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Abstract

Recent Artificial Intelligence (AI) advancements in cardiovascular care offer potential 

enhancements in effective diagnosis, treatment, and outcomes. Over 600 Food and Drug 

Administration (FDA)-approved clinical AI algorithms now exist, with 10% focusing on 

cardiovascular applications, highlighting the growing opportunities for AI to augment care. 

Address for Correspondence: Dr. Thomas M. Maddox, BJC HealthCare/Washington University School of Medicine, Mailstop 
90-29-933, 4590 Nash Way, St. Louis, MO, 63110. thomas.maddox@bjc.org.
*These co-first authors contributed equally to this manuscript
**These co-last authors contributed equally to this manuscript

HHS Public Access
Author manuscript
J Am Coll Cardiol. Author manuscript; available in PMC 2025 July 02.

Published in final edited form as:
J Am Coll Cardiol. 2024 June 18; 83(24): 2487–2496. doi:10.1016/j.jacc.2024.03.401.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



This review discusses the latest advancements in the field of AI, with a particular focus on 

the utilization of multimodal inputs and the field of generative AI. Further discussions in this 

review involve an approach to understanding the larger context in which AI-augmented care may 

exist, and include a discussion of the need for rigorous evaluation, appropriate infrastructure 

for deployment, ethics and equity assessments, regulatory oversight, and viable business cases 

for deployment. Embracing this rapidly evolving technology while setting an appropriately 

high evaluation benchmark with careful and patient-centered implementation will be crucial for 

cardiology to leverage AI to enhance patient care and the provider experience.

Condensed abstract

Recent AI advancements have the potential to alter and augment how we practice cardiovascular 

clinical care. In particular, multimodal inputs and generative AI are rapidly shifting the realm 

of what is possible. However, realizing AI's potential in cardiology requires rigorous evaluation, 

appropriate infrastructure, regulatory oversight, ethics and equity analyses, and viable business 

cases for deployment. This review provides an overview of existing work in these arenas, to better 

equip the cardiology community with the tools needed to effectively understand and evaluate the 

use of AI tools in clinical practice.
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Introduction

Recent strides in artificial intelligence (AI) hold promise to augment the delivery of 

cardiovascular care. The U.S. Food and Drug administration has approved over 600 

clinical AI algorithms since the first vetted algorithm in 1995, and more than half of 

these algorithms have been approved within the last five years. Cardiovascular applications 

account for 10% of Food and Drug Administration (FDA) approved AI algorithms, second 

only to radiology.1 However, only a small portion of these tools have been successfully 

deployed to support clinical care. It is imperative for cardiologists to understand both the 

promise and limitations of AI in cardiovascular care, so that they can support its responsible 

deployment and use.

To address this need, part two of this review explores areas of current and future work at the 

intersection of AI and cardiology, with a focus on emerging areas for AI in cardiovascular 

care, including the latest advancements in multimodal inputs and generative AI, and a review 

of how to deploy AI successfully and responsibly. AI models will likely not meaningfully 

improve care without appropriate rigorous evaluation and effective implementation, and so 

we discuss the growing body of work in prospective evaluation, pragmatic effectiveness 

trials, implementation science, and health policy that support deployment and governance 

of AI in clinical medicine. We also discuss critical challenges, ethical considerations, and 

health equity implications of AI technologies that need to be navigated for successful and 

widespread adoption of these tools in clinical care. To aid the reader, we have included a 
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glossary of terms relevant to AI (Table 1). Our goal is to equip the cardiology community 

with the latest knowledge and context around AI development, evaluation, regulation, and 

deployment.

Emerging Areas for AI in Cardiovascular Care

Multimodality: Combining Imaging, Genetics, Electronic Health Records, and More

Cardiovascular disease is heterogeneous and polygenic, requiring integration of multimodal 

data to understand and address complex underlying mechanisms of disease and subsequent 

personalized treatment. While there are still difficulties in integrating genomic data with 

other important clinical variables such as cardiac imaging, angiography, and biomarker data 

for both discovery and clinical care using multimodal AI, this integration is a focus of 

current research.2 Combining data from various modalities such as MRI and ECG allows 

for, for example, identification of novel genetic associations with general cardiovascular 

phenotypes.3

Another benefit of multimodality is in building models that more clearly mimic the way 

data is currently interpreted in clinical care.4-6 In determining if a patient with dyspnea 

has a pulmonary embolism, a number of distinct data modalities are important: presenting 

symptoms and their time of onset, risk factors in medical history, findings on ECG, lab work 

such as D-dimer, and imaging could all hold critical information that changes the likelihood 

they have an embolism. Today the majority of AI models are built to look at data from 

one modality. As such they may perform well in certain use cases but be prone to errors in 

real-world use. A similar limitation is the frequent inability to include data across time. A 

clinician may infer that a patient with persistent ST elevation on prior ECGs with normal 

troponin and no symptoms has a left ventricular aneurysm. Most models developed to date 

are unable to include all prior pertinent data to learn this inference. Building models that 

integrate multiple modalities across varying periods of time is a key area of research, with 

the goal of generating accurate predictions for a patient rather than for a study.7

Generative AI

Generative AI, which is a subcategory of AI in which algorithms can generate new 

content, has become an area of immense interest in medical care and has the potential 

to revolutionize multiple facets of cardiovascular care, from streamlining administrative 

tasks, to helping make cardiovascular care more efficient and allowing doctors to work 

at the top of their license, to diagnostics and treatment planning, to drug discovery and 

education. There has been development in using large language models (LLMs) for medical 

imaging interpretation,8, 9 text generation,10 standardized medical test completion,11 making 

informed consent more accessible to patients,12 ambient scribing,13 and multimodal data 

processing.14 However, future development in clinical cardiovascular applications will 

require addressing several technical and evaluation challenges.

A critical bottleneck for the clinical application of generative AI models has been the lack of 

availability and access to large, high quality training datasets for machine learning.15 Tools 

such as ChatGPT-4 are trained on heterogenous, disparate datasets, with uneven quality and 
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comprehensiveness of medical knowledge. As such, general models may not generalize well 

to unseen medical tasks. Indeed, more specific clinical language models, despite being less 

than 1% the size of general models like ChatGPT-3, have so far had superior performance 

in a variety of clinical tasks.15 Another important barrier to LLM development has been the 

relative lack of scientific evaluation and rigorous benchmarking of foundation models for 

medical use. This need has been complicated by the opaque nature of access to proprietary 

and commercial LLMs and foundation models via application programing interfaces. It is 

unclear when and how the models are being updated and their behavior has been found to 

change over time.16

As these challenges are addressed, there may be further development of finely tuned 

LLMs to improve performance for highly specialized clinical tasks. For example, vision-to-

language models can automatically “read” and generate catheterization reports and coronary 

diagrams at the end of cases. Examples of this technology have shown early success 

in echocardiography.17 AI-based telescribing can support clinical documentation and 

summarization. This ability may lead to reductions in documentation time and burnout.18 

Additionally, generative tools may able to automatically analyze a patient’s medical needs 

and efficiently pair them with the appropriate clinicians or care teams for care. Furthermore, 

there may be advancements of existing general LLMs that may improve and expand their 

applications in cardiovascular care. Finally, there is growing exploration of the potential and 

limitations of synthetic data generation in clinical care and research.19, 20

The potential for generative AI in cardiovascular care is broad, and it is possible that these 

advancements in AI may fundamentally shift how we as clinicians interact with systems to 

understand patient data, generate new data during the course of their care, and communicate 

changes in care to patients and families.

Deployment of AI in Cardiology

While the volume of clinical AI research has increased dramatically over the past 5 years, 

there is a large gap between this output and clinical integration. Reasons for this gap may 

include: 1) mismatch between the characteristics of training versus “real-world” data,21 

2) lack of consideration for operational context and existing clinical workflow during the 

design phase of AI for healthcare,22 3) model outputs with uncertain implications for 

clinical action,23 4) regulatory or reimbursement barriers, and 5) lack of a business case for 

deployment.24, 25 Cardiology also lags behind fields such as radiology in sufficient technical 

infrastructure to support AI model deployment, with only partial adoption of standards such 

as Digital Imaging and Communication in Medicine (DICOM), an international standard 

for medical images and the related information, and less integration of vendor technologies 

into centralized locations. Considering the necessary infrastructure paves the way for an 

ecosystem that can better adopt new AI technologies.26 For example, a cardiology practice is 

much more likely to try new AI software that can integrate into their current echocardiogram 

machines, rather than one that requires acquisition of new echocardiogram machines.

Considering the cost and complexity of regulation, implementation, governance, and 

monitoring of AI, and the challenges of managing longer-term “technical debt” associated 
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with such systems,27 AI use should target those areas of clinical workflow where it 

can provide significant value for patients, providers, and/or the healthcare system.28 For 

example, if a simple prediction model (e.g., regression analysis) can perform a given task 

to within a few performance-index points of a complex AI model (e.g., a neural network), 

then investment in the AI model is unlikely to make sense.29 Intuitively, there are many 

tasks for which complex AI models create opportunities not available to simple models, but 

critical evaluation of its benefits and costs will be essential. A number of healthcare systems 

are developing assessments to guide the evaluation of value of AI deployment within their 

system, and using this evaluation as a way to prioritize which algorithms to deploy first.30, 31

The following subsections delve further into some examples and discussion of the key 

components of successful implementation, including prospective evaluation, understanding 

the governance and regulatory landscape, reimbursement considerations, ethical evaluation, 

and assessment of equity impact. Additionally, we provide a framework for model 

development, testing, and deployment to help guide institutions in operationalizing high-

quality AI applications in Figure 1.

Clinical Trials and Prospective Evaluation of AI in Cardiology

Randomized trials and other prospective evaluations of AI technology in clinical practice 

are starting to emerge. These include trials of smart device-embedded algorithms for 

atrial fibrillation detection,32-34 a comparison of AI vs. sonographers in assessing cardiac 

function,35 and an evaluation of diagnostic efficacy of ECG-AI to detect low left-ventricular 

ejection fraction.36 Such efforts are vital to advancing the evidence for the clinical efficacy 

of AI or AI-assisted clinical workflows; that is, moving beyond diagnostic or prognostic 

accuracy to understanding clinical impact on diagnosis, treatment, and patient outcomes. 

Guidelines around best practices for these clinical trials, CONSORT-AI and SPIRIT-AI, 

have been helpful in standardizing required evidence generation.37, 38 These along with 

standardized checklists for the development and evaluation of machine learning models, 

such as PRIME, provide a foundation for higher quality development and evaluation efforts 

for AI.39

There has also been an evolution of “pragmatic clinical trials” that focus on assessing 

effectiveness in real-world settings, and often use electronic health record data and 

randomization at a group unit to allow for more cost-efficient and expedite recruitment and 

enrollment. Compared to more traditional explanatory trials, pragmatic trials tend to have 

less strict exclusion criteria to allow for reflection of the general population. Many AI trials 

of today leverage these pragmatic trial approaches.32-34, 36 While not all AI applications in 

healthcare will need randomized control trials to prove safety and value, we believe this kind 

of rigorous evaluation is warranted for applications that affect patient outcomes, and should 

be focused on evaluating patient safety, implementation success metrics, clinical efficacy, 

and clinical effectiveness.

The Evolving Governance and Regulatory Landscape of AI

Commercial AI-enabled devices and technology platforms are proliferating rapidly. The 

increasing supply and demand for clinically relevant AI underscores the need for mature 
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regulatory and governance structures to support the growth of accurate, safe, effective, 

and high-quality AI-based medical devices or algorithms.40 In November 2023, Executive 

Order 14110 was published by President Biden,16 which called for the development of AI 

assurance policy and infrastructure in the health and human services sector to evaluate both 

pre- and post-market performance of AI-enabled healthcare technology.41

AI presents unique challenges for governance compared with other medical devices due to 

the iterative and data-driven nature of their development and maintenance. For example, AI 

models can experience “model drift,” a decline in performance due to shifts in the external 

environment or changes in the underlying data that is used as inputs to the model. For 

example, an AI model could be designed to predict the risk of undiagnosed heart failure 

based on variables such as medical history, lab data, and real-time health metrics from 

wearable devices. Overtime, there may be changes in population health trends (such as 

obesity rates, or diet and exercise habits in the population) that could affect heart failure 

risk. New treatments for heart failure risk factors, such as hypertension, could alter patient 

outcomes and make the model’s predictions under an old treatment paradigm less accurate 

in the new age. Or, there could be upgrades or changes in the technology used to collect the 

data that serves as inputs to the model, such as a wearable that collects more precise data. 

This technologic advancement may result in data generation that differs significantly from 

the data the model was trained on. These changes could result in model drift, and poorer 

performance of the AI model. To mitigate this risk, periodic or continuous monitoring 

of a model’s performance is essential, and iterative updates to the model’s training will 

likely be required. The process of ensuring responsible upkeep of AI is one of a variety of 

responsibilities that falls under AI governance.

Governance exists at many levels from regulatory bodies, to national organizations 

and collaborations across healthcare systems, to hospitals and front-line clinicians. The 

clinician’s role as the human in the loop for the provision of clinical care requires knowledge 

of the AI system and ability to integrate model output effectively and safely into existing 

workflows; investing in training to explicitly foster these skills should be a strategic priority 

for medical education. For safe deployment, the healthcare system must review the product’s 

intended use and integration, model performance, data inputs, potential for technical errors 

after implementation, plan for newly augmented AI-assisted workflows, and assessment of 

possible bias, and long term monitoring plan. This assessment will require leveraging multi-

disciplinary expertise throughout the product lifecycle, both during and after deployment 

into workflow. Previously, there have been calls for an AI “Nutrition Label”, which discloses 

the data used for an algorithm’s output and model evaluation metrics.42 Recently, Shah et al. 

outlined the need for a network of AI assurance labs, which would be tasked with reporting 

on model performance in the population of intended use and across subgroups to assess for 

bias, and an achievable benefit report to assess the potential workflow, financial, and ethical 

implications of machine learning-assisted model deployment.43

At the federal level, the FDA has published and is iteratively building proposed standards 

for pre-market approval, reporting of anticipated modification over the lifetime of the AI 

algorithm, and algorithm change protocols.44 The standards include, for example, proactive 

statements of anticipated modifications to the intended use, performance, or inputs of an AI 
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software as medical device. These include changes that the developer/manufacturer of the AI 

model plan to pursue while the algorithm is operational, and depicts a “region of potential 

changes.”44 An accompanying algorithm change protocol would outline a risk mitigation 

strategy of anticipated modifications, with the goal of preserving the safety and efficacy of 

the AI algorithm.44 The regulatory environment is likely to continue a rapid evolution as the 

demand for AI tools grows and the technological infrastructure for AI deployment within 

medical centers builds.

Reimbursement Models for AI

The reimbursement landscape is also evolving, and there has been significant debate on 

the best ways to pay for the use of AI in clinical care.45, 46 CMS has adopted per-use 

payments for AI as initial policy by two pathways, Current Procedural Terminology (CPT) 

codes created by the American Medical Association CPT editorial panel and by establishing 

new technology add-on payments (NTAPs) for inpatient use to provide additional 

reimbursement to a hospital above what is provided through a Medicare Severity Diagnosis-

Related Group (DRG) payment.45, 47 The AMA has published guidance for Current 

Procedural Terminology coding across three taxonomies: Assistive AI, Augmentative AI, 

and Autonomous AI.48 Outside of CMS, a number of commercial insurance plans and 

other health service organizations are developing digital health formularies to curate lists of 

vetted digital health products, some of which have AI components.49 Finally, some hospital 

systems are paying vendors directly for use of AI technology.45

Further clarity around compensation mechanisms will help support the possible 

establishment of AI use in daily clinical care. Until then, most focus is placed on deploying 

algorithms that serve a double bottom line that improves patient care and either improves 

revenue or reduces costs for the customer deploying the algorithm, to ensure financial 

sustainability.

Challenges, Ethics, and Equity Considerations

In addition to its technical, regulatory, and implementation challenges, AI also introduces 

risks along the traditional four pillars of medical ethics: autonomy, beneficence, 

nonmaleficence, and justice. In particular, there are ongoing efforts and calls for improving 

patient data security and privacy.50 There is a need to preserve patient agency, encourage 

advancements in methods of data anonymization and protection, and incentivize safe 

and equitable dissemination of these tools to prevent a digital divide While a complete 

exploration of the potential ethical risks of AI is beyond the scope of this review, there 

are broad principles that can guide AI deployment. First, effective patient and clinician 

autonomy mandate communication of provenance: AI results should be clearly labeled as 

“AI-generated” and explainable when possible, with the caveat that limitations in current 

explainability methods mean that this explanation is not enough to assure AI-assisted 

decisions are correct, and rigorous validation and workflow testing is required.51 Second, 

in these early stages of AI deployment, particular attention should be paid towards avoiding 

errors. In the same way that computer-assisted ECG analysis has not replaced the need for 

cardiologist oversight, it is critical to maintain expert clinicians “in the loop” for now to 
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avoid unintended AI-inflicted harm. Third, there is an important need for ethical focus on 

justice, equity, and fairness.

Six principles should guide the design of equitable AI algorithms, acknowledging that 

there may be a natural tension and trade-off between maximizing overall algorithmic 

performance and ensuring similar performance in certain groups.52, 53 First, equity criteria 

should be chosen relative to the clinical decision being made. In general, different equity 

criteria cannot all be achieved at the same time,54-56 so practitioners must choose criteria 

appropriate to their use case.57, 58 Generic “debiasing” methods which seek to equalize 

metrics across groups should be used with caution, since they can worsen performance.58 

Second, algorithm development should occur on diverse datasets which represent the target 

patient population. Diverse datasets can improve model performance, and algorithms can 

underperform on groups underrepresented in the data.59-61 Subsequent model validation 

should occur on patient subgroups of interest; evaluating only on the entire population can 

conceal disparities.52, 62, 63 Third, inclusion of demographically sensitive features — in 

particular, patient race — as inputs in clinical algorithms warrants careful consideration.64-66 

Previous algorithms which have included race have often adequate supporting evidence, 

amplified disparities, or been based on racist misconceptions.67 At the same time, removing 

sensitive features is not an automatic fix for racial or other biases, and can even worsen 

them.68, 69 Fourth, choice of the prediction target for the algorithm also requires careful 

consideration, since imperfect proxies for the desired target — for example, health costs as a 

proxy for health needs,70 or diagnosis as a proxy for true presence of the condition52, 71, 72 

— may introduce bias. Fifth, uninterpretable algorithms, whose predictions cannot be easily 

explained, should be used with caution and carefully audited to ensure their performance 

does not stem from confounding variables, so that they remain reliable and generalizable 

across data set shifts and subpopulations.73, 74 Sixth, ensuring that clinical algorithms serve 

as a complement to, rather than a replacement for, clinician judgement is warranted.75

Regulatory bodies, including the World Health Organization, FDA, and American Medical 

Informatics Association have called for robust inclusion of ethical principles – such as those 

outlined above - with an emphasis on increasing inclusiveness and equity in deployment 

strategies.40, 76, 77 In addition to an equity lens, one group built an 8-principle system 

of responsible AI deployment which not only includes alleviating health disparities, but 

also emphasizes concepts such as reporting clinically meaningful outcomes, reducing 

overdiagnosis and overtreatment, having high healthcare value, improving shared decision 

making, and easing algorithm tailoring to the local population through open access as core 

components.78 There are currently a number of frameworks being developed to guide the 

development and deployment of reliable and trustworthy AI in healthcare.79, 80

The Central Illustration depicts modalities currently in use within the realm of AI in 

cardiology, along with core principles to guide successful use in clinical contexts discussed 

in the paragraphs above. Incorporation of these principles into clinical AI development can 

result in responsible and ethical deployment strategies which will maximize equitable and 

high-value impact.
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Conclusion

The work needed to harness the potential of AI in cardiovascular medicine is just beginning. 

As we see technologies able to classify, detect, diagnose, and augment the delivery of 

clinical care beyond what is currently possible, rigorous evaluation of AI models will 

be increasingly important, especially since the inputs and associations that AI models 

use to generate their insights are not always apparent. The capabilities of AI, underlying 

technology (such as generative AI), and the regulatory and reimbursement landscape for 

these technologies are rapidly evolving. These technologies have potential to augment our 

ability to practice medicine, and it is paramount that clinicians be actively involved in 

discussions on building relevant AI and testing real-world deployment.

The “black box” nature of this technology is a new challenge for our clinical community, 

since we’ve largely been able to ground technological insights into our basic understanding 

of cardiovascular anatomy and physiology. For example, the average clinician may not 

know the exact science behind how blood is analyzed to detect nanograms of troponin. 

However, they understand the physiologic basis of disease it represents and can integrate that 

understanding into their interpretation of troponin results along with the clinical trials that 

have been done to validate the results. In contrast, there are a growing number of AI models 

without a clear physiologic explanation, such as the ability to accurately predict reduced 

ejection fraction and valvular heart disease from electrocardiograms. In such cases, the 

clinical community will be even more reliant on robust prospective evaluation to understand 

the validity and safety of AI models in clinical care. Cardiologists will need to learn how 

to effectively evaluate AI studies, asking new questions such as “Were the models trained 

and validated appropriately?”, “Does the AI model provide sufficiently novel predictive 

insight to warrant the relative opacity of its methods?”, “How effective is the model when 

studied in real world populations?” and “Does the model maintain its accuracy over time?”. 

Fortunately, consensus guidelines on evaluation metrics and how to report AI evaluation 

results and other resources to guide rigorous evaluation are under development and will 

serve as important tools in assessing AI use.39, 43, 81

Realizing the potential for AI in cardiovascular medicine will require a concerted effort 

by our cardiology community to develop, test, and implement these technologies into our 

practice, continually evaluating where AI can and cannot provide significant value. As AI 

research progresses and the technology matures, it is vital for the cardiology community 

to engage actively with these developments and ensure AI tools and associated AI-assisted 

clinical workflows are validated, ethical, and effective for patient care.
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AI Artificial Intelligence

CMS Center for Medicare & Medicaid Services

CPT Current Proccedural Terminology

CT Computed Tomography

DICOM Digital Imaging and Communication in Medicine

DRG Diagnosis-Related Group

ECG Electrocardiogram

FDA Food and Drug Administration

LLM Large Language Model

MRI Magnetic Resonance Imaging

NTAP New Technology Add-on Payment
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Highlights

• Areas of significant growth in AI and cardiology include multimodal inputs 

and generative AI

• Realizing AI's potential in cardiology requires rigorous evaluation, better 

infrastructure, regulatory oversight, and a viable business case

• Clinicians should have a basic understanding of AI and evaluation of AI to 

effectively assess the appropriateness of their use
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Figure 1. AI Product Lifecycle.
Framework for the development and deployment of clinically-relevant AI algorithms, 

including model generation, regulatory evaluation and quality control, and 

operationalization. CONSORT-AI and SPIRIT-AI are reporting guidelines for protocols 

of and completed randomized control trials involving AI.37, 38 Per the Food and Drug 

Administration, anticipated modifications to the intended use, performance, or inputs of 

an AI software as medical device should be stated. 44 The algorithm change protocol is 

a plan for how to ensure success and appropriately control the risks of the anticipated 

modifications, with the goal of the AI algorithm remaining safe and effective after any 

modifications.44 AI denotes Artificial Intelligence; CMS Centers for Medicare and Medicaid 

Services; FDA Food and Drug Administration.
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Central Illustration. Advancing Cardiovascular Care with AI.
Depiction of current inputs for AI in cardiology, and pillars for success in advancing 

cardiovascular care with AI.
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Table 1.
Glossary of Terms related to Artificial Intelligence.

Term Definition

Algorithm A set of mathematical procedures used to learn patterns from data

Artificial Intelligence The capability of a machine to imitate intelligent human behavior or perform tasks that typically require human 
intelligence

Assistive AI The algorithm detects clinically relevant data without analysis or generated conclusions, and requires 
interpretation and report by a qualified healthcare professional

Augmentative AI The algorithm analyzes and/or quantifies data to yield clinically meaningful output, and requires interpretation and 
report by a qualified healthcare professional

Autonomous AI The algorithm automatically interprets data and independently generates clinically meaningful conclusions without 
concurrent qualified healthcare professional involvement

Deep Learning A subset of machine learning that uses artificial neural networks

Fairness in Machine 
Learning

The study and practice of ensuring machine learning models are making decisions in an unbiased manner, 
avoiding perpetuating or introducing discriminatory outcomes

Features Individual measurable properties of observed data that serve as input variables used by algorithms to learn patterns 
or make predictions

Foundation Models Machine learning models trained on large amounts of unlabeled data that can be used for different tasks with very 
little fine-tuning

Large Language Models A type of machine learning model that has been trained on large amounts of text to recognize, summarize, 
translate, predict, and/or generate content

Machine Learning A subset of artificial intelligence in which computers learn from experience without explicit programming

Pragmatic Clinical Trials Clinical trials designed to determine the effectiveness of an intervention using real-world conditions, as opposed to 
ideal or controlled conditions
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