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Abstract
Most artificial intelligence (AI) tools in health care are evaluated on statistical performance 
for diagnostic accuracy alone, which often fails to account for the realities of the clinical sys-
tems into which they may be deployed. This disconnect has contributed to a proliferation of 
AI tools that perform well in development but fail to gain traction or generate meaningful 
impact in clinical use. We propose the use of health AI target product profiles, which specify 
the performance thresholds an AI tool must meet to produce benefit within a specific care 
setting, accounting for workflow, capacity, and utility trade-offs. Using hypertrophic cardio-
myopathy (HCM) detection as an example, we simulate the performance of an AI-augmented 
clinical program across a range of AI tool characteristics and health care resource constraints 
to identify the conditions under which clinical value could be realized. Health AI target prod-
uct profiles can guide AI tool development, inform AI tool selection if multiple AI tools have 
already been developed, guide implementation strategies for AI-augmented programs, and 
prevent investment in AI tools that are unlikely to create value. Ultimately, this approach 
offers a proactive and context-driven pathway for designing clinically useful AI that can 
empower health systems, patients, and providers as active members of the AI design pro-
cess. (Funded by the American Heart Association.)

Introduction

A rtificial intelligence (AI) in health care is often developed and evaluated in ways 
that overlook the realities of clinical practice. These tools are often assessed under 
idealized assumptions and in contexts disconnected from the constraints of real-

world workflows.1 Most evaluations emphasize diagnostic accuracy, using metrics such 
as sensitivity, specificity, and the area under the receiver operating characteristic curve,2-4 
which are essential, setting-independent properties of any diagnostic tool. However, even 
AI technologies with high diagnostic accuracy may fail to deliver real-world value unless 
they also perform well under local conditions. Predictive accuracy (positive predictive value 
and negative predictive value)5 and clinical usefulness — defined as the model’s impact on 
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outcomes, workflow, and cost — are equally important. 
Overemphasis on diagnostic accuracy without assessing 
predictive accuracy or usefulness has contributed to the gap 
between development and meaningful deployment of AI 
tools in practice.6,7 A growing body of work now emphasizes 
the importance of evaluating AI tools in the context of real-
world constraints, including workflow integration, resource 
availability, financial sustainability, and benefit–harm 
trade-offs. These considerations have shaped frameworks 
such as the Fair, Usable, and Reliable AI Model assessment 
process.8-10 However, to truly close the gap between model 
development and clinical value, real-world factors must 
guide AI design from the outset, not just in its evaluation. 
An important question needs to be answered early in the 
planning and implementation process: How well should an 
AI-augmented clinical program work for this problem, in 
this setting, under real-world constraints, in order to create 
value?

We propose the use of health AI target product profiles 
(TPPs), inspired by pharmaceutical and diagnostic test 
development pipelines, to align design with clinical needs, 
as a framework to guide model development.11-14 A health 
AI TPP defines the minimum and optimal performance 
characteristics needed for an AI-augmented clinical pro-
gram to meaningfully improve clinical practice. By system-
atically simulating real-world clinical outcomes across a 
broad range of hypothetical AI model performance char-
acteristics — and explicitly incorporating constraints such 
as clinical capacity and workflow limitations — we aim to 
reveal the specific performance thresholds required for 
meaningful clinical benefit. This structured approach facil-
itates head-to-head comparison of tools, prioritizes invest-
ment in the AI tools most likely to generate impact, and 
embeds stakeholder needs into the design process. If health 
systems proactively simulate these real-world conditions, 
we could shift the focus from evaluating one-off AI tools for 
specific use cases to defining up front how well any model 
and AI-augmented workflow need to perform in context.15 
Health AI TPPs can empower clinicians, patients, and 
health systems to proactively guide and codevelop impact-
ful AI tools that are fit for purpose.

Health AI TPPs consider three critical components that 
determine whether an AI model can deliver value in a 
proposed clinical context: workflow design, capacity con-
straints, and outcome utility trade-offs. Workflow design 
examines the baseline pathway, or non–AI-guided current 
state, for diagnosis or treatment, including how the work-
flow may be modified by AI integration. Capacity con-
straints consider the current availability of clinicians and 

services vital to the baseline and AI-augmented diagnostic 
workflow. Outcome utility is a quantification of the benefit 
of accurate early diagnosis and potential misclassification 
harm. Health systems can incorporate financial projection 
assessments to assess for sustainability and ethical evalua-
tions to guide workflow design and postdeployment perfor-
mance monitoring as needed.6 Together, these components 
determine whether an AI model’s theoretical performance 
might translate into practical clinical impact.

Hypertrophic Cardiomyopathy: 
A Use Case
We developed a TPP for hypertrophic cardiomyopathy 
(HCM) detection to guide the design and implementation of 
HCM AI tools (Fig. 1). HCM is a clinical condition in which 
early diagnosis substantially alters management and out-
comes.16 Currently, HCM is underdiagnosed, but a number 
of AI tools have been developed with the goal of identifying 
patients with HCM who are missed by usual care.17-20 The 
diagnosis of HCM depends on confirmatory imaging and 
cardiology subspecialists, both of which are limited in many 
health systems.21,22 AI tools have demonstrated impres-
sive area under the receiver operating characteristic curve 
(>0.95) in identifying HCM from screening electrocardio-
gram data.23,24 In practice, there are significant concerns 
regarding operationalizing HCM AI tools, including deter-
mining who is responsible for responding to AI-guided flags 
for high-risk patients and the capacity for diagnostic assess-
ment and specialized care.25,26 The value of an AI model is 
not intrinsic; rather, it is a function of multiple components 
within the clinical environment into which it is deployed.

To address these real-world uncertainties, we used A Python 
Library for Usefulness Simulations of Machine Learning 
Models in Healthcare (APLUS), a discrete-event simulation 
tool, to generate a TPP for AI-guided HCM screening under 
realistic clinical constraints.27 We used Stanford Health 
Care (SHC), a multihospital health system in California, as 
the setting for the simulation. Initially, we used real-world 
capacity constraints in SHC’s diagnostic workflow for HCM 
patients — specifically, the weekly appointment capacities 
of SHC’s HCM triage and HCM clinic (see Fig. 1A in the 
Supplementary Appendix, and code available at https://
github​.com​/som​-guideai​/health​-ai​-tpp) — to simulate the 
effects of using an AI-guided workflow across multiple 
combinations of the model’s sensitivity and specificity. 
Sensitivity and specificity values ranged from modest (sen-
sitivity, ∼0.5; specificity, ∼0.8) to very high (sensitivity, 
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Figure 1.  Health AI Target Product Profiles: Simulated Impact of AI-Guided Screening on Hypertrophic 
Cardiomyopathy–Related Mortality under Varying Workflow Capacities.

Panel A shows a workflow diagram illustrating the simulated hypertrophic cardiomyopathy (HCM) screening and management pathway. 
The process begins with all screenable patients (light green), who may be flagged by a primary care provider or artificial intelligence (AI)–
guided screening, and then progress through stages constrained by triage and clinic capacity (bright yellow). Final outcomes (violet) reflect 
the expected usefulness of each diagnostic category: True positives receive active management (0.5% annual mortality), true negatives 
require no treatment (0% mortality), and false negatives remain untreated (up to 5% mortality), while false positives are assumed not 
to occur in this workflow. Dashed lines indicate pathways where patients are not advanced due to insufficient capacity at triage or clinic 
stages. Panel B shows a heat map illustrating the relative (percentage) reduction in simulated HCM-related mortality with AI-guided 
screening, relative to the primary care provider referral–driven baseline, across a grid of simulated AI screening sensitivities and specificities 
using Stanford Health Care’s stated (baseline) HCM triage and HCM clinic capacities. The grid’s color scale represents the relative change 
in HCM-related mortality in each simulation, with brick red indicating an increase in mortality, blue indicating a decrease in mortality, and 
white indicating minimal change. The solid black line represents the zero-difference curve along which simulated HCM-related mortality 
is unchanged relative to the current-state, non–AI-guided workflow. Panel C is an illustrative example of using a health AI target product 
profile (TPP) to evaluate whether two proposed AI models would yield an achievable patient benefit in a specific clinical context. 
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0.975; specificity, ∼0.99), allowing us to profile the per-
formance characteristics that an AI model would require to 
achieve real-world benefit compared with the current stan-
dard of care within SHC.

Our simulations revealed that only AI tools with excep-
tionally high specificity (∼0.925) achieved reductions in 
HCM-related mortality relative to the clinical current state 
under the known capacity constraints of SHC’s HCM work-
flow (Fig. 1B and 1C), as lower-specificity AI tools over-
whelmed clinical capacity with excessive false positives. 
This meant that, to ultimately decrease HCM-related mor-
tality, we would require a series of AI and/or human screens 
to improve overall specificity (e.g., an electrocardiogram 
screen, an echo screen, and possibly a large language 
model–augmented HCM triage), investment in additional 
capacity, or a combination of both actions.28

We performed simulations after expanding clinical capac-
ity incrementally by 25% and 50%. These simulations 
demonstrated a notable improvement in the tool’s clinical 
value. At an increased capacity of 50%, AI tools with a com-
bined specificity as low as 0.85 were able to yield reduc-
tions in HCM-related mortality (Fig. 1D and 1E). These 
findings underscore the dynamic nature of TPPs and their 
adaptability to different resource availability and workflow 
constraints within a proposed deployment.

A Blueprint before the Build
Target product profiles serve as a guide for clinical sys-
tems deploying AI tools, specifying the diagnostic accu-
racy required of an AI-augmented clinical program under 
specific workflow constraints to produce a net benefit. For 
example, a system with limited triage resources might 
demand high specificity to avoid overwhelming capacity. 
However, one with ample diagnostic throughput might 

prioritize sensitivity to catch more early-stage disease. 
Furthermore, TPPs can guide decision-making around the 
impact of addressing capacity constraints. As certain capac-
ity bottlenecks are addressed at the system level, such as 
hiring more triage staff, incorporating AI or non-AI triage 
tools, or increasing available imaging modalities, the model 
specifications needed can be easily updated.28

Beyond HCM, this framework generalizes to other use 
cases. In AI-augmented colon cancer screening, for exam-
ple, the burden of false positives must be weighed against 
colonoscopy or biopsy availability as well as the economic 
toll of false positives.29,30 Although our HCM workflow 
represents an ambulatory workflow, TPPs are flexible to 
account for varying clinical environments. They can incor-
porate estimates for additional behavioral and process 
measures, such as end-user uptake, to fully capture possible 
clinical usefulness. In AI tools that aim to predict inpatient 
decompensation and a potentially proactive transfer to the 
intensive care unit, the TPP must include considerations of 
critical care bed and nursing staff limitations, as well as the 
likelihood that clinicians would react to a notification, to 
understand the true possible impact.31,32 Ultimately, many 
AI tools may never be successfully deployed, not because 
the algorithms are flawed, but because they fail to address 
a real need or that the ecosystem cannot support the inter-
ventions proposed. In this way, TPPs are not only tools for 
deployment, but are also safeguards against investing in the 
creation of AI tools that, while able to achieve high diagnos-
tic accuracy, are not useful.

Meaningful evaluation of AI in health care must move 
beyond only diagnostic accuracy performance metrics and 
must adopt a proactive approach to identify the true needs 
in systems where AI can advance care. By developing health 
AI TPPs, health systems can define the characteristics and 
performance thresholds necessary for AI to deliver mean-
ingful, real-world benefits. Health AI TPPs position health 

Figure 1. (Continued)  Using the health AI TPP from Panel B, we projected each model’s operating curve onto the simulated usefulness 
grid to visualize how its trade-off between sensitivity and specificity translates into achievable or unachievable clinical benefit under 
the modeled capacity constraints. Overlaid curves represent the operating characteristics of two example simulated models across 
probability thresholds. One model (dashed line; area under the receiver operating characteristic curve=0.95) falls largely within the 
(blue) region of achievable clinical benefit under realistic capacity constraints, depending on the probability threshold chosen for the 
deployment. The other model (dotted line; area under the receiver operating characteristic curve=0.85) falls entirely in the (brick red) 
region of unachievable clinical benefit, indicating that no probability threshold is likely to result in a successful deployment. Markers 
along each curve denote example probability thresholds for each model that would allow for an achievable benefit or no achievable 
benefit, respectively. Gray ribbons represent the simulated 95% confidence intervals around each point along the curve. Panels D and 
E show additional heat maps, similar to those in Panel B, but in simulations in which the HCM clinic and triage capacity was increased 
to 125% of baseline (Panel D) and 150% of baseline (Panel E). These plots illustrate how health AI TPPs can capture the dynamic 
interplay between a model’s diagnostic accuracy and the clinical characteristics of the specific environment into which the model is 
deployed. AI denotes artificial intelligence; HCM, hypertrophic cardiomyopathy; and PCP, primary care provider.
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systems, clinicians, and patients as active participants in 
shaping AI’s future — helping to ensure AI tools are not 
merely impressive in theory, but transformative in practice.
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