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Abstract

Generative artificial intelligence (AI), particularly large language models (LLMs),
is rapidly emerging in cardiology, the leading global cause of death and a major
determinant of population health. While the development of AI applications
in cardiology has expanded steadily and now ranks second only to radiology
in FDA-approved AI-enabled devices, the use of generative AI models in real-
world clinical settings remains very limited. Current efforts focus primarily on
exploratory studies related to documentation and patient education rather than direct
clinical decision support and disease management. Four barriers define the current
landscape: 1) insufficient frameworks for external and local validation, 2) sensitivity
to contextual and user factors, 3) lack of structured post-deployment governance,
and 4) misaligned reimbursement and regulatory incentives. Addressing these
challenges will require coordination between regulators and specialty societies such
as the American Heart Association (AHA) and American College of Cardiology
(ACC). Society-led meta-governance anchored in validation standards, monitoring
infrastructure, and reimbursement guidance is essential to ensure the safe, equitable,
and effective implementation of generative AI in cardiovascular care.

1 Introduction

Generative artificial intelligence (AI) refers to machine learning systems trained on vast datasets that
can produce novel outputs such as text, images, audio, or synthetic waveforms. Large language models
(LLMs), the most prominent form of generative AI, are being explored in cardiology to streamline
administrative tasks, generate patient education materials, and synthesize electrocardiographic and
imaging data for training and analysis.

Cardiovascular applications demand exceptional precision because they rely on multimodal data
such as ECGs, echocardiograms, and hemodynamic biometrics, and involve rapid decision cycles
where model hallucination may directly affect outcomes like revascularization timing or arrhythmia
detection. Cardiology is also among the most technologically active specialties, ranking second
only to radiology in FDA-cleared AI-enabled devices [1]. Given that cardiovascular disease remains
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the leading global cause of death [2], advances in AI for this field have broad population health
implications. The scalability of generative AI can further accelerate patient education, triage, and
decision support across millions of encounters, making cardiology a critical proving ground for safe
and equitable AI governance.

Despite this promise, adoption in cardiovascular care remains limited. Current applications center
on workflow efficiency and patient education rather than clinical validation or direct patient care
[3]. As of August 2025, the Food and Drug Administration (FDA) has cleared six cardiovascular
AI-enabled devices, all based on traditional machine learning rather than generative AI (Figure 1)
[1]. Early studies have shown promise. For example, ChatGPT improved patient understanding
of post-catheterization care compared with Google searches [4], and documentation tools reduced
note time by 20% [5]. Yet these applications remain focused on low-complexity tasks, with limited
integration into cardiovascular care pathways. As a result, they stay in an exploratory phase with
limited impact on clinical outcomes, and their implementation in cardiovascular care continues to
progress slowly.

LLMs also raise distinct safety and equity concerns, including bias amplification, confabulation, and
sociodemographic stereotyping [6]. Unlike prior innovations in drugs, devices, or traditional machine
learning, these risks demand new standards and governance. In this paper, we outline four key
barriers, review current FDA guidance, and propose a framework for the responsible implementation
of LLMs in cardiovascular care (Figure 2).

Figure 1: FDA approvals of AI-enabled medical devices by specialty, 2008–2025.

2 Barrier 1: Validation of LLMs

External validation, the traditional benchmark for cardiovascular risk scores such as the atheroscle-
rotic cardiovascular disease Pooled Cohort equations, assumes stable inputs and outputs with reliable
performance transfer across populations [7,8]. Generative models violate this assumption because
their behavior depends on local documentation patterns, device vendors, and clinician prompting
behaviors. In cardiology, this difference is clinically meaningful: an LLM summarizing echocardiog-
raphy reports or ECG tracings may exhibit significant performance variation across health systems or
patient demographics. In a multi-site study of echocardiography reports, a fine-tuned LLM showed
a 5–10% performance drop when used at another site and a 25% drop when the note structure was
altered [9]. Unlike static models, LLM behavior is shaped by prompt phrasing, user role, and context,
so validation at one site does not ensure safety or utility elsewhere.

The FDA has issued draft guidance on lifecycle management and marketing submission of Artificial
Intelligence–Enabled Device Software Functions (AI-DSFs), defined as software components that
incorporate AI [2]. While the FDA does not directly validate such devices, the guidance requires
both performance and human factors validation before marketing. Performance validation ensures a
device meets intended use, while human factors validation assesses safe, effective user interaction.
These broad recommendations focus on machine learning rather than the unique challenges of LLMs,
and because compliance is not tracked, it remains unclear how consistently these recommendations
are applied or how validation lapses influence model reliability in practice.
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A stronger approach is recurring local validation, a practice for continuously monitoring performance
in a specific context and retraining over time [10]. Unlike external validation, recurring local validation
dynamically evaluates cost-effectiveness, workflow efficiency, and fairness. Model architectures,
parameters, and weights can be adapted to changes in patient populations, clinical practice, and
provider use [10]. One concern is the clinicians and engineering effort required to tailor models for
each deployment [11]. Because the FDA lacks resources to oversee local validation across diverse
health systems, many organizations have established internal AI oversight councils with custom
strategies for safety, performance, and risk management.

This distinction aligns with the evolving dialogue between external validation (testing transportability
across populations) and local validation (recurring, context-specific monitoring). For generative
AI, both are necessary but serve different goals: external validation ensures generalizability across
cardiovascular populations, while local validation safeguards day-to-day reliability within a specific
cath lab, imaging core, or ambulatory practice.

Professional cardiology societies are uniquely positioned to set broader, evidence-based standards.
For example, the American Heart Association (AHA) outlined best practices for real-world monitor-
ing of AI/ML algorithms in its 2024 Circulation statement [12]. Similarly, the American College
of Cardiology (ACC) recently launched its Artificial Intelligence Resource Center, which curates
educational materials and resources to help members understand and apply AI in the digital transfor-
mation of cardiovascular care delivery [13]. Continuous validation is essential as patient populations,
workflows, and models evolve, and professional societies can help guide its implementation by
promoting recurring local validation frameworks and aligning evidence thresholds for use across
diverse practice settings.

3 Barrier 2: Sensitivity to Contextual Factors

Another barrier to safe and consistent LLM use in cardiology is the lack of standardized definitions
for task type, data format, and user expertise. Without this clarity, performance metrics may be
misleading: GPT-4 scored nearly 75% on board-style cardiovascular medicine questions [14] but
dropped to 42% for bradycardia management in ACLS simulations [15]. These tasks require very dif-
ferent reasoning and inputs. Domain-tuned models such as Med-PaLM 2, which incorporate medical
training data and retrieval augmentation, improved long-form clinical output [16], underscoring the
importance of task framing and data coverage. User factors further complicate reliability: because
prolonged routine AI reliance may erode baseline clinical skills [17] and non-specialists are more
prone to automation bias [18], there is concern that trainees or generalists using LLMs to interpret
ECGs, echocardiograms, or risk scores may lack the depth needed to catch subtle errors.

For marketing submissions, the FDA requests examples of output format, a video demonstration,
and an overview of device operation [19]. However, current guidance does not require LLM-based
devices to define or validate task type, data format, or intended user expertise, which are three factors
central to performance variability in cardiology. Section VI (“User Interface and Labeling”) in their
Marketing Submission Recommendations outlines how interfaces should present instructions and
alerts but does not address how models should behave when non-identical inputs are given, or how to
disclose optimal use conditions. Since reliability can shift when tasks change (multiple choice vs
an ACLS scenario), inputs differ (free-text echo report vs structured dataset), or users vary (trainee
vs specialist), FDA guidance could be strengthened by requiring manufacturers to specify, test, and
report these parameters in submissions.

Professional cardiology societies could complement FDA action by defining and standardizing these
variables for clinical AI tools. They already track research on task performance, data quality, and
human factors, and convert evidence into guidelines. For instance, the American College of Cardiol-
ogy’s AI Resource Center already provides educational materials on clinical trial implementation and
disease screening [13]. By extending this framework generative AI, societies could create standards
for task definitions (e.g., diagnostic classification vs decision support), data input formats (e.g.,
structured fields vs narrative notes), and user profiles (e.g., cardiology fellow vs general internist).
Embedding such standards into training, accreditation, and quality measures would reduce ambiguity,
improve reproducibility, and support safe deployment across diverse practice settings.
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Figure 2: Key Barriers, current FDA positions, and pathways to implementation for large language
models in cardiology.

4 Barrier 3: Monitoring & Governance

LLMs are not static devices. Their behavior shifts with model updates, evolving patient populations,
and different clinical workflows. This creates a governance barrier: once deployed, there is no
established mechanism to ensure outputs remain accurate, safe, and equitable over time. In cardiology,
where guidelines evolve rapidly and clinical stakes are high, the absence of continuous monitoring
risks silent degradation and bias. The FDA minimizes this risk for traditional drugs and devices using
post-market surveillance through registries or Risk Evaluation and Mitigation Strategies (REMS).
For example, Mavacamten, the first FDA-approved myosin inhibitor for obstructive hypertrophic
cardiomyopathy, carries a REMS program requiring prescriber certification and monitoring via
echocardiography. The FDA mandated echocardiograms every 12 weeks until April 2025, when the
FDA approved twice-yearly monitoring in stable patients with preserved ejection fraction [20].

However, no comparable FDA governance infrastructure exists for LLMs, despite their potential
to influence equally high-stakes treatment decisions. Current FDA activity in governing clinical
LLM use is minimal aside from published calls for stakeholder input, leaving operational oversight
largely unaddressed. Moreover, while human oversight remains critical for ensuring accuracy, ethical
compliance, and patient safety, exclusive reliance on human review at the FDA is operationally
unsustainable given the scale and complexity of modern AI applications [21].

One possible solution is to introduce a human–AI monitoring agent that is distinct from the AI
technology used for direct patient care [22, 23]. In this model, clinicians contribute contextual
judgment and clinical expertise [5], while AI systems enable real-time surveillance, pattern detection,
and large-scale data analysis [24]. This combined oversight approach can increase monitoring
efficiency but also raises new governance requirements to ensure that the supervisory process itself
remains valid, unbiased, and aligned with clinical objectives. Without structured governance at
this higher level, human–AI monitoring systems risk introducing new vulnerabilities, including
automation complacency, error propagation, and selective deskilling [22].

These “meta-governance” requirements call for an authoritative body with clinical expertise, estab-
lished ties to technical and industry stakeholders, and the ability to balance operational details with
system-level objectives. Professional cardiology societies are well positioned to convene this role.
They routinely set evidence-based standards, develop training resources, and maintain networks
spanning regulators, researchers, and AI experts [25, 26]. Building on their existing work in AI
guidelines, societies can also provide governance frameworks in key domains such as education and
competency (credentialing, CME), evidence thresholds for use, oversight and monitoring (registries,
safety task forces), and regulatory alignment. Importantly, this requires engagement of a multidis-
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ciplinary coalition that includes clinicians, allied health professionals, data scientists, engineers,
ethicists, regulators, and patient representatives to ensure that oversight remains clinically meaningful,
ethically sound, and sustainable.

5 Barrier 4: Enforcement & ROI

Currently, no enforcement system ensures prevention of unsafe or ineffective LLM use in U.S.
healthcare. The FDA’s authority, rooted in the FD&C Act and the Safe Medical Devices Act of
1990, emphasizes postmarket surveillance and recalls [27]. Although the FDA can mandate recalls,
most are company-led, such as Boston Scientific’s 2020 pacemaker recall for accidental safety mode
activation [28-31]. For AI-enabled devices, no rules define which violations would trigger penalties,
or what penalties would entail.

The European Union’s AI Act offers a comparison [32]. Like the FDA, it requires premarket
and lifecycle assessments, but it goes further by imposing substantial fines for noncompliance
and banning “unacceptable risk” applications such as biometric identification, social scoring, and
behavioral manipulation [33]. While no fines have been issued yet for AI-enabled medical devices,
the Act suggests that clear rules backed by enforcement can drive compliance.

The Safe Medical Devices Act set precedent for FDA enforcement of recalls and civil penalties,
suggesting the agency similarly could define expectations for AI-enabled LLMs. However, no
action has been taken. A more practical and timelier U.S. path may be market-driven self-regulation
through professional societies. For example, the Coalition for Health AI is working with The Joint
Commission on AI best practices [34]. While lacking certification carries no formal penalties, it
risks insurer scrutiny and patient distrust, creating incentives to comply. Expanding specialty-driven
certification programs could help ensure safety and effectiveness.

Another barrier to cardiology generative AI adoption is payment [35]. Multiple reimbursement
models exist, broadly utilization based (fee for service) or performance based (value based), but
the models are difficult to compare, lack standardized terminology, and present different tradeoffs
[36]. This complexity risks diverting resources away from implementation and toward administrative
waste. Interestingly, despite recent additions to the Current Procedural Terminology (CPT) code set
introduced by the American Medical Association (AMA) to describe AI-enabled services, major
challenges persist in implementation and integration [26,37]. The payment infrastructure remains
immature, as most AI codes are Category III and therefore not reimbursed, while regulatory alignment
among the American Medical Association, FDA, and the Centers for Medicare & Medicaid Services
(CMS) remains incomplete. Moreover, the definition of physician “work” becomes ambiguous as
models progress toward greater autonomy, complicating both liability and valuation.

The absence of clear regulatory guidance highlights the role of professional societies in advancing this
discussion. In cardiology, societies could build on their existing work in AI guidelines by providing
frameworks for vendor evaluation, return on investment (ROI) guidance [38], standardized contract
language, and computable templates to harmonize billing [39]. By convening stakeholders across
academia, industry, and payer organizations, societies can clarify value capture, reduce administrative
burden, and support the efficient and equitable integration of generative AI into cardiovascular care.

6 Conclusion

Generative AI and LLMs can transform cardiovascular care but challenge current frameworks for
validation, governance, and reimbursement. FDA oversight remains necessary but is not sufficient.
Recurrent local validation, context-specific standards, structured monitoring, and sustainable re-
imbursement models are required to ensure safety and equity. Professional cardiology societies
can bridge these gaps by setting technical and clinical standards, convening multidisciplinary task
forces, and developing certification and value frameworks. Aligning regulation with society-led
meta-governance will create the accountability needed to responsibly implement LLMs, advancing
cardiovascular care while safeguarding patient outcomes.
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