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Al Ethics ‘from the bottom up’

Our approach: from overarching frameworks and ‘big picture’ analysis === use-case derived challenges
arising in ‘non-ideal’ practical settings

The case leads: ethical analysis springboards out of the specifics of the technology being developed, and
the implementation plans of the clinician research teams

Avoids the ‘shoehorning problem

We aim to shape and refine principled understandings from the ground up.




The “Al Chasm”

- the gap between the development of
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a robust algorithm and its clinically ! T

meaningful application



Assessing Risk in Implementing New Al Triage Tools
- How muchrisk is reasonable in an already risky world?

Broad Claim: Al risk should be ethically evaluated similarly to other medical interventions and processes
appropriate to the level of risk they pose. The assessment of risk needs to be calibrated to levels of risk that
are acceptable for translation of new tech or other interventions into clinical contexts, and not necessarily

treated as an exceptional type of risk.



Backdrop: Singapore’s Patient Acuity Category Scale
(PACS)

P1: requires immediate attention
P2:in severe distress and requires critical care
P3: ambulant and presents with mild to moderate symptoms

P4: nonemergency cases more appropriately managed in the primary care setting

Connects to certain requirements in patient care and resource allocation

PACS relies heavily on clinical experience

70% of doctors see P1 and P2 patients

Better prioritisation for admission needed



/f Case Study: —

Score for Emergency Risk Prediction (SERP) — Machine Learning Triage Tool

for Estimating Mortality After Emergency Admissions

SERP is not a severity classification index; does not instigate care pathway
SERP outperformed PACS at predicting mortality in two retrospective studies
Further evidence is needed to validate real-world predictive capabilities

An RCT may not be feasible, so how should we implement safely?




Learning Health Systems Framework (LHS)
— a principle-sensitive approach

1. Respect the rights and dignity of patients

2. Respect clinician judgments

3. Provide optimal clinical care to each patient

4. Avoid imposing nonclinical risks and burdens on patients

5. Address health inequities
6. Conduct continuous learning activities that improve the quality of care and health systems



SERP Implementation Strategy:

1. Six-month prospective and non-interventional “silent trial”
- SERP score unknown to triage nurse and not used in practice.

2. If silenttrial successful aligns, replace PACS with “PAC+ model 1”
- SERP score finetunes PACS score



Silent Trial

Benefits Risks
* Prospective data without intervention * Delaying potential benefits of SERP
* Further evidence base * Not accounting for how nurses will use it

in practice
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Is Al risk exceptional?

Emotional and Environmental Factors

PACS relies heavily on clinical judgment, SERP is unaffected by factors affecting humans

Technology and Automation Bias

Prospective data will help to understand how healthcare professionals will use the tool in practice

Interpretability

SERP is interpretable; points-based algorithm with only five variable to generate raw risk score; nurses more likely to
use it correctly



Silent trial is appropriate
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PAC + Model 1: Finetuning of PACS with SERP

If the SERP score <26, patient down-triaged by 1 PACS score
If the SERP score 226, patient will be up-triaged by 1 PACS score

()

The final decision to finetune will still be one determined by clinical judgment.



Assessing Risk

* False negatives (low sensitivity) - SERP incorrectly underestimates mortality risks, informing clinical

decisions that fail to attenuate risk of death or serious harm correctly, leading to worse patient

outcomes

* False positives (low specificity) —- SERP incorrectly overestimates mortality risks, leading to the

unnecessary use of limited medical resources, put those who are de-prioritised at potential higher risk



Assessing PAC+ Model 1

Benefits Risks
* Retrospective evidence base for finetuning * Fullreplacement PACS = major
is good deviation from established clinical care,
* Addresses the high and growing risks of imposing new risks on patients due to
over-triage and misuse of increasingly the lack of calibrated workflows to triage

limited EM resources score




PAC+ Model 1 approach is supported
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