning algorithm can learn to make predictions or solve

problems, ....”

Most Al ingmedicine thus far is ML, using available datasets to train models to recognise
patterns, oridentify and develop representations of complex relationships between input data
and outputyprediction, which can then be applied to classify or model new unseen data. A
range of ML approaches and algorithms have been applied (e.g. linear regression, logistic
regression, support vector machines, Bayesian networks, decision trees, random forest, neural

networks). Most of these have used supervised learning, where the training examples (input)

This article is protected by copyright. All rights reserved



84
85
86
87
88
89
90
91

92
93
94
95
96
97
98
99
100
101
102
103
104
105
106

107
108
109
110
111
112
113
114
115

are described not only by their features, but also by labelling the data with additional
information that relates to the required learning task and applies domain knowledge. The
model identifies relationships between features and class labels and the training examples
provide the expected output (ground truth) of the model such that a comparison between
these and actual model output can give a measure of the model accuracy. On the other hand,
in unsuperviseddearning the data are described in terms only of their features and the learning
can discovershidden structures from unlabelled data. Principal component analysis, clustering

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

Research'and development for medical applications have used a range of these approaches.
However the focus is increasingly on artificial neural networks (ANN), i.e. adaptive networks of
artificial neurons (information processing nodes) connected in layers and providing non-linear
behaviour. Each,node has multiple connections to nodes in the layer above, which provide
data to it;"and"in the layer below, which receive data from it. Input connections are described
and modified by weights, whilst outputs are by amplitude values. Weights, values and other
network parameters are adjusted iteratively when the algorithm is trained, with the aim of
optimising aparticular cost-function defined for the application. For supervised learning, the
overall NN outputs are compared to the training inputs and the variations are back-projected
into the netwaork until further similar data input provides consistent outputs. Deep Learning
(DL) uses_many_hidden layers of artificial neurons and so has capacity for large numbers of
parameters (hence, from these characteristics, termed ‘deep’). Thus DL can provide a data-
driven approach to deal with more complex problems and can support supervised or
unsupervised@learning. The DL network interconnections are complex, and the routes to

decisions and outputs can therefore be obscure.

Training requires sufficiently large datasets, with enough diversity of examples for real-world
application for the problem/s to be considered, thus avoiding bias and producing a model that
is sufficiently accurate and also generalizable. One source of bias and uncertainty can arise
from outputs being subjectively defined by one or more individuals, e.g. in imaging tasks,
which can limit"accuracy, since there may be no objective ground truth. Datasets require
adequateycompleteness and quality for the specific purpose. In Ml there are some large
publicly available digital datasets that can be accessed for model training for a range of
applications, as well as using locally curated hospital datasets. Typically, datasets in RO are

smaller, although generally well-structured in oncology information systems. Thus although
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ML is often intrinsically linked with the concept of Big Data, the amount of data in many clinical
applications might not be so large! In practice it may be that where data is limited it can be
augmented in order to increase the number and diversity of training examples, e.g. for image

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

Two potentially‘significant modelling problems are poor fit and overfitting. Poor fit is where
the modelis®too simple and wont match the training data. Overfitting occurs when the model
contains more parameters than the data can justify, resulting in increased variance when
fitting different training sets and the likelihood that the model will fail to fit additional data.
Model complexity can be limited to prevent overfitting, termed regularization. Both problems
increase modelling errors and a good model finds a trade-off between them, aiming to
minimise errors‘when applied to new unseen data. Thus generated models must be carefully
validated, using a validation dataset separate and ideally independent from the training data.
If the available'data is limited, resampling methods can be used, splitting the data into training
and validation sets in different ways and cross validating between these divisions. For example
the data can be divided into k equally sized subsets, with repeated training and validation on
all the combinations of k-1 sets with the remaining set, (termed ‘k-fold cross validation’). In
the extreme when k equals the number of samples, this becomes the leave-one-out approach.
Multiple re=sampling allows data points to be used more than once for testing, e.g.
bootstrapping _randomly draws data sets from the training data and estimates the model

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

In summary,"safé and confident clinical use of ML requires models that are well-documented
and clearly validated for application and performance accuracy, based on relevant datasets of
adequate size, scope and quality. In addition, ML models should be interpretable,

transparent, explainable and reproducible.

Al in Radiology and Radiation Oncology: Ml and RO are medical specialties with existing
infrastructure and characteristics that position them well to adopt and benefit from the
potential'of Al. For example, Ml and RO are both technology-based with a long history of safe
implementationtof complex and potentially disruptive technologies and innovations, arising
from both significant in-house development and commercial sources. They include multi-
disciplinary teams encompassing not only clinical experts, but also physics, technical and

computing/IT expertise, as well as having close links with technology manufacturers. They
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have well-developed frameworks for technology assessment and evaluation, for new system
commissioning, testing and on-going quality assurance, and for continuing technology
development and quality improvement after implementation. They are strongly computer-
integrated, and data-rich, typically with well-structured digital datasets in comprehensive e-

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

There is alfeady"a*wide and growing literature on Al in medicine in general **, including
specifically in MI and RO. For MI, Al opportunities include applications in optimising
acquisition parameters, reconstructing images, assessing image quality, and preprocessing and
interpreting images. In turn this can improve detection, quantification and evaluation and
hence improyved diagnosis®™. In addition Al can aid enhanced patient management and

workflowssand<provide prognostic and predictive tools>™°.

A number of MI examples are
covered in this, special issue, including applications in general radiology, chest x-rays,
mammography and stroke, as well as reviews of Al in MRI image reconstruction for faster
imaging and of image data augmentation methods for deep learning. In RO, many applications
are also based on imaging data and its uses. Currently reported opportunities include in auto-
segmentation of relevant structures, generation of synthetic CT for planning, radiomics
applications, auto- (and knowledge-based) treatment planning, dose tracking and on-line
adaptive radioetherapy, as well as in predictive modelling of treatment response and outcomes
and theif use_ in linked decision support, and a growing range of applications in process control

1018 This issue includes examples in auto-

and other quality assurance and safety areas
segmentation for treatment planning, motion tracking during treatment, the use of
quantitativebiomarkers to monitor response during and after treatment, and an overview of
the Australian_radiation oncology computer-assisted theragnostics network, using distributed
(or federated) learning across centres to provide tools for outcome prediction and decision

supporit:

Challenges and requirements: Despite all this activity and despite that some ML tools (such as
linear regression, or atlas-based segmentation) have been available and used for some time, Al
is still insits early days of clinical application in Ml and RO and there are a range of issues and
challenges still'to be considered and solved®>*******'  These include potential hazards and
risks in clinical use, which require: clear and safe development of Al tools and applications and
a responsibility on developers and researchers to provide sufficient detail in documentation

and in research papers; rigorous validation and testing of both accuracy and limitations; risk
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assessment and management of clinical implementation; on-going quality assurance; and
appropriate evolving education and training. In this sense these are similar to other novel
technology tools adopted into MI and RO, particularly software tools, and require similar
structured, approaches to their introduction and use and for further research and

development:

Careful consideration must be given to the datasets used to generate models and their
predictions, in order to avoid bias and to ensure accuracy in their application to patients. This
necessitates clear clinical input into model purpose, design, optimisation and implementation
and into understanding the source, scope and quality of data used. Model interpretability will
affect user.aceeptance and confidence. These concepts lead to considerations of transparency
around modelsand data and their possible application limitations, regardless of whether they
are commercially supplied and certified or locally developed. Not least, this should focus
attention“on“ensuring that models provide clinically relevant outcomes. In turn, this
emphasises the need for local data (model inputs) to be high quality and the required data

definition and collection to be clinically led.

Clear responsibilities and accountabilities must be defined for different aspects of Al
applications,“in“order to underpin governance and management of their use. This includes
well-defined_relationships between different stakeholders at various levels, from developers
and users to hospital managements and health authorities and up to government level.
Furthermore, a range of robust frameworks are required, for example around: the ethics
considerations'of Al system use; standards of practice and standardisation of technical issues
and terminology, up to the level of global harmonisation; regulatory considerations, both intra-
and inter-jurisdiction, also up to international level; and the associated data privacy and
security requirements. In order to link Al developments and support their translation into the
clinic there have been specific calls for international efforts to bring stakeholders together
within a clinical data science community to harmonise codes of conduct and shared visions®’,

as well as to support lower resourced healthcare systems.

As regardsrhealthcare systems with lower resources, or remoter areas where other medical
services and support are likely to be scarcer, it may be noted that Al can potentially offer
increased impact in such situations. Al tools can supplement local expertise, providing access
to wider resources and knowledge and providing feedback for training. While this has to be

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

within clear and careful standards and governance.

In the Australasian context, RANZCR has recognized the breadth of these concerns and the
rapid development of Al applications in the field and has set up an Al committee to consider
the implications (opportunities and risks) of Al in Radiology and RO and to make
recommendations on topics such as ethics, standards, policy, education/training needs, etc.".
Some of this,work is summarized in the paper in this issue on ethics and standards, whilst a
number of the challenges mentioned above are touched upon in several of the included

papers.

Last word: Al in. M| and RO will continue to develop rapidly, with the potential to improve
quality, efficiency and outcomes. It is likely to evolve and expand in complexity beyond
current Mlzapplications and towards wider ‘more generalised artificial intelligence’ functions
and abilities;and-further disruptively transform these areas of practice. Manufacturers will be
likely to dévelop and bundle applications that risk being more ‘blackbox’ in methods and data
sources and thus potentially to have behaviour that is less predictable and understandable and
hence ‘besmore challenging to validate and verify. The teams in Ml and RO must have the
resources andthe mixed sets of expertise and training to be ready to adapt as this evolves, to
harness and maximise the opportunities and also to recognise, manage and minimise the
challenges: Strong clinical understanding of, and input to, these developments will help to
ensure realistically assessed and balanced clinician trust in the Al applications in use. This in
turn will underpin patient safety and maximum patient benefit as the technology expands in
use and scope, as well as helping explainability of systems and decisions to patients. This

special issue aims to support these objectives.
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