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The roadmap for Al clinical decision support systems.
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Do no harm: designing, evaluating and integrating Al in healthcare

nature medicine
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Choosing the

right problems

* clinical relevance?
* appropriate data?
* collaborators?

« definition of success?

Developing a useful solution
* data provenance?
* ground truth?

Considering the ethical implications
» ethicist engagement?
* bias correction?

Rigorous evaluation
and thoughtful
reporting

* model use?
* sensical predictions?
» shared model/code?
* failure modes?

Deploying responsibly

* clinical trial?

Making it to market = safety monitoring?

* medical device?
* model updates?

Wiens, J., Saria, S., Sendak, M. et al. Do no harm: aroadmap for responsible machine learning for health care. Nat Med 25, 1337-1340 (2019). https://doi.org/10.1038/s41591-019-0548-6

* prospective performance?



Patient and end user engagement is essential to understand
workflows and problems.
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Bacterial antimicrobial resistance is a growing global threat.

5 deaths every hour in the UK

Costs the NHS £230m a year

>30% of antibiotic prescriptions are inappropriate



Antimicrobial stewardship aims to optimise antibiotic decision making.

Hospital
admission

Antimicrobial
stewardship

Hospital
discharge

S &S

Stages in the @ m O @
patient pathway U U
. . Escalation / de-
Diagnosis iri Outcome
iagnosi Empiric therapy escalation
Resistance Dosage IV-to-oral switch Readmission
Areas of
research ) . .
Infection source Side effects Cessation
Gram type Duration
Amount of
research

Antimicrobial stewardship
A coordinated effort and set of practices aimed at optimising antimicrobial use and prolonging their therapeutic
life, to improve infection patient outcomes while minimizing the development of antimicrobial resistance




Oral antibiotic have numerous advantages but switching from IV
treatment is complex and under-researched.

Cumecas movcnan
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One key challenge of stewardship Oral therapy are often non-inferior to There is a poor understanding of
is determining when to switch IV with fewer side effects, decreased the factors that facilitate or
antibiotics from IV-to-oral nursing workload, lower costs, inhibit an individual from
administration reduced climate impact and receiving oral therapy

improved patient comfort

Hypothesis
A machine learning model using routinely collected clinical parameters could predict whether a patient could
be suitable for switching from IV-to-oral antibiotics on any given day




The roadmap for Al clinical decision support systems.
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Machine learning models were trained to predict a patients route
of administration in numerous datasets.

UKHSA IVOS Criteria

Two feature sets

Optimised models

Evaluation versus baseline
Subgroup analysis
IV treatment length
Fairness

Interpretability

Developed models that
also incorporated
demographics and co-
morbidities

Evaluation including
subgroups and

prospective dataset

Point prevalence survey



Models achieve generalisable performance across a range of
datasets and patient populations.
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The roadmap for Al clinical decision support systems.

Published in leading academic
journals and conferences

nature
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A clinician evaluation study was conducted with case vignettes,

interviews and questionnaires.

42 Clinicians

* Information sheet
* Informed consent
* Video demonstration
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A greater impact was observed when the Al-IVOS CDSS
recommended don’t switch.

NO DIFFERENCES  SIGNIFICANT DIFFERENCES

Percentage of participants who clicked for explainability by patient
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System Usability score: 72.32 / 100
Al CDSS explanations were only viewed 9% of the time,

Perceived usefulness: 3.59/5 with those cases when the Al recommended “Don’t switch”
seeing explanations viewed more (e.g., patients 4, 6 and 10
Perceived ease of use: 3.83/5 & €Xp (e.g., p )

Self efficacy: 4.05/5



Clinical evidence is necessary for trust but few clinical trials of Al
in real clinical practice exist - especially in infectious diseases.
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Usability is essential for real-world adoption.

What would convince you to consistently

Journal of Systems and Software sormwiRe use an Al decision support system?
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Education and training are important to ensure any new technology
is adopted and used appropriately.




Infrastructure, behaviour, culture and uncertainty pose challenges
for Al systems in healthcare, particularly those focusing on AMR.

HUMAN BEHAVIOUR IS
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translating healthcare-focused Al research? stewardship decisions?
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Are hospitals ready for Al?

| think my healthcare institution has the necessary
infrastructure to support this Al CDSS
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The roadmap for Al clinical decision support systems.
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Steward.ai

Empowering Clinicians for

Precision Antibiotic Therapy



Steward.ai

steward-ai.co.uk

Steward.ai

Antibiotic IV to oral
switch decision support
system

This system is currently under development
and has not yet undergone regulatory review.
It is intended solely for research use by
healthcare professionals and is not a
substitute for clinical judgment. For
enquiries, please contact
william.bolton@imperial.ac.uk. Thank you
for your support!

Diagnosis

Cellulitis
Intestinal infection
Pneumonia

Sepsis




Steward.ai

il T .

Steward.ai =

Antibiotic IV to oral switch
decision support

This product is still in Beta version. Please share your
feedback at william.bolton@imperial.ac.uk. Thanks for
your support!

Diagnosis
(] Cellulitis
" | Intestinal infection
(] Pneumonia
(] Sepsis

7\ Urinary tract infection

(] Other infection

Duration

O days

@ steward-ai.co.uk

(h M




Personalized patient predictions

Simple and easy to use

Explainable, safeguarded Al

Robust clinical evaluation

Steward.ai

Antibiotic IV to oral switch
decision support

This product is still in Beta version. Please share your
feedback at william.bolton@imperial.ac.uk. Thanks for
your support!

Diagnosis

[ ] cellulitis

(] Intestinal infection
(] Pneumonia

(] Sepsis

[: Urinary tract infection

(] Other infection

Duration

O days

o @& steward-ai.co.uk

Steward.ai



Steward.ai sees improved prospective evaluation performance with
a reduced false positive rate.

Steward.ai results Steward.ai results
Metric Prior results

Excluding potentially Including potentially
Bi-annual Antimicrobial Point Prevalence Survey switch prediction switch prediction
(PPS) conducted bt the Infection AUROC 0.68 0.76 _
Pharmacy Team at ICHT
FPR 0.28 0.06 -
Accuracy - 0.81 -
Professor Mark Gilchrist Precision - 0.85 -
Recall - 0.58 -
o F1 score - 0.69 -
24 Patients receiving IVOS relevant
INHS antibiotics (e.g., co-amoxiclav) Weighted
Imperial College HeaIm;:Tar:g Partlal CFEdIt _ _ 074
68 days of antibiotic treatment Accuracy
Weighted 0.42

Cohen’s Kappa



Steward.ai sees improved prospective evaluation performance with

a reduced false positive rate.

Bi-annual Antimicrobial Point Prevalence Survey
(PPS) conducted bt the Infection
Pharmacy Team at ICHT

Professor Mark Gilchrist

24 Patients receiving IVOS relevant
INHS antibiotics (e.g., co-amoxiclav)

Imperial College Healthcare
NHS Trust

68 days of antibiotic treatment

Temporal difference

: . Prior results
relative to pharmacists

Before 37.5%
Same day 33.5%
After 30%

Steward.ai results

8%

58%

33%



The roadmap for Al clinical decision support systems.

Pilot
Web application for accessible In real clinical environment
decision support
Al Imperial College Healthcare @ Professor Mark Gilchrist
SuperConnector
Clinical trial
ICHT and prospective point Define trial design,
Spoken to 50+ prevenance survey population and outcomes
clinicians

Establish partnerships
and licenses with other
hospitals and MedTech

businesses for
commercialisation



Key takeaways when navigating clinical translation.

Immerse yourself in the clinical problem
Steward.ai

Antibiotic IV to oral switch
decision support

Set up interdisciplinary collaborations

This product is still in Beta version. Please share your
feedback at william.bolton@imperial.ac.uk. Thanks for
your support!

Plan ahead (e.g., TRIPOD-AI or FUTURE-AI frameworks) () Cellits
(] Intestinal infection
D Pneumonia
(] sepsis

Focus on clinical evidence and usability 0 Urinary tract infcion

[ Other infection

Duration

Iterate quickly and learn continually

O days

& steward-ai.co.uk

Be resilient it is a long journey -




Thank you for the support.

Dr Tim Rawson

Professor Pantelis Georgiou Imperial College
London Imperial College Healthcare

. NHS Trust
Professor Alison Holmes

Professor Mark Gilchrist 0 CQ‘ I 'O
H'lealih

Richard Wilson centre for
antimicrobial
Dr David Antcliffe OptlmlSOEIOﬂ
Dr Bernard Hernandez Perez Al
SuperConnector

Cosmin Badea

Britta Ross



Steward.ai

Antibiotic IV to oral switch
decision support

This product is still in Beta version. Please share your

feedback at william.bolton@imperial.ac.uk. Thanks for
your support!

Diagnosis

(] Cellulitis

Dr WI”Iam BOlton [ ] Intestinal infection
. (] Pneumonia
MedTech Links R
| | Sepsis
24th March 2025 (] Urinary tract infection

(] Other infection

Duration

Steward.ai 0 days

@ steward-ai.co.uk

h m




Artificial intelligence can support optimised antibiotic

decision making.

Hospital
admission

STAGES OF ANTIBIOTIC DECISION MAKING

Antimicrobial stewardship

Hospital
discharge

BMC Medical Informatics and Decision Making

Home About Aicies Submission Guidelines Collections Join The Board  [ECTOSIESNERIIRC]

Research article | Open access | Published: 08 December 2017

Supervised learning for infection risk inference using

pathology data
 Pau Herrero, Timoty Mies Rawson, Luke . P. Moore, Benjamin Evans
Christofer Toumazou, Alison H. Holmes & Pantelis Georgioy

Journal of
Antimicrobial Chemotherapy

(1)
U/

IV-to-oral switch

ICU admission  IV-to-oral Icu
and IV initiation  switch discharge
TR
Day 0 1 2 3 -+ n
Recommen o—o .
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Using Al to optimize antimicrobial prescribing raises important

ethical questions.

How can a moral balance be
obtained between the needs of
an individual patient and those

of wider and future society?

nature
machine
intelligence

Exemplar of starting

Corresponding ad-hoc

Variables Description . . e
P antimicrobial treatment utility value
Treating a relevant infection with
Intensity How strong is the pleasure? antimicrobials has the potential to save Highly positive utility
that person’s life
Any extension of life is immeasurable
Duration How long will the pleasure last? while it is reasonable AMR will Positive utility

continue in the near-term future

Certainty or uncertainty

How likely or unlikely is it that the
pleasure will occur?

Limited information often means
treatment may or may not be helpful
and there is always an inherent risk of
developing AMR

Neutral utility, without more
information

Propinquity

How soon will the pleasure occur?

Treatment can be effective
immediately however the same is true
for the evolution of AMR

Neutral utility, without more
information

Fecundity

The likelihood of further sensations of
the same kind

Unable to assign

Purity

The likelihood of not being followed by
opposite sensations

Unable to assign

Extent

How many people will be affected?

Prescribing antimicrobials effects the
patient and those close to them, while
the development of AMR is a certainty
and may affect everyone, causing
significant suffering and mortality

Immense negative utility



Al clinical decision support systems are often regulated as a
Class Il software as a medical device in the UK.

P Product Registration
The ourne Quality Management QMS- De-plnyment & Trammg MNow the hard work is done
y Systems (IS0 13485) Hardian is an Al-based SaMD ' dJ ' "
- s registering your product on the
| Elevate compliance in medical ;N company that offers training 12 rei\aant ri ?}ulatcfr“ databases is
/ \ device manufacturing with our |l 8 ) and guidance to help clients the final "t;_; o Ie)}all |a’JE
Pre-Market (4) OMS. We cover design, supply, meet international standards step gally plac
— ) R . e your product on the market.
risk management, and CAPAs for quality management system
for a solid regulatory strategy. implementation. READ MORE —
Read more! P
Intended Use AR maRs
The critical first step in the
development of Al and health Software Verification &
( 1 \ tech p-'OE.IL.JCtS. A clear intended Medical Device File Design Validation
\__/ Useprioritises safety, ) | Your MDF pravides avidence to The process of the software
effectiveness and gives clarity / \ demenstrate compliance of the ;
. | 5 | . ) v development lifecycle is %
on how to position your SaMD \_~ J devicetoallthe applicable | 9 | sesential to encure all
for success. T regulations. Its structure and R - Medicines & Healthcare
deslgn is key requirements are met befare products
B i testing the product in the real o
READ MORE Regulatory Agency
world. Read mare!
Risk Classification MDSAP .
The risk level of a medical . ) Guidance
’ . The Medical Device Single Audit
\ device or Al product determines

(2} ) . ) Prograrmme (MOSAP) Clinical Evaluation Report
\ /' the required clinical evidence

Software and artificial intelligence (Al) as

AN i . sight Read 6 streamlines quality The Clinical Evaluation Report A o
Z:I torﬁf:ri f;i:;e SIEnt Rea management systems by (CER) is a crucial document in a medlcal deVIce
' enabling compliance proof 10 dinical evaluation, containing _ .
READ MORE — through a single audit for five development activities and Updated 13 June 2024
markets. clinical evidence for device
AEAD MORE — marketing.
Notified / Approved Body READ MORE —
Engagement
To launch a product in the UK Clinical Evaluation Plan
3 or EU, an independent notified ;I'Qsplf!irnica.l EvaluaFim Plan Responsible Person (PRRC
body or approved body must (CEP)is a vital t°°_| n product and UKRP)
review and comply with 7 dgv.elop-'nent, gwdl"lg device ) R
European legislation, granting cI||j|caI g\faluanm t.hfgugh the 1 Deneqd{ng o y:our jurisdiction
UKCA marks. Valid Clinical Association. Read of deployment, you may need
more! to appoint responsible persons

READ MORE — across these jurisdictions.

https://www.england.nhs.uk/long-read/artificial-intelligence-ai-and-machine-learning/
https://www.hardianhealth.com/regulatory
https://www.gov.uk/government/publications/software-and-artificial-intelligence-ai-as-a-medical-device/s of tware-and-artificial-intelligence-ai-as-a-medical-device



Many guidelines exist for reporting Al in medicine.

AConsensus Process

Comprehensive

Collaborative

§
E
=

Expert-Led

TRIPOD (2015)

Luo et al. (2016)
CLEAR Derm (2022)
Dermatology
Schwendicke et al.

(2021)
Dentist

SPIRIT-AI (2020)

preee: evereeeee I ererreee eveeeeere Y
[ DOME (2021) J[ . Good ML Practice (2019) ]

PRIME (2020)
Cardiovaseular Imaging

Shen et al. (2022)
Psychiatry

Hatt et al. (2023)
Nuclear Medicine

PIECES (2021)
einen 12
CLAIM (2020)

Medical Imaging IR CTIL ()

!

Stevens et al. (2020)

[Eukotynski et al. (2021)
Nuclear Medicine

El Naga et al. (2021)
Medical Physics

CAIR (2021)
v Guideline Breadth

Jones et al. (2022) O General

Dermatology

([0 subject-Specific

R-AI-DIOLOGY (2022)

Neuroradiology Research Phase

Preclinical Translational Clinical

Preclinical Offline Safety/utility, Safety/effectiveness, Post-market
development validation* small scale large scale surveillance

Drugs SPIRIT/CONSORT (-Al)
Preclinical Clinical trials ~ Clinical trials Clinical trials Pharmacovigilance
trials phase 1 phase 2 phase 3 phase 4
Alin healthcare TRIPOD-Al and STARD-AI DECIDE-AI
In silico Silent/shadow Early live clinical Comparative s
: ; % 5 : Vigilance
evaluation evaluation evaluation prospective evaluation
Surgical innovation IDEAL
IDEAL  IDEAL  IDEAL
[ IDEAL stage O stage1 stage2a stage2b IDEAL stage 3 | IDEAL stage 4

Box 2: Noteworthy changes and additions to TRIPOD 2015

* New checklist of reporting recommendations to cover prediction model studies using
any regression or machine learning method (eg, random forests, deep learning), and
harmonise nomenclature between regression and machine leaming communities

* New TRIPOD+AIl checklist supersedes the TRIPOD 2015 checklist, which should no
longer be used

* Particularemphasis on faimess (box 1) to raise awareness and ensure that reports
mention whether specific methods were used to deal with fairess. Aspects of
faimess are embedded throughoutthe checklist

* Inclusion of TRIPOD+Al for Abstracts for guidance on reporting abstracts

*» Modification ofthe model performance item recommending that authors evaluate
model perfarmance in key subgroups (eg, sociodemographic)

¢ Inclusion of a new item on patient and public invelvement to raise awareness and
prompt authors to provide details on any patient and public involvement during the
design, conduct, reporting (and interpretation), and dissemination of the study

* Inclusion of an open science section with subitems on study protocols, registration,
data sharing and code sharing

TRIPOD=Transparent Reporting of a multivariable prediction model for Individual Prognosis or

Diagnosis; Al=artificial intelligence.

Medicines & Healthcare

products
Requlatory Agency

Guidance

Good Machine Learning Practice for

Medical Device Development: Guiding
Principles

Published 27 October2021

Kolbinger, F.R., Veldhuizen, G.P., Zhu, J. et al. Reporting guidelines in medical artificial intelligence: a systematic review and meta-analysis. Commun Med 4, 71 (2024). https://doi.org/10.1038/s43856-024-00492-0
Vasey B, Nagendran M, Campbell B, Clifton D A, Collins G S, Denaxas S et al. Reporting guideline for the early stage dlinical evaluation of decision supportsystems driven by artificial intellige nce: DECIDE-Al BMJ 2022; 377 :e070904 doi:10.1136/bmj-2022-070904
CollinsG 'S, Moons KG M, Dhiman P, Riley R D, Beam AL, Van Calster B etal. TRIPOD+AI statement: updated guidance for reporting clinical prediction models that use regression or machine leaming methods BMJ 2024; 385 :e078378 doi:10.1136/bmj-2023-078378


https://doi.org/10.1038/s43856-024-00492-0

Steward.ai sees improved prospective evaluation performance with
a reduced false positive rate.

Pharmacist Recommendation

Oral

2 10
8 11 5
I\Ip' O;al Potentia\lly switch
Al Prediction

Temporal difference

, , Prior results
relative to pharmacists

Before 37.5%

Same day 33.5%

After 30%

IV treatment length

IV treatment duration by model predictions and pharmacists' recommendations

o}

104

Model prédictions

Steward.ai results

8%

58%

33%

o}
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| B
. Oral
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