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Can an accurate model be bad?
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Outcome-prediction models can harm patients even when they have good accuracy, as shown in a recent
Patterns paper by Van Amsterdam et al. In this preview, we consider the ethical and empirical implications
of this work by highlighting the impact of reifying self-fulfilling prophecies and propose a reorientation toward
actions over accuracy as a priority for AI integration.
The desire to predict the future is related

to a clinician’s mandate to balance the in-

tended benefit of medical interventions

against possible risks. Outcome-predic-

tionmodels (OPMs) utilize a patient’s indi-

vidual features to assist decision-making,

offering a personalized approach to esti-

mating a patient’s outcome as a means

of balancing benefits and risks. Artificial

intelligence (AI) or machine learning (ML)

approaches can perform these tasks

dynamically, in real time, to support clin-

ical decision-making. The accuracy of AI

tools is widely considered to be the

‘‘prime directive,’’ in that the main focus

of translation efforts is to develop highly

accurate models. The assumption is that

an accurate model will inevitably yield

better outcomes for patients, but what if

that assumption is incorrect?

In a new paper, Van Amsterdam et al.1

demonstrate how harmful decisions can

result from accurate, well-calibrated

models. Their work describes a set of

cases wherein an OPM induces a care

approach that results in worse outcomes

for some patients. Importantly, they also

show how the outcomes across this set

of cases are not set up to be detected

by dominant approaches to AI monitoring

and evaluation. They highlight how the

OPM induces a ‘‘self-fulfilling proph-

ecy’’—a prediction that brings about its

own fulfillment.2 In this situation, the

personalized predictions made by the

OPM influence care patterns in a way

that reinforces the ‘‘correctness’’ of the

original OPM predictions. For a subset of

patients, this new pattern of ‘‘transforma-

tive self-fulfilling prophecies’’ can worsen
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their outcomes by inducing a treatment

path that, without the model’s prediction,

would not have been pursued and thus

would not have caused harm.2 This

provides a bracing reminder of the limita-

tions of utilizing historical data for model

training.

The self-fulfilling prophecy in
medicine
Clinicians and clinical researchers have

observed the epistemic and empirical

problems of self-fulfilling prophecies in

contexts such as the intensive-care unit,

the transplant allocation of solid organs,

and neuroprognostication.3–5 In the

intensive-care context, signs of a poor

prognosis motivate decisions to limit in-

terventions. The patient’s subsequent

deterioration appears to confirm that the

initial decision was ‘‘correct’’ because

the deterioration is interpreted as a func-

tion of the underlying disease (which,

generally, is true). However, in a subset

of cases, beliefs and attitudes toward

disability, social functioning, race, and

other non-causal factors can influence

the impression that a clinician has about

a patient’s prognosis. These factors can

then influence the apparent patterns of

survivability after organ transplantation.6

In these cases, the decision to withdraw

or limit care interventions could give rise

to an outcome that otherwise might have

been prevented had a different decision

been made.

Examples of this conundrum are found

in the neonatal intensive-care unit in the

treatment of infants with genetic condi-

tions (e.g., Down syndrome and trisomy
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18) and medical conditions such as hypo-

plastic left heart syndrome.7 Historically, it

was believed that these syndromes car-

ried devastatingly poor outcomes, and

therefore, attempts to prolong an infant’s

life were unethical. Accordingly, life-sus-

taining treatments were not typically

offered. This pattern was subsequently

captured in data, showing that infants

with these syndromes had poor out-

comes.3 An accurateOPMbased on these

historical patterns would systematically

predict high risk of mortality, persuading

the clinician then to limit interventions,

causing a self-fulfilling prophecy.

The disability community advocated for

modifications in care delivery, and a more

nuanced outcome picture has emerged.

People with genetic differences such as

Down syndrome and trisomy 18 can live

rich lives, characterized by challenges

not dissimilar to those of non-disabled

people.7 Clinicians have modified how

they treat these patients in response to

these observations, changing the pattern

of outcomes to reveal that some condi-

tions previously believed to be universally

fatal or associated with unacceptable

quality of life are not. The paradigm shift

is not about moving toward one outcome

or the other; the importance is in offering a

more epistemically humble approach to

counseling families where the recognition

of our biases is accounted for in clinical

decision-making.8
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about AI in medicine all wrong. Although

we prioritize predictive accuracy, we

forget that many times more accurate

predictions based on historical data are

actually not better information to drive a

contemporary decision.9 For example, a

recent systematic review of risk-stratifica-

tionmodels revealed that only one-third of

validated models offer a benefit, whereas

the remainder have no positive influence

or might even increase unnecessary

healthcare utilization.10 Better predictions

are meaningless unless they facilitate bet-

ter decisions.

Consider sepsis as an example. You

can have an incredibly accurate algorithm

that identifies cases of sepsis once treat-

ment for sepsis has already been initiated.

The value of the tool is in the timing of the

opportunity to intervene: too early and

you overtreat (and potentially cause

harm); too late, and the model has no clin-

ical utility. It is the value of the interven-

tion—not the model accuracy—that pro-

vides the benefit.

Work by one of our authors highlights

the importance of the ‘‘intervention

ensemble’’ as a valuable concept for eval-

uating AI tools that goes beyond algo-

rithmic validation.11 The intervention

ensemble as a concept reflects the notion

that a model is meaningless without the

surrounding practices that, together, sus-

tain its value. For example, a clinically

valuable prediction of sepsis would

involve the identification of a specific point

in the clinical workflow, a known set of ac-

tions recommended on the basis of partic-

ular outputs, and knowledge of which pa-

tient-level factors are well represented

(e.g., comorbid conditions, genetic condi-

tions, and medical complexities).

Van Amsterdam et al.’s results show

how the quick move from empiric valida-

tion to deployment can induce harm by

relying on model accuracy alone as a

metric of benefit or clinical utility. By

contrast, a silent trial would provide an

opportunity to prospectively but non-in-

terventionally test the model performance

without affecting patient care.12 This win-

dow can be used for testing the potential

for self-fulfilling prophecies by facilitating

the evaluation of the effects of counter-

factuals, such as what would have

happened had the clinician acted upon

the prediction at a specified point in

time. The clinical and developer teams

can then identify the education needed
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for a clinical user to specify the actions

that should and should not be taken on

the basis of the prediction. For example,

if the decision might induce a self-fulfilling

prophecy, the clinician will need to

consider multiple forms of evidence, con-

sult with colleagues, and take time to

ensure that the available evidence sup-

ports this decision.

Van Amsterdam et al. affirm the impor-

tance of randomized controlled trials

(RCTs) to verify the prospective clinical

value of an OPM to ensure that care is

improved with the model rather than

worsened. An RCT that evaluates the

use of the OPM against its non-use (e.g.,

clinician intuition or a rudimentary prog-

nostic calculation) would provide defini-

tive information as to the relative merits

of the OPM itself as a decision support

tool, particularly given that outcome pre-

dictions might affect a range of care deci-

sions by changing the clinical posture to

the problem by modifying what seems

‘‘reasonable’’ in the context of the ex-

pected outcome. Notwithstanding the

definitive knowledge gain here, we must

attend to the relevant research ethics

concepts that apply. When amodel’s out-

puts might influence the withdrawal or

withholding of life-sustaining intervention,

we must assess the risk to participants’

welfare against the prospect of providing

socially valuable information—essentially,

whether or not equipoise exists.13

Additionally, it is often underappreci-

ated that the same outcome prediction

can be acted upon differently for different

care goals. For example, predicting that a

patient is at risk of deterioration can war-

rant an all-hands-on-deck approach to

intervention or the transition to palliative

care. The outcome is mortality for the

latter, but that would not be considered

a ‘‘bad’’ outcome if it was consistent

with the patient’s (or surrogate’s) care

goals.8 This situation again calls for us to

remember that the accuracy of a given

prediction is not what determines the

‘‘goodness’’ of the model; it is our deci-

sions that drive care and our decisions

that can be good even in the most uncer-

tain and ambiguous of circumstances.

Conclusion
Van Amsterdam et al.’s results push us to

rethink what we assume is the value prop-

osition of AI in medicine by forcing us to

rethink what a ‘‘highly accurate’’ predic-
tion in the context of an OPM actually

means. The notion that we can do harm

even with very accurate models is alarm-

ing but is not without precedent in the

medical literature. By shifting focus from

the model to our actions, we generate

relevant knowledge about amodel’s utility

and re-center the ethical impact on the

patient as AI’s prime directive. Addition-

ally, by focusing on our actions, we can

potentially mitigate an inherent risk of

data-driven approaches to delivering

care—the risk that medical science, by

preserving the status quo through algo-

rithmic delivery, is ‘‘stuck in amber.’’ Algo-

rithms codify and preserve the past, but

decisions imagine new futures. With our

actions as the guidepost, we can use

data-driven insights without reifying his-

tory for accuracy’s sake.
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