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Artificial intelligence (AI) will likely transform many aspects of healthcare, and

physicians will need to adapt and lead. The expanding range of AI tools calls for
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physicians to become competent in their proper use if we are to achieve better patient
experience, population health and health equity, and with greater efficiency, while
enhancing physician satisfaction. This viewpoint proposes a practical and manageable
set of core competencies for physicians in using Al tools effectively and ethically and

suggests methods for acquiring these competencies.
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Introduction

Artificial intelligence (AI), broadly defined as computer
systems capable of mimicking human intelligence, will
likely transform many aspects of healthcare, and physi-
cians will need to adapt and lead. The advent of genera-
tive AI in the form of large language models (LLMs) is
already impacting clinical practice with ambient AI
scribes and Al-enabled decision support.' All specialties
and all tasks (diagnosis, treatment, prognostication) are
likely to be influenced, as will various clerical and
administrative functions performed by health profes-
sionals and information searching by patients. AI tools
for predicting risk of sepsis, interpreting radiology or
endoscopic images, and detecting clinical deterioration
are already deployed in various Australian healthcare
organisations.? Health professionals and patients in gen-
eral hold positive views of using Al to assist care if cer-
tain safeguards are met.> Repetitive, routine tasks may
be done by Al tools, enabling greater attention to higher-
order, irreducibly human elements of care. However, the
evidence-based medicine movement taught clinicians to
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appraise new interventions critically before large-scale
adoption, and AI tools are no exception. Their expan-
ding range calls for physicians to become competent in
their proper use in achieving the Quintuple Aim of bet-
ter population health, patient experience and health
equity together with greater efficiency and physician
satisfaction.

In this viewpoint, we propose a practical set of core
competencies for physicians in using AI tools effectively
and ethically (Table 1) and suggest methods for acquir-
ing these competencies. We define competencies as the
demonstrable knowledge, skills, abilities and behaviours
that contribute to individual and organisational perfor-
mance. While several groups have proposed Al compe-
tencies for health professionals,*® none target practising
physicians, most focus on undergraduate curricula and
all predate the advent of generative Al

Foundational knowledge of Al tools

While not expected to become AI experts, physicians will
need to understand key concepts and terminology per-
taining to machine learning (ML) models used for classi-
fication or prediction tasks, deep learning (DL) models
applied to computer vision or speech recognition and
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Table 1 Proposed list of core competencies in Al

Domain

Competencies — the competent physician

Foundational knowledge of Al tools
‘What are these Al tools?’

Critical appraisal of Al tools
‘Should this Al tool be used?’

Use of Al tools
‘How to best use this Al tool’

Patient interaction with Al tools
‘How to involve patients when using Al tools?”

Professionalism and Al tools
‘What are our responsibilities in advancing the use of Al
tools?’

Differentiates between the different types of Al — machine learning, deep learning,
generative Al with large language models (LLMs).

Knows the key steps and processes in how Al-based tools are developed, evaluated,
implemented and monitored over time.

Understands the limitations of Al tools (such as biased models, data drift, LLM
hallucinations) and how these can be recognised and mitigated.

Knows the current and emerging range of Al tools relevant to physician practice.
Understands how Al tools can systematically affect the cognitive processes and
clinical actions of human users (‘automation bias’).

Understands the regulatory, legal, ethical, privacy and data security standards at
local, state and national levels that apply to Al tools.

Assesses the accuracy, safety, contextual appropriateness and limitations of Al tools
in providing care to patients and populations.

Interprets the performance metrics applied to Al models according to their type and task.
Determines if Al models have been subjected to both internal and external
validation.

Discerns if Al models have been subjected to prospective evaluation using live (or
near live) data.

Applies appraisal guides in deciding the suitability of Al tools for specific tasks.
Interprets factsheets or model cards detailing attributes of an Al model or tool.
Applies risk assessment to Al tools being considered for implementation.

Critically appraises clinical studies of Al tools that use different study designs.
Identifies the appropriate population, context and indications for using Al tools of
different types and functions.

Executes the human-computer tasks needed to operate Al tools in a manner that
builds mastery and efficiency.

Demonstrates effective prompt design and querying of LLMs to obtain accurate and
informative outputs.

Analyses and adapts to changes in teams, roles, responsibilities and workflows
resulting from implementation of Al tools.

Identifies when and why Al model performance is degrading and requires either
retraining or retirement.

Anticipates and recognises the potential adverse effects of Al tools and takes
appropriate actions to mitigate or address unintended consequences.

Assumes responsibility for all patient care decisions that involve support from Al
tools and exercises judgement in applying Al-generated predictions or advice.
Demonstrates adherence to guidelines, codes of conduct and etiquette standards
regarding the clinical use of Al tools.

Communicates to patients in comprehensible lay terms what the Al tool is, how it
works, why it is being used and its limitations.

Adheres to legal standards for obtaining patient consent to use Al tools.

Answers questions about accuracy, privacy and confidentiality and obtains patient
consent.

Engages in shared decision making using the Al tool in a manner that preserves or
augments the physician-patient relationship.

Collaborates with data and informatics professionals in designing and evaluating Al
tools that address important clinical problems.

Participates collaboratively in team-based discussions around changing roles,
responsibilities and workflows associated with the adoption of novel Al tools and
helps implement necessary changes in systems of care.

Maintains awareness of legislative and regulatory standards that apply to Al tools
and their use in clinical practice.

Contributes to micro- and macro-system discussions about barriers and enablers to
wider adoption of Al tools, including financial and environmental sustainability.
Participates in training programmes, continuing professional development and
practice-based improvement activities related to the use of Al tools in healthcare.
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generative Al used to generate different outputs (text,
video and audio) from different inputs or prompts.”®
Familiarity with the key steps in developing and evaluat-
ing AI models and derivative tools lends an appreciation
of where in this pipeline faults and limitations in either
model or tool may develop (Figure 1).” Physicians will
need to be alert to the potential for AI tools to influence
their cognitive processes negatively, resulting in loss of
situational awareness, de-skilling and over-reliance on
Al-generated advice presented with undue confidence.'’
Being aware of Al tools specific to their specialty that are
effective, safe and ready for implementation is impor-
tant, as is staying attuned to the evolving regulatory,
legal and technical standards that will likely apply to
such tools.!!

Critical appraisal of Al tools

Physicians must be assured that AI tools meet a pressing
need, are accurate and reliable for their assigned tasks,
pose minimal safety concerns, can cope with the
nuances of clinical practice, do not cause cognitive over-
load or alert fatigue and can be integrated into clinical
workflows.'? In appraising any particular Al tool, key
performance metrics applied to their models according to

Specifying the problem the
tool is meantto address stakeholders.

Core competencies for physicians in using artificial intelligence tools

type and function need to be understood. These might
comprise sensitivity, specificity, predictive values and
discrimination curves for ML classification or prediction
tasks,” and accuracy, relevance, completeness and
latency metrics for LLMs.® Models should be externally
validated on unseen datasets from other institutions sep-
arate from original training datasets. Models and tools
trained on static, retrospective datasets must maintain
acceptable performance when evaluated prospectively
using dynamic, real-time data feeds from electronic med-
ical records (EMRs) and/or other sources which resem-
ble the operational environment in which they will
function.

Appraisal guides (Table 2) help assess the clinical suit-
ability of a particular AT tool and its impact on Quintuple
Aim outcomes, including costs and environmental
impacts of the tool itself.!> For specific Al tools, physi-
cians should request and be able to interpret a factsheet
or model card that details its function and context, train-
ing datasets, model performance, bias evaluation, failure
mode analyses, safety assessment, technical architecture,
data storage, prompt engineering (for LLMs), user testing
and conditions of use.'* Tools lacking such information
should be avoided. Physician users should also request a
risk assessment that considers both the likelihood and

Al models should address clinically relevant problems and produce actionable output directly or
indirectly linked to clinical care. Problem specification requires multidisciplinary team of key

2

Acquiring and processing
training datasets

4

Training, refiningand
validatingthe model

Incorporating the model
into a prototype tool

L

Assessing tool clinical utility
in pilotstudies, clinical

trials ‘

Implementing the tool —

Into routine practice

Monitoringtool performance
over its lifecycle

Raw data extracted from EMRSs, internet, other sources may be biased due to under-representation of certain
population groups, measurement errors, or missing data. Data must be prepared (e.g. labelling the outcome
of interest for ML models [e.g. sepsis, mortality), filtering inaccurate data, calculating additional variables) and
pre-processed (data manipulations such as imputation of missing values, variable selection).

Base model is trained on processed data; ML models are subject to internal validation (using split training and
testing datasets) and external validation (testing on unseen datasets to assess generalisability); LLMs undergo
further training and fine tuning using narrow, domain-specific datasets with instruction tuning, prompt tuning,
RAG and RLHF to render outputs more informative, consistent and less prone to hallucinations. Algorithmic
biases are detected and rectified. Both model types undergo prospective silent mode validation using live data.

Model is incorporated into a prototype tool with human-computer interface; ML models operate as a
notification or alert system, LLMs as a chatbot. User testing is performed to refine the interface for easier
operation.

Prototype tool is assessed for accuracy and clinical utility in pilot studies or simulation studies initially (to
further refine the model for sub-populations or sub-tasks and/or refine the human-computer interface if
necessary) and then larger clinical trials undertaken involving representative population of end users.

Tool is incorporated into routine practice across multiple sites with appropriate data governance, security and
privacy safeguards, user training and support, robust digital infrastructure, feedback systems. Further model
retraining or recalibration on local population data may be necessary if ML models are seen as inaccurate in
certain locales; LLMs may need further fine tuning or prompt tuning if seen as inaccurate on certain domain-
specific tasks.

Tool accuracy and functioning is subject to ongoing monitoring with regular auditing against set performance
thresholds (for ML models) or benchmark cases (for LLMs) — if suboptimal performance, then model retrained
or fine-tuned, or retired if these are not feasible.

EMR = electronic medical record; ML=machine learning; LLM =large language model; RAG =retrieval augmented generation; RLHF = reinforcement learning with human feedback

Figure 1 Key steps in developing and evaluating Al models and tools.
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Table 2 Basic appraisal guide for Al tools

What is the purpose and context of the tool?

* What tasks does it perform?

+ Does it address a pressing clinical problem?
How accurate and reliable is the tool?

+ Are the data used as input into the tool of high quality and
available when and where the tool requires it?

+ Are the input data of adequate volume and are they complete,
accurate, bias-free and representative of the tasks the tool will
perform?

« Are the workings of the tool and the model it relies on sufficiently
transparent?

« Are the tool outputs accurate, interpretable by users without
errors or bias and directly applicable to clinical care?

Is the tool able to be integrated into clinical workflows with minimal
disruption?

« Has the user interface been subject to user co-design and testing?

» How will the tool be used — as a distributed system (e.g. alerts
provided directly to individual clinicians) or centralised system (e.g.
dashboard of alerts monitored by a single dedicated user)?

» Does the tool require searching and manual data entry by users?

Is use of the tool likely to realise clinically meaningful improvements in
care?

+ What impact studies have been performed using clinically relevant
outcome measures with defined minimally important clinical
differences?

Does the tool carry risk of harming patients or compromising the
physician-patient relationship?

Does the tool satisfy current governance, ethical and regulatory
standards?

Is the tool financially and environmentally sustainable over its lifecycle?

impacts of (tool inaccuracy) (due to unrecognised hallu-
cinations (fabricated information), omissions and bias),
cybersecurity breaches, sparse validation on local con-
texts, infrastructure constraints, opportunity costs and
carbon footprint.'”> Many studies comparing Al tools
with standard clinical practice use retrospective designs
and highly curated settings, with high risk of bias or
irrelevance to routine care.'® The required level of meth-
odological rigour should be proportionate to the level of
risk inherent to the task the tool is performing. A deci-
sion support tool will necessarily require a high evidence
standard, in most cases a randomised controlled trial,
while for less critical documentation tasks or data
retrieval, observational studies may suffice.

Use of Al tools

Physicians must be able to identity the clinical circum-
stances in which use of a tool is appropriate regarding
errors and biases that may apply to specific scenarios.
For example, some tools may not work well in certain
minority populations such as First Nations people (insuf-
ficient or unrepresentative training data), in particular

sites (different equipment settings, mode of operation or,
for LLMs, use of vernacular language) or in different
contexts (highly time-sensitive or person-sensitive
encounters).'” Physicians must demand the necessary
training and support be provided in using AI tools profi-
ciently, participate in user testing of human-computer
interfaces and visualisations of outputs during prototype
development and have input into the procurement pro-
cess for deployable applications. In using LLMs effec-
tively, physicians need to construct specific,
contextualised instructions (or prompts) that enable the
chatbot tool to generate the most nuanced, relevant and
factually correct output, with reduced risk of ‘hallucina-
tions’. Physicians will also need to adjust to any tool-
related restructuring of EMR functionality (from embed-
ded or stand-alone tools), current workflows, profes-
sional roles and interactions with other team members
or with consumers accessing AI tools for information
prior to any clinical encounter.

Tools will automate clerical tasks, assist physicians in
decision-making and reassign certain functions, such as
triage or screening, to different team members. Physi-
cians should understand how and why task-specific per-
formance thresholds (for ML models) and benchmark
cases with chain-of-thought (CoT) reasoning (for LLMs)
should be regularly applied to AI tools using auditing
processes'® and scenario testing,'® both aimed at identi-
tying when tool functioning is degrading to unacceptable
levels. This aligns with physician accountability for all
clinical actions involving AI tools and avoiding unques-
tioning over-reliance on such tools. Adhering to guidance
on safe tool use will minimise misuse and consequent lia-
bility for harm from inputting data errors, misinterpreting
output displays or clicking wrong options.>°

Patient interaction with Al tools

Using Al tools that reconfigure the conduct of clinical
encounters and directly inform clinical decisions intro-
duces a third member into the traditional physician-
patient dyad. How much trust patients will have in both
the AI tool and the physician using it may depend on
how well the latter can explain what the tool is, how it
works and why it should be used. It is impossible to ren-
der highly complex ‘black box’ models fully explain-
able,?! and no consensus currently exists on whether or
to what extent AI tools should be inherently explain-
able.?? The compromise is for tools to report key features
and rationales for their outputs that physicians can com-
prehend and communicate and for physicians to acquire
a basic understanding of tool operations. Rather than
tool explainability, patients are more concerned about
tool accuracy and data privacy protections®> and desire
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tools that enable physicians to spend more time inter-
acting directly with them in shared decision-making.?*
More research needs to define patient preferences for
how AI tools should be used according to the context of
individual encounters.

Professionalism and Al tools

Physicians must be involved from the outset in develop-
ing AI tools that are fit for clinical purposes and learn
from the pitfalls of poorly designed EMRs. This requires
physicians to recognise data and informatics profes-
sionals as partners in teams within healthcare organisa-
tions and to collaborate with them in designing,
evaluating, implementing and monitoring AI tools that
address important clinical problems amenable to AI
solutions. Tool-related changes in professional roles,
responsibilities, training and work practices must be
acknowledged and worked through collaboratively at
the organisational level in achieving the full benefit of AI
tools. Physicians will also need to be aware of system fac-
tors (such as infrastructure and resource availability,
access to training data, cybersecurity and financial sus-
tainability) that either promote or inhibit the adoption of
effective Al tools and be prepared to articulate and advo-
cate for the necessary reforms in avoiding lost opportuni-
ties to benefit from Al innovation.”” The increasing
personal use of smartphone AI applications, outside the
scrutiny of healthcare organisations, also brings profes-
sional obligations regarding appropriate and cybersafe
use. Finally, physicians should try to remain up to date
in their understanding of rapidly evolving AI methods
and tools that hold the promise of improving care while
maintaining awareness of prevailing regulatory stan-
dards applied by the Therapeutic Goods Administration
(available at: Is my software regulated?) and knowing
which AI tools require or do not require regulatory
approval (e.g. decision support tools vs ambient scribes).

Methods for acquiring Al
competencies

Foundational knowledge can be imparted from academic
sources using primers,”® webinars, mini-courses, micro-
credentialling and training modules, many available
online. Qualifications in digital health should include
training in AI and for those seeking a career path in clini-
cal Al formal degree courses are on offer from some
Australian universities (see Australian digital health
course directory — Digital Health CRC). These all aim to
build stronger interdisciplinary partnerships with data
and computer scientists and informatics personnel.

Internal Medicine Journal (2025) 1-7

Core competencies for physicians in using artificial intelligence tools

Critical appraisal skills can be acquired by consulting
Al-specific checklists,'*'>?® guidelines and research
reporting standards®>’*®* and incorporating these into
journal clubs, topic reviews and quiz sessions, while not-
ing standardised appraisal guides for LLMs are yet to be
developed.?’

Expertise in using AI tools can be developed using
simulation exercises within sandbox environments
using tool prototypes.>® These activities also allow physi-
cians to suggest changes to the computer interface or
output visualisations that enhance user experience, help
foresee tool effects on clinical workflows and provide
opportunities to inform regulatory approaches to Al
tools.?’

In using LLMs, physicians will need to practise prompt
engineering using simulations (or ‘prompt-a-thons’)??
and scenario exercises,”® iterating their prompts and
working with colleagues in learning which tactics

Table 3 Bibliography of articles on artificial intelligence published in IMJ

1. Kovoor J, Tyagi D, Hopkins A, Gorcilov J, Stretton B, Gupta A, Bacchi
S. Better off alone? Artificial intelligence can demonstrate superior
performance without clinician input. Intern Med J 2025 Feb 21. doi:
10.1111/imj.70007. Online ahead of print.PMID: 39981738.

2. Nasra M, Jaffri R, Pavlin-Premrl D, Kok HK, Khabaza A, Barras C,
Slater LA, Yazdabadi A, Moore J, Russell J, Smith P, Chandra RV, Brooks
M, Jhamb A, Chong W, Maingard J, Asadi H. Can artificial intelligence
improve patient educational material readability? A systematic review
and narrative synthesis. Intern Med J 2025; 55:20-34.

3. Kovoor JG, Smallbone H, Jenkins A, Stretton B, Santhosh S, Jacobsen
JHW, Gupta AK, Zaka A, Nann SD, Jiang M, Luo Y, Withers C, Ataie S,
Nematzadeh N, Warren LR, Marshall-Webb M, Chan W, McNeil K, Gluck
S, Turner R, Tan M, South T, Gilbert T, Hopkins AM, Vanlint AS,
Sweetman GM, Bates TR, Hansra A, Bacchi S. The future is bright:
artificial intelligence for trainee medical officers in Australia and New
Zealand. Intern Med J. 2024; 54:1909-1912.

4. Komesaroff P, Potter E, Felman ER, Szer J. How should journals
respond to the emerging challenges of artificial intelligence? Intern
Med J 2024; 54:1601-1602.

5. Stretton B, Koovor JG, Hains L, Kleinig O, Tan S, Gupta AK, Ittimani
M, Dwyer A, McNeil K, Chan W, Cusack M, O’Callaghan PG, Maddison
J, Bacchi S. How will the artificial intelligence algorithm work within
the constraints of this healthcare system? Intern Med J. 2024,
54:190-191.

6. Lyell D, Magrabi F. Artificial intelligence in medicine: has the
time come to hang up the stethoscope? Intern Med J 2023;
53:1533-1539.

7. 7. Komesaroff PA, Felman ER. How to make sense of the ethical
issues raised by artificial intelligence in medicine. Intern Med J. 2023;
53:1304-1305.

8. Watson X, D’Souza J, Cooper D, Markham R. Artificial intelligence in
cardiology: fundamentals and applications. Intern Med J. 2022,
52:912-920.

9. Smith M, Heath Jeffery RC. Addressing the challenges of artificial
intelligence in medicine. Intern Med J. 2020; 50:1278-1281.
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produce the most precise and informative outputs, and
to understand the limitations and errors of LLMs.

Having to report incidents of adverse events and near
misses from using AI tools and determining if these
result from inherent defects in the tool or misuse by
users will help raise physician skill in optimising both
tool design and human-AI interactions. Having to
develop threshold or benchmark standards for assessing
tool impacts on diagnostic accuracy, operational effi-
ciency or other outcomes requires physicians to under-
stand tool performance metrics and what constitutes
meaningful improvements in Al-assisted care compared
to current practice.

The use of Al tools in clinical consultations will require
patient consent procedures that acknowledge the limits
of an individual physician’s depth of knowledge about
particular tools. Physicians will need to collect patient
feedback on their experiences of Al-enabled encounters
during the early phases of tool deployment in ensuring
patient autonomy and sanctity of physician-patient
relationships.

Leadership courses, supervisor development work-
shops and congresses of the Royal Australasian College
of Physicians (RACP) could regularly feature sessions on
AL The RACP should consider establishing a ‘community
of Al practice’ that promotes ongoing and systematically
recorded discussions and sharing of insights about physi-
cians’ use of AI tools, complemented by AI articles
authored by RACP members and published in Internal
Medicine Journal (IMJ) (Table 3). Specialty societies could
consider establishing special interest groups in AI tasked
with imparting knowledge and skills related to specialty-
specific AI tools to their members. Similar to sister
institutions overseas,>*>> the RACP and its affiliated spe-
cialties need to formulate position statements on their
approach to AL These should emphasise optimisation
of patient outcomes allied with synergistic human-AI

collaboration and ongoing vigilance and verification of
Al tool outputs by appropriately trained physicians.

Conclusion

Not every physician needs to become an AI expert, but
all will need to know how to scrutinise and use Al tech-
nologies effectively within their areas of practice. This
non-exhaustive list of core competencies in AI is pro-
posed as a starting point for further discussion, and
which needs formally to consider consumer wishes and
sentiment — a limitation of the current work, although
some of us (IS, CS and CMS) have engaged extensively
with consumer groups in previous Al-related projects.
Such engagement is an area for future research and
must feature adequate minority group representation.
Additional competency domains and subcompetencies
may be required for different specialties and as AI tools
and systems evolve over time and are applied to more
aspects of care. Incorporating AI competency training
into current, already crowded curricula and professional
development programmes will be challenging but neces-
sary. Development and validation of methods for
assessing these competencies among practising physi-
cians will also be required.
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