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ARTICLE INFO ABSTRACT

Keywords: Artificial intelligence (AI) is a multidisciplinary scientific field that uses machines to solve real-world problems

Al and predict outcomes. Despite the current enthusiasm about AI's potential as a clinical support tool, there is also

Ethics a growing awareness and concern about the potentially harmful effects of AL Because AI will likely impact

Artificial Intelligence .. P . . s e . . . . .

Enil expert-based decision-making in medicine, it is critical to consider the issues that Al raises in medical research.
pilepsy

: . . This paper outlines the AI guidelines of the Australian Epilepsy Project. This large-scale platform aims to
Australian Epilepsy Project X o X 3 . i ) K
AEP democratise specialist care in epilepsy and use Al for clinical decision support based on prospective multimodal
datasets (MRI, genetic, clinical, and cognitive data) from thousands of people with epilepsy. As Al develops
rapidly, we focus on key areas of medical Al identified in the literature, including Trust, Responsibility and Safety.
We believe Al is changing medicine, and we believe it is imperative to advance and update our Al guidelines
adaptably while preparing for an era of augmented-intelligence-based medicine.

is projected to be US$41.7 billion before 2027"') and research success
(see the recent rise in medical Al publications in Fig. 1), there is an

1. Background

Artificial intelligence (AI) uses computing storage, processing, and
knowledge in combination with interactions with environments to un-
derstand human intelligence [1]. Al is an exciting, rapidly evolving, and
multidisciplinary field of science focused on problem-solving by ma-
chines. Al will most likely substantially impact expert-based decision-
making in medicine and increasingly realise the challenge of deep
phenotyping, which means understanding each individual’s uniqueness
through detailed characterization based on multimodal data [2]. To
process complex data meaningfully, clinicians and AI scientists will
benefit from working together to build and validate new models and
demonstrate their utility to improve health outcomes [3].

Amongst the contemporary excitement around AI’s potential, as well
as its commercial success (the expected worth of the medical Al market

increasing awareness and apprehension about the potentially harmful
effects of AL. As new developments in Al are continuously emerging,
there are concerns about the potential detrimental impacts of AI, mainly
how Al solutions are developed, shared, monitored, and regulated in
medicine [4-16]. Given that AI will likely change medical practice, we
must consider the possible implications and risks when developing,
implementing, and governing Al algorithms in clinical settings.

2. What is the Australian Epilepsy Project?

Epilepsy is more than just seizures. Reduced educational and occu-
pational attainment, decreased independence, lower quality of life,
stigma, a higher risk of injury, cognitive deficiencies, mental illness, and
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Fig. 1. In this figure, we display the number of publications in PubMed (htt
ps://pubmed.ncbi.nlm.nih.gov/) for the keywords: Artificial Intelligence,
Medicine. It shows a rapid increase in medical publications referring to Al from
2017, at a time of significant scaling of AI models and the computational
feasibility of deep learning models. Note that this is a rough approach to esti-
mating the number of studies, not including papers relating to Al (e.g., using
terminologies such as machine learning and natural language processing).

suicide are all connected with it [17-22]. The Australian Epilepsy Project
[23-26] aims to give epilepsy specialists the information they need to
make a difference in people’s lives, facilitate access to currently limited
care, and answer questions that are presently unanswerable. Will this
person continue to suffer seizures? Which drug works the best? Can
brain surgery be a successful solution? These are fundamental concerns
that current medical practice frequently cannot answer.

The Australian Epilepsy Project has several aims that AI can address
by integrating multimodal data, including advanced brain imaging,
cognitive, and genetics data (see Fig. 2). The clinical purposes of the
Australian Epilepsy Project include predicting whether a person who has
recently suffered their first seizure is likely to experience a second
seizure (epilepsy is diagnosed after more than one seizure). After people
have been diagnosed with epilepsy, more critical clinical decisions exist.
Typically, the first decision for the treating physician following diag-
nosis is the most appropriate antiseizure medication. In this context, Al
could help decide which antiseizure medication is most useful for each
patient by providing an individual-specific treatment plan. There is also
a subset of patients where seizures arise from a circumscribed part of the
brain, and in one third of people with epilepsy medication will not
effectively control their seizures [27]. In these people, Al and advanced
MRI images can be used to identify subtle epileptogenic lesions not
otherwise seen in hospital-based brain imaging.

The Australian Epilepsy Project is a prospective and clinically-led study
with a target sample size of thousands of people living with epilepsy from
all over Australia. Participants in the Australian Epilepsy Project will also
be tracked two years after study inclusion to provide reliable and clin-
ically valid outcome data for Al classification, such as medical and
surgical outcomes. These outcomes (i.e., labels for Al models) include
whether people develop epilepsy after the first seizure, surgery outcome,
control of seizures on medication as well as cognitive/psychiatric status.
In addition to using Al to create predictions directly related to partici-
pant outcomes, the Australian Epilepsy Project intends to use Al in many
aspects of the team’s workflow and planning.

3. Why we developed a responsible Al framework in the
Australian Epilepsy Project

We have developed a responsible Al framework in the Australian
Epilepsy Project to ensure that Al implementation is both interpretable
and clinically applicable. Over the last few years there have been
extensive discussions around ethics and responsible AL Our contribution
to this discussion is to share the feasible implementation of responsible
Al in the context of our medical research, aiming to improve diagnosis
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and treatment of epilepsy. The approach to responsible Al in the
Australian Epilepsy project emphasises the critical importance of
fostering trust in Al technologies, using work by Jobin et al. [28] and
Sand et al. [15] as foundational references. Jobin et al. introduce the
main principles for Al, influencing the initial Al principles of trans-
parency, responsibility, non-maleficence, justice, fairness, and sustain-
ability within the project. Sand et al. highlight physicians’ responsibility
to understand Al models used for clinical decision support. These
guidelines empower human decision-making when developing, using,
and interpreting Al models and highlight that domain knowledge is
imperative to successfully implementing AI in medicine. This argument
leads us to augmented intelligence [29,30], an emerging field in Al
where people and computers symbiotically work together for the best
possible and explainable Al outcomes. Augmented intelligence leverages
the best aspects of human knowledge and computer algorithms. By
incorporating the work of Jobin et al. and Sand et al., this article
highlights the focus on Al trust, responsibility and safety as core focuses
of Al in the Australian Epilepsy Project. This includes the responsibility
of those who create and implement Al algorithms, as well as policy-
makers and regulators [31]. It also implies the design of human-in-the-
loop uses of Al in medicine, where Al is deployed to support clinician
decision-making rather than replace or emulate it [32].

The Australian population is ethnically diverse, which will likely
benefit the generalisability of AI models derived from the Australian
Epilepsy Project. The project will also collect demographic, gender, race,
and other data often associated with biases in large datasets. It will use
this information to reduce potential acquisition bias when training and
using Al models. A priority for the Australian Epilepsy Project is to
democratise clinical access for people with epilepsy. This means
bringing people to research centers with novel technologies and capa-
bilities, such as the ability to acquire advanced imaging including high-
resolution neuroanatomy, functional MRI and diffusion imaging scans to
image the brain’s white matter pathways. Other data collection can now
be done in people’s homes, including saliva samples for genetic tests
which can be sent by mail, and tele-neuropsychology, delivered online
[26].

In the next three sub-sections we are going to cover the main aspects
of conducting Al in the Australian Epilepsy Project, namely trust, re-
sponsibility and safety as we are moving to Al augmented-intelligence-
based medicine.

4. Trust in Al

One of the key issues for Al is that scientists and clinicians must trust
the AI model and its outputs. Al-based clinical decisions should be
validated, explainable, and reproducible [33-35]. Understanding how
Al systems arrive at their decisions or recommendations likely requires a
shift into a multidisciplinary area of inquiry. Many Al models, including
deep learning, are often conceived as a ‘black box’, and their outputs or
results can be challenging to interpret [36]. For some applications, such
as text search, the solution can be straightforward: ensure the Al system
provides evidence for its output in the form of citations to original
sources, to enable the user to check the response. In the Australian Ep-
ilepsy Project, the clinical trials team and clinicians are trialling appli-
cation of a large language model to search and answer questions from
the often lengthy medical records of participants. In our implementa-
tion, to facilitate efficient human validation, the AI answer to a posed
question is accompanied alongside by highlighted passages of text from
the original medical record that were the most relevant in determining
the Al generated response.

For other applications, such as image processing, appropriate trust
can be more complex. In epilepsy, identification of epileptogenic lesions
increases the likelihood of obtaining a cure for many people with focal
epilepsy via brain surgery [37]. Contemporary Al solutions such as deep
learning have been explicitly developed for image-based applications
and are well suited for detecting neuroanatomical abnormalities
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Fig. 2. In this figure, we outline the structure of the Australian Epilepsy project, including the data collection and long-term outcomes integral to using Al to improve

the lives of people with epilepsy.

[38,39]. An example of a transparent and explainable lesion detection
framework is proposed by Spitzer et al. [40], namely the Multi-centre
Epilepsy Lesion Detection (MELD) framework. The MELD framework
relies on detailed structural information about the brain to obtain a
probability of a seizure focus based on structural brain imaging mo-
dalities commonly acquired in hospitals and research institutions. In
addition to lesion probability, MELD provides interpretable outputs
regarding the brain’s cortical thickness, curvature, and white and grey
matter imaging contrast explaining the model’s output. Spitzer et al.
[40] validated this approach with 1015 participants (epilepsy and
controls) using a split-half training and testing paradigm. Patients with a
visible brain lesion —focal cortical dysplasia— were detected with 85 %
accuracy. The sensitivity and specificity of the MELD approach were
lower when the structural features of the seizure focus was unclear. The
Australian Epilepsy Project aims to implement MELD in the patient-
specific clinical report that is sent to the referring neurologist. This
report contains detailed clinical, genetic, and imaging findings that are
intended for clinical support. In the Australian Epilepsy Project report,
an outline of MELD findings is provided, in addition to a lay summary of
what the MELD model does, how it is computed, and how it should be
interpreted regarding false positives and negatives. Initial experience
suggests that identified MELD target lesions may provide a starting point
for clinicians to have an in-depth and zoom-in look at specific brain
regions, so the manual lesion detection task is no longer a ‘finding a
needle in the haystack’, especially for subtle lesions such as cortical
dysplasia.

Another area in need of improvement in Al is research reporting, in
order to trust research findings. Several reporting checklists encourage
detailed reporting of AI methodologies, facilitating transparency and
replicability. One of the most common reporting frameworks in the field
is the Transparent Reporting of studies on prediction models for Indi-
vidual Prognosis Or Diagnosis (TRIPOD [41]). A systematic review by
Nagendram et al. [42] summarised adherence to the TRIPOD framework
in Al studies. The authors found that in most studies reviewed, less than
half of the data items in the TRIPOD framework were reported in peer-
reviewed publications. These results show that reporting Al standards
are inadequate, but a potential issue with the TRIPOD reporting is that it
was made in an ‘older era’ of prediction modelling. The team is working
on a TRIPOD-AI checklist for newer AI models [43]. In the meantime,
other Al-specific reporting checklists have also been created [44-46].
One of the newer checklists is the Data, Optimization, Model, and
Evaluation (DOME) framework [47]. The DOME framework is devel-
oped explicitly with contemporary Al and prediction models in mind. It
includes a comprehensive list of items in Al research design, train/test/

validation dataset split, and model parameter selection. Datasheets
documenting key characteristics of datasets improve transparency and
accountability of models built [48].

In addition to reporting checklists, registering publications is a way
to increase transparency in research, and to foster trust. In a registered
study, a manuscript submitted in two stages (before and after results are
obtained) is pre-accepted for journal publication [49]. Emerging evi-
dence suggests that study bias is reduced in pre-registered reports. Ev-
idence indicates that five times more studies report no statistically
significant findings if manuscripts are registered compared to manu-
scripts that are not registered. This practice also allows for the publi-
cation of negative findings [50], providing a more reliable and
comprehensive picture of relevant evidence. This is in line with the
benefits of clinical trial registration [51] and peer-reviewed publication
of systematic review protocols via, e.g., PROSPERO [52] or Cochrane
(https://www.cochrane.org/), including to avoid selective outcome
reporting [53,54].

Non-transparent models are a concerning trend amongst large
companies. For example, in recent times, Open-AI's large language
model, GPT, had not been released for open scientific exploration, nor
had adequate details been provided about the resources and models on
which it is based to enable meaningful evaluation. This contradicts the
idea of safe and transparent Al There is already substantial fear of Al in
the community [55]. Sanderson [56] has emphasized the critical need
for developing adaptive guidelines that govern how AI technologies are
used and developed. Legal frameworks will likely struggle to keep up
with the pace of AI development. The European Union (EU) has pro-
posed the ‘Al-act’ as a legal Al framework, as a unified regulatory and
legal framework for AL It will likely change the landscape of Al
ensuring that Al serves people and is a positive contribution to society
(https://artificialintelligenceact.eu/). An open letter signed by some key
opinion leaders called for a six-month pause on giant Al experiments
that are yielding “unpredictable black-box models with emergent ca-
pabilities”, urging Al developers to “work with policymakers and reg-
ulators to dramatically accelerate the development of robust AI
governance systems” (see https://futureoflife.org/open-letter/pause-gi
ant-ai-experiments/). While the AI developments planned by the
Australian Epilepsy Project are limited in scope, the need for oversight of
the use of resultant Al models is well recognized, including the need for
appropriate education of clinicians wishing to take advantage of Al-
powered decision support tools. Al-based education and research are
interconnected and mutually reinforcing, enhancing the interpretability
and applicability of AI models and cultivating a workforce capable of
critically assessing and refining Al-driven clinical decision-making. The
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Australian Epilepsy Project actively encourage, facilitate and coordinate
Al training.

Given the project’s patient-centric focus, transparency and inclu-
sivity are prioritized. Patients and their families, who have often
endured years of hopelessness, form a crucial part of the intended
beneficiaries. The project seeks to improve clinical practice and foster
trust by developing and utilizing Al-based clinical support tools. Effec-
tive communication of this trust from clinicians to patients and their
families is paramount. Also, a recent epistemic view of Al illusions
highlights that Al users often overestimate their understanding and tend
to believe that the models explore a broader range of hypotheses than
they do [57]. As Al developers and users, this reminds us to be cautious
of overestimating their knowledge of AI models. Purpose-driven
research, trustworthiness, and a transdisciplinary approach are essen-
tial in moving medical Al beyond the imaging domain and into the
clinical setting. The Australian Epilepsy Project aims to share its expe-
rience in creating robust Al models for clinical care. As other clinical
platforms endeavour to implement Al the project’s insights can serve as
a valuable resource. The ultimate goal is to improve clinical care by
integrating trustworthy Al technologies that benefit patients and
healthcare practices.

Australian Epilepsy Project commitment to Al trust:

e Encourage using explainable AI algorithms (e.g., MELD lesion
detection [40]).

e Encourage using Al reporting checklists and registered reports to
enhance transparency and reproducibility.

o The project is developing online teaching courses for clinicians and
researchers to increase competency and confidence in AI models.
These courses cover various aspects, from the basics of Al to
advanced models specific to epilepsy-related questions.

5. Responsibility in AI

When it comes to responsibility in AI, we are talking about key topics
such as accountability, liability, and acting with integrity [58-60]. In
medicine, we work with people’s most private information and poten-
tially influence life-changing decisions. The argument of “who is
responsible” for AI models and their decision-making is not trivial.
Consider a scenario where a novel (and nominally validated) deep
learning algorithm has detected a potential brain ‘lesion’ in a patient
with refractory focal epilepsy. The decision in this scenario was to use
the Al-based lesion detection result as a target for brain surgery which is
often curative in epilepsy [61]. But, in this case, the surgery on the brain
area targeted by the AI algorithm was unsuccessful, and the patient still
experienced recurrent seizures. Who is responsible for this outcome?
The medical professional or the AI algorithm who ‘blindly’ identified a
brain region that, in hindsight, was the wrong target for surgery? Ulti-
mately, treating physicians are responsible for patients, but it highlights
an important consideration as Al-based solutions become more inte-
grated into clinical workflows. Therefore, a pertinent current issue in Al
is to determine how much we can trust Al to correctly advise us of the
ground truth.

Study bias is a common and intrinsic issue in research studies. For
instance, clinical trial participation is often lower amongst women,
people of colour, and older people [62]. Genome-wide association
studies have a strong Eurocentric bias, with 79 % of GWAS participants
of European descent. Polygenic risk scores derived from this data have
far lower predictive value than non-European populations [63]. Even in
mega-sized community studies such as the UK biobank project, there is
evidence of study bias. The UK biobank study aims to provide multi-
modal data from 500,000 people representing a ‘snapshot’ of the aging
population in the UK between 49 and 70 years. Nevertheless, in the UK
biobank study, the subjects are generally older, more often female, and
have a higher socioeconomic status than the general population in the
UK [64]. Subjects in the UK biobank study were also less likely to be
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obese, to smoke, to drink alcohol daily, and to have fewer self-reported
health conditions when compared to the general population. The UK
Biobank is an excellent initiative and an invaluable resource for exten-
sive population research. Still, given the ‘volunteer bias’ evidence, it
may not represent the sampling population.

Biases in data acquisition also mean that Al algorithms will inevi-
tably be biased. Medical Al exhibits bias, too, often with insufficient
generalisation and skewed samples regarding gender, age, racial and
ethnic backgrounds, hospitals, and methods related to data collection
[65], contributing to algorithmic bias [66]. Wang and colleagues
demonstrated reduced bias if MRI-based AI models include multisource
data, including demographic, clinical, genetic, and cognitive scores. The
U.S. Food and Drug Administration (FDA) recently presented a draft
document requiring overt plans for having diversity in clinical trials (htt
ps://www.fda.gov/media/106965/download), which signifies a step
toward less biased and community-representative studies. This FDA
document outlines how a researcher should describe and explain the
rationale behind the anticipated enrolment of individuals from under-
represented groups. Similar principles apply to ensure that large-scale
health datasets are sufficiently diverse and representative [66].

Although the hope is that Al will ultimately play a significant role in
reducing the effects of climate change and other environmental impacts
[67], currently, Al leaves a large carbon footprint on the planet [68-70].
For example, ~15 % of Google’s energy usage was dedicated to Al
processing over the last 3 years — and the large language model used to
train the GPT-3 model (the model behind ChatGPT), with approximately
175 billion parameters, used 552.1 tons of CO,-equivalent emissions to
train [71]. It is not only training AI algorithms that use large amounts of
energy. The majority of Facebook’s carbon emission is used for Al model
inference —i.e., model adaptation to new data- of their AI algorithms
[72] and lifecycle of the Amazon Echo incurs a massive toll on non-
renewable materials, labor, and data [73]. In this context, it is also
important to consider that environmental impacts disproportionately
affect marginalised communities [74].

There are several ways to reduce carbon emissions in Al One of these
includes accessing computing resources in regions with cleaner energy.
Accessing computing resources in regions powered by more renewable
energy sources can reduce emissions by up to 30 times [75]. Another
way to reduce carbon emission footprints is to explore whether a
research question can be answered with smaller AI models (as large Al
models require the most energy [71]). Reporting the sensitivity of
models to hyperparameters also allows for understanding training
resource requirements [68]. It is furthermore good practice to use
frequent checkpoints when training Al models. Frequent checkpoints
pause the training and allow the researcher to estimate the model’s
performance. With checkpointing, errors or sub-optimal performance
can be detected early in the training of models, potentially saving time
and energy. It is worth noting that checkpointing can require a large
amount of storage, and consequent energy consumption, depending on
the amount of information to evaluate. A way to track the carbon
footprint of Al models is the CodeCarbon Python package (https://gith
ub.com/mlco2/codecarbon) [76,77]. CodeCarbon calculates the elec-
tricity consumption from GPU, CPU, and RAM, and then summarizes the
carbon footprint statistics for the AI model.

Australian Epilepsy Project commitment to Al responsibility:

o Al-based decision-making is based on human knowledge

e Democratise clinical access for people with epilepsy in Australia.

e Aim to create diverse, representative, and multimodal datasets that
comply with standards for transparency of data diversity, such as
those from the STANDING together initiative [78].

e Encourage tracking the carbon footprint of Al models (e.g., Code-
Carbon Python package [76,77])
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6. Safety in Al

A recent example of why governance and regulations are needed in
Al comes from a recent report from Urbina et al. [79]. The authors, part
of a company developing drug compounds to combat human disease,
were invited to a conference hosted by the Swiss government. This
conference scrutinizes potential harm and adverse outcomes from Al
technologies. Based on this conference, Urbina et al. inverted their
original ‘good’ Al algorithm using chemical compounds to a new model
designed to do ‘harm’. By transforming the positive algorithm into a
harmful one, the authors created 40,000 compounds that could be used
in chemical warfare in less than six hours of data training. Many com-
pounds were deemed potentially more dangerous than current warfare
agents. The authors acknowledge that they had never previously
considered that their Al models with chemical agents could be used to
cause harm. This example is an extreme scenario, as working with
chemical compounds is potentially risky. Nevertheless, this study
highlights the need to consider the known and potentially unknown
implications of Al and modelling, especially in medicine, as these Al
models influence people’s lives and well-being. Indeed, even with
relatively few Al tools actually demonstrating impact in clinical practice
[80,81], hundreds of safety events have already been reported [82]. As
identified by the Australian National Policy Roadmap for Al in Health-
care [83], Al must be safe, effective, and do no harm.

Sharing of raw data can be a double-edged sword. It enables trans-
parency, which is good. But it also increases data safety and protection
risks, especially disclosing people’s identities. Although most people are
happy for their data to be publicly shared [84], strategies are needed to
ensure safe data sharing, as the re-identification of individuals is a risk
when openly releasing data. For example, if a person’s whole genome is
freely available, re-identifying their identity is possible [85]. It is also
possible to re-identify individuals based on MRI of people’s faces.
Without de-facing MRI images, automated face recognition was 97 %
accurate in matching participants’ real photographs to the correct MRI,
and software packages exist to remove MRI features of people’s faces
before publicly releasing data [86]. The Australian Epilepsy Project is
committed to publicly releasing data to the best standards in the field.
When sharing data, we will consider the intended use of the data and the
scope of the disclosure to determine how the data will be shared.

Another way to safely release data to the public is to generate syn-
thetic data. This is because synthetic data has no identity and can cause
similar features to the original, and real, data. Latent Diffusion Models,
such as stable diffusion [87], have overtaken Generative Adversarial
Networks [88] in the last year as the primary method for synthetic data
generation. Pinaya et al. [89] recently showed that latent diffusion
models could generate realistic MRI data using stable diffusion algo-
rithms and released 100,000 synthetic MRI datasets with varying ages
and ventricular volumes that can boost existing datasets, enabling large-
scale AI approaches [90].

Overall, the safe development and use of data-driven clinical AI re-
quires strong governance of both data and models, encompassing fair-
ness, transparency, trustworthiness and accountability, as well as
oversight from stakeholders including patient representatives, clini-
cians, and technical experts [91]. Algorithmic sovereignty [92] and data
sovereignty, including those for indigenous populations, should be
considered in any medical implementation of Al. Examples from non-Al
patient data sharing and linkage platforms such as BioGrid Australia
[93] can be leveraged to inform how this is approached and extended
into the AI context.

Australian Epilepsy Project commitment to Al safety:

e Sharing data to the best standards, with minimal probability of re-
identification (e.g., operate within The Five Safes Framework [94])
e Commitment to data and model governance to ensure that Al
development and implementation decisions are carefully considered.
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7. Flexibility and adaptability in the fast-changing field of
medical AI

The metrics that we use to judge and evaluate Al systems need
careful consideration. While model accuracy, calibration, and robust-
ness are common intrinsic evaluation metrics, other dimensions of Al
ethics goals, including transparency, efficiency, fairness, and bias,
should be quantified and reported. Various frameworks for Al model
reporting have been proposed, such as model cards [95] to document the
benchmark performance of models under various conditions. Proposed
conditions include many directly relevant to medicine (e.g. cultural,
demographic, or phenotypic groups). Medical applications of Al may
require new metrics, and possibly additional dimensions - e.g. for
generative language models, researchers have proposed that toxicity
should be added to the list [96]. An additional concern for metric-based
evaluation of Al models in a biomedical context is to balance the need
for short-term decisions about optimal model performance with the need
for improved long-term health outcomes in patients. Here the adage
known as Goodhart’s law may be relevant, which is often phrased as
“when a measure becomes a target, it ceases to be a good measure”. Care
must be taken to avoid optimizing AI models for short-term metrics,
such as performance on an imaging-based lesion detection task, which
may not reflect the ultimate patient-centred goal of achieving improved
quality of life. We must continuously mature our approach to
evaluation.

The Australian Epilepsy Project acknowledges the gradual adoption
of novel technologies within clinical settings. With a foundation of three
decades of extensive clinical and imaging research, we have observed a
slow uptake of new technology in healthcare. This observation is sig-
nificant as the AI landscape has rapidly evolved worldwide. Conse-
quently, the Australian Epilepsy Project remains focused on its clinical
endpoint while embracing the advancements and improvements in Al
prediction models. The project aims to develop a flexible Al framework
that enables algorithm selection and fine-tuning to align with clinical
needs. While acknowledging the challenges of comparing different brain
conditions, the Australian Epilepsy Project strives to serve as a blueprint
for future platform initiatives across various psychiatric and neurolog-
ical disorders. We aim to build systems that operate at scale, and the
underlying technologies utilized in the Australian Epilepsy Project
(imaging, tele-neuropsychology, genetics) could equally be employed
for other neurological disorders and comorbidities, as epilepsy is asso-
ciated with a range of comorbidities, including depression, anxiety and
suicidality (Kanner et al. [97]). While Al solutions may not be univer-
sally applicable, certain aspects related to study operations, such as
extracting categorical data from medical records and neuroimaging
quality assurance processes, may transfer across domains.

Al is changing fast, and it sometimes seems futile to predict the next 5
and 10 years of Al development and its impact on medicine. Therefore,
we need to have a flexible and adaptable approach to responsible Al that
can help address the concerns of various stakeholders. Viewpoints on
responsible Al from patients, healthcare providers, regulators, and
technology developers are needed to generate adaptive frameworks that
support safe Al to benefit health and society. The Australian Epilepsy
Project is a patient-focused project led by scientists and clinicians, and
the clinical expertise plays an integral role in Al model development and
use. In a field where most advances reside in private sectors and large
companies (~70 % of all AI PhD currently enters industry-based jobs,
and nearly all large-Al models are trained by companies [98]), we
believe we represent a voice that should be heard in the medical Al
community to ensure responsible implementation of Al in a clinical
setting. We hope our approach toward augmented intelligence in the
Australian Epilepsy Project can serve as a blueprint for other projects
that leverage human expertise to generate augmented intelligence-based
medicine. We envisage an environment in the Australian Epilepsy
Project where Al provides predictions and suggestions, and humans
make the decisions.
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