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Abstract
[bookmark: _GoBack]High-burden diseases in the United States are frequently diagnosed at later stages, resulting in poorer outcomes and increased costs. Clinically validated artificial intelligence (AI) can enhance early diagnosis by identifying subtle patterns in routine clinical data. This review seeks to map AI technologies that facilitate early detection of cancers, cardiovascular, metabolic, and infectious diseases within U.S. healthcare systems and to summarise their performance, impact on care pathways, and regulatory readiness. A PCC-guided scoping review was conducted following PRISMA-ScR guidelines, with searches in MEDLINE/PubMed and IEEE Xplore spanning the years 2015 to 2025. Included in the review were peer-reviewed clinical validation studies applicable to the U.S. care context. Data was organised according to condition, setting, model type and inputs, validation design, reference standards, diagnostic metrics, workflow impacts, and FDA status, which were then synthesised into three main themes. A total of nineteen studies met the inclusion criteria. AI applications in imaging improved early screening for cancer and metabolic conditions across mammography, chest radiography, pathology, retinal imaging, and liver ultrasound, effectively reducing false recalls and low-yield reads. Additionally, routine-signal, electronic health record (EHR), and wearable AI technologies supported either opportunistic or continuous screening for ventricular dysfunction, valvular disease, atrial fibrillation, sepsis, and C. difficile, providing a lead time of hours to days compared to standard scores. When properly validated, aligned with guidelines, and monitored in real-world settings, AI has the potential to enhance early-diagnosis pathways in the U.S. healthcare system.
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1. Introduction
1.1 Problem and context/background
High-burden diseases in the United States, including cancers, cardiovascular disease, diabetes and related metabolic disorders, and severe infections, continue to cause preventable deaths and increase health system costs because many cases are found late. Standard screening and diagnostic methods rely on occasional clinic visits. They also depend on different interpretations by clinicians and thresholds that often favour specificity instead of early sensitivity. As a result, subtle pre-clinical signals are overlooked. This leads to delayed diagnosis, and treatment starts only after complications arise. The diagnostic burden increases due to workforce shortages and unequal access to specialists. This situation widens the geographic and socioeconomic gaps in early care. These facts make early, reliable detection an important goal for today's health systems (Rajkomar et al., 2019). Artificial intelligence can learn complex patterns from medical images, physiological waveforms, and long-term electronic records. This could help doctors recognize early signs of disease. This change has been described as “high-performance medicine,” where human skill works alongside algorithmic pattern recognition to improve the consistency and speed of diagnoses (Topol, 2019). Machine-learning systems are being seen more and more as general clinical tools. They can pull out weak, multivariate signals that are tough for humans to piece together quickly (Rajkomar et al., 2019). Many early-detection applications use tests that are already common in U.S. practice. This includes screening imaging and bedside monitoring. These tools help identify risks earlier without needing new invasive procedures (McKinney et al., 2020). 
The U.S. healthcare system is particularly well-suited for AI-driven early detection due to widespread digitization, high volumes of imaging and laboratory tests, and quick adoption of consumer health devices. However, the integration into everyday practice is inconsistent. Clinical benefit relies on “delivery science.” This means that workflow integration, user training, governance, and clear escalation protocols can be as important as model accuracy (Li et al., 2020). Systems that do not fit with clinical incentives or operational speed may not provide real benefits, even when performance looks good (Li et al., 2020). Trust, safety, and fairness issues also influence adoption. Models can perform worse when they are transferred between hospitals or as time passes. This decline may happen because of shifts in the dataset, such as changes in equipment, documentation, or patient case-mix (Finlayson et al., 2021). Such drift is especially important for low-prevalence early detection tasks. Small calibration errors can lead to a high number of false alerts or missed cases (Finlayson et al., 2021). Bias adds another layer of risk. AI that is trained on imbalanced datasets may reproduce diagnostic differences unless subgroup performance is reported and addressed (Nazer et al., 2023). Regulatory readiness is changing with these opportunities and risks.
 The U.S. Food and Drug Administration has expanded options for approving AI and machine-learning medical devices. However, approvals differ based on their intended use. They also rely on proof of clinical validity and suitable user controls (Muehlematter et al., 2021). Predicate-network analyses show rapid growth and dense lineages among cleared devices. This highlights the ongoing innovation and the need for post-market surveillance to handle updates and changes in real-world use (Muehlematter et al., 2023). ECG AI has been validated for screening (Attia et al., 2019). Sepsis AI is close to being used at the bedside (Bedoya et al., 2020). Lung-risk CXR models need mapping (Raghu et al., 2022).
1.2 Definition of concept
In this review, artificial intelligence (AI) refers to systems that can perceive, reason, and learn to support clinical decisions (Jiang et al., 2017). Machine learning is a part of AI where algorithms find predictive patterns in data instead of relying on clear rules. This approach helps identify risks early from complex clinical signals (Deo, 2015). Deep learning involves multilayer neural networks that learn hierarchical representations from inputs like images, waveforms, or text. It often works better than manual feature engineering in diagnostic tasks (Esteva et al., 2019). These models usually train on large datasets. They connect big-data systems with automated reasoning in care pathways (Beam & Kohane, 2018). In early disease detection, AI applications include screening classifiers, prognostic risk models, and tools that assist clinicians or operate on their own. These tools have been tested against clinical reference standards. When used in clinical settings, many AI systems are treated as software for medical devices. This means they must show safety, effectiveness, and performance over time with real-world updates (Carolan et al., 2022). Regulatory definitions further differentiate locked algorithms from adaptive algorithms. This distinction affects the evidence needed for clearance and post-market monitoring (Fraser et al., 2023).
1.3 Scope of Review
This scoping review outlines clinically validated artificial intelligence for early disease detection within or directly applicable to U.S. healthcare systems in real-world settings from 2015 to 2025. It focuses on high-burden cancers, cardiovascular disease, metabolic disorders, and infectious syndromes. Evidence is drawn from PubMed/MEDLINE and IEEE Xplore, supplemented by U.S. regulatory sources for contextual interpretation. Eligible studies are peer-reviewed clinical validations, including prospective pivotal or pragmatic trials and retrospective cohorts. They assess AI using imaging, physiological signals, electronic health records, or wearables compared to clinical reference standards. The review outlines model types, performance, workflow effects, and adoption readiness. It also highlights issues related to generalizability, equity reporting, and monitoring after deployment.
1.4 Aim and Specific Objectives of Review
This study aims to examine how clinically validated AI technologies improve early detection and diagnosis of high-burden diseases in U.S. healthcare systems. This includes a focus on diagnostic performance, pathway efficiency, adoption, and regulatory readiness.
Specific Objectives
i. Classify and map the types of AI models that have undergone clinical validation for early disease detection across cancers, cardiovascular, metabolic, and infectious conditions in U.S. or U.S.-applicable settings.
ii. Summarise how validated AI tools perform relative to standard diagnostic or screening approaches, including accuracy metrics, lead-time gains, and reported efficiency or cost-relevant workflow impacts.
iii. Identify regulatory and implementation determinants of large-scale adoption in U.S. hospitals and clinics, focusing on FDA authorization/clearance status, multicenter generalizability, dataset drift, equity considerations, and alert-burden governance.
2.0 Methodology
2.1 Design and Reporting Standards
The present study employed a scoping review methodology guided by the Population–Concept–Context (PCC) framework to map and characterise clinically validated artificial intelligence applications for early disease detection in U.S. healthcare systems. The reporting followed the PRISMA extension for Scoping Reviews (PRISMA-ScR), which includes transparent documentation of screening decisions and a flow diagram. No protocol registration was undertaken. In accordance with the objectives of the scoping review, which are to describe, classify and map evidence rather than to estimate pooled effects, formal risk-of-bias appraisal was not conducted. In order to enhance the methodological rigour of the study, explicit PCC-based eligibility criteria were applied, two complementary databases were searched, independent screening was conducted at both the title/abstract and full-text stages, and standardised data-charting templates were used.
2.2 Eligibility Criteria
The eligibility of the subjects was defined a priori using PCC criteria to ensure alignment with the review aim and research questions. The included studies were primary, peer-reviewed clinical validation reports of AI tools for early diagnosis in human health, conducted in the U.S. or directly applicable to U.S. standards. Exclusions targeted non-validated algorithm development, non-human applications, and studies lacking U.S. relevance. Table 1 provides a synopsis of the applied criteria.
Table 1. Eligibility criteria according to the PCC framework
	Item
	Inclusion criteria
	Exclusion criteria

	Population
	Human participants of any age/sex within screening, outpatient, inpatient, or community populations relevant to cancers, cardiovascular, metabolic, or infectious diseases
	Animal/in-vitro studies; veterinary, dental, cosmetic, or non-medical populations

	Concept
	Clinically validated AI models for early detection/diagnosis, including machine learning, deep learning, natural language processing, multimodal/fusion models, or wearable AI; tools evaluated against clinical reference standards
	Algorithm development without clinical validation; purely technical performance papers; AI for treatment selection or monitoring without early detection focus

	Context
	Studies conducted in U.S. healthcare settings or explicitly benchmarked to U.S. guidelines/standards (e.g., USPSTF, CMS) and transferable to U.S. workflows.
	Exclusively non-U.S. data/settings with no cross-reference to U.S. standards or applicability

	Study Designs
	Diagnostic-accuracy studies, pivotal trials, pragmatic trials, retrospective or prospective clinical validation cohorts, and implementation/effectiveness studies
	Review articles, editorials, letters, protocols without results, conference abstracts without full text

	Outcomes
	Diagnostic performance (e.g., area under curve, sensitivity, specificity, predictive values, calibration), lead-time gains, clinical/workflow impact, adoption signals, and regulatory status where relevant
	Outcomes not linked to clinical diagnosis or early detection pathways

	Publication Type
	Peer-reviewed journal articles
	Preprints, dissertations, books/chapters, non-peer-reviewed reports used only for background

	Language
	English
	
	



	Non-English




	Time Frame
	2015–2025
	Outside timeframe



2.3 Information Sources
The retrieval of evidence focused on two bibliographic databases that had been selected for maximal relevance to the PCC elements and the interdisciplinary nature of clinically validated AI in U.S. care. MEDLINE/PubMed (comprehensive biomedical and clinical validation coverage) and IEEE Xplore (high-fidelity coverage of clinically deployed AI/ML systems and engineering-clinical translational studies). The searches were supplemented by scanning reference lists of included articles and cross-checking the U.S. regulatory context using FDA-cleared AI device listings and major AHRQ/NIH reports. These supplementary sources informed regulatory readiness discussion but were not treated as included empirical studies unless they had been peer-reviewed. The exportation of all records to Zotero was undertaken for the purpose of de-duplication. Thereafter, independent screening was conducted by two reviewers, with any disagreements being resolved through consensus. The screening process resulted in the identification of 19 studies that were deemed eligible for inclusion in the synthesis.
2.4 Search Strategy
A combination of database-specific strategies, controlled vocabulary and free-text terms for artificial intelligence (AI) and early detection across the four disease clusters was employed, with a U.S. applicability filter. The initial searches were prioritised according to sensitivity, and subsequently refined by limiting to humans, English, and the 2015–2025 period. The final search strings are presented in Table 2.
[bookmark: _heading=h.oon03nw7qs59]Table 2. Search string
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	Search String

	MEDLINE/PubMed
	((“Artificial Intelligence”[Mesh] OR “Machine Learning”[Mesh] OR deep learning[tiab] OR machine learning[tiab] OR artificial intelligence[tiab] OR neural network*[tiab]) AND (early detection[tiab] OR early diagnosis[tiab] OR screening[tiab] OR risk prediction[tiab]) AND (cancer*[tiab] OR cardiovascular[tiab] OR heart[tiab] OR diabetes[tiab] OR metabolic[tiab] OR sepsis[tiab] OR infectious[tiab]) AND (United States[Mesh] OR U.S.[tiab] OR USA[tiab] OR CMS[tiab] OR USPSTF[tiab])) AND (humans[Mesh]) AND (english[lang])

	IEEE Xplore
	(“artificial intelligence” OR “machine learning” OR “deep learning”) AND (“early detection” OR “early diagnosis” OR screening OR triage) AND (cancer OR cardiovascular OR diabetes OR sepsis OR infectious) AND (“United States” OR US OR USA OR “clinical validation”)



2.5 Data Extraction and Synthesis
The data charting process involved the utilisation of a standardised template that was initially piloted on a subset of studies and subsequently refined through iterative refinement. The extracted fields included bibliographic details, clinical condition, setting and population, AI model family and input modality, validation design (internal/external, prospective/retrospective), reference standard, performance metrics, lead-time or workflow effects, equity/stratified performance where reported, and regulatory status or implementation context. Synthesis was descriptive and mapping-oriented. Numerical summaries of the evidence were produced by disease area, model type, modality, and care setting. These were then synthesised narratively, with the synthesis aligned with the three Results themes. The following three points are to be considered: firstly, the utilisation of imaging-based artificial intelligence for the purpose of early cancer and metabolic screening; secondly, the implementation of routine signal/electronic health record/wearable artificial intelligence for the purpose of issuing earlier clinical warnings; and thirdly, the generalisability, implementation, and regulatory readiness in U.S. systems.
3.0 Result 
3.1 Screening and selection.
The database search yielded 535 records. After removing 289 duplicates, 246 unique records were screened by title and abstract. One hundred and twelve papers were retained for full-text assessment, with 134 records excluded at the title–abstract stage for irrelevant titles/abstracts. At full-text review, 93 papers were excluded for the following reasons: review/editorial/letter/protocol or conference abstract without full text (n = 38); algorithm development without clinical validation or purely technical performance papers, including AI for treatment/monitoring without early-detection focus (n = 29); exclusively non-U.S. data/settings with no cross-reference to U.S. standards or applicability (n = 16); and studies outside the 2015–2025 window or not published in English (n = 10). Finally, 19 studies met all criteria and were synthesized (Fig. 1).
[image: ]
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3.2 Summary of Studt Characteristics
A total of 19 peer-reviewed clinical validation studies published between 2018 and 2025 met the inclusion criteria, with all studies being conducted in U.S. settings or demonstrating transferability to U.S. care standards. The conditions included a range of diseases, such as metabolic disorders, major cancers, heart diseases, and infectious syndromes.The majority of study designs were retrospective validations, utilising substantial imaging repositories or electronic health-record time-series, accompanied by internal testing and regular temporal or geographic external validation. A number of analyses were based on multicentre hospital networks or multi-payer cohorts, while one biopsy-anchored ultrasound study used a smaller, targeted sample. The prospective evidence comprised one FDA-pivotal autonomous diabetic-retinopathy trial, one paediatric randomised implementation trial, and one siteless pragmatic wearable screening study. The data modalities encompassed a wide range of medical imaging techniques, including mammography, chest radiography, retinal imaging, liver ultrasound, and comprehensive whole-slide pathology. In addition, the study incorporated wearable devices, electrocardiograms, echocardiogram videos, and structured EHR variables, providing a comprehensive overview of the patient's medical history and current health status.
Theme 1: Imaging-based AI for early cancer and metabolic screening
The utilisation of clinically validated imaging artificial intelligence has yielded the most compelling evidence to date for the enhancement of early detection in cases of high-burden cancers and metabolic conditions. In the field of breast screening, a mammography deep learning risk model has been shown to enhance five-year prediction, surpassing the capabilities of the Tyrer–Cuzick and risk-factor approaches. This development facilitates the earlier identification of women who may benefit from intensified surveillance (Yala et al., 2019). An international reader evaluation reduced false negatives and false positives relative to radiologists, supporting earlier recall while easing double-reading pressure (McKinney et al., 2020). In the field of pathology, weakly supervised whole-slide networks have been shown to achieve near-perfect discrimination for prostate cancer, basal cell carcinoma, and breast nodal metastases, thereby suggesting reliable early histologic triage on a large scale (Campanella et al., 2019).
For lung cancer, chest-radiograph models complemented U.S. eligibility rules by flagging high-risk smokers missed by Centers for Medicare and Medicaid Services criteria (Raghu et al., 2022). External validation aligned to 2021 U.S. Preventive Services Task Force guidance reduced low-dose computed tomography candidates without lowering cancer inclusion, indicating cost-sensitive pre-screening value (Lee et al., 2022). In diabetes care, an autonomous retinal system met pivotal sensitivity and specificity targets in primary care, shifting specialty-level detection to earlier visits (Abràmoff et al., 2018). A randomized pediatric trial showed the same autonomous pathway raised screening completion and follow-through, demonstrating real-world access gains (Wolf et al., 2024). Deep learning on liver ultrasound graded nonalcoholic fatty liver disease against biopsy with high accuracy, highlighting a noninvasive route to earlier metabolic staging (Drazinos et al., 2025).
Theme 2: AI from routine signals, EHRs, and wearables for earlier clinical warning
In addition to imaging, validated models were utilised to extract early-warning signals from a range of tests, electronic records and wearable devices. This approach led to an expansion in the scope of detection within routine U.S. healthcare services. A convolutional network trained on twelve-lead electrocardiograms has been shown to accurately identify asymptomatic left ventricular systolic dysfunction with high discrimination and to predict future decline, thus supporting the opportunistic screening of patients during routine visits (Attia et al., 2019). As posited by Ghorbani et al. (2020), the utilisation of deep learning for the interpretation of echocardiogram videos facilitates the automated recognition of structural abnormalities and functional measures, thereby offering earlier flags in high-throughput laboratories. Electrocardiogram-based classifiers have been shown to detect aortic stenosis and mitral regurgitation across a network of five hospitals, thus demonstrating the potential for low-cost electrophysiology to pre-select patients for confirmatory echocardiography procedures (Vaid et al., 2023). A fully automated Doppler pipeline then detected clinically significant mitral regurgitation at two U.S. centers, enabling longitudinal surveillance without added sonographer effort (Vrudhula et al., 2024). In community screening, smartwatch irregular-pulse algorithms produced high concordance with patch-confirmed atrial fibrillation, showing feasibility of continuous out-of-clinic case finding (Perez et al., 2019). For chronic metabolic risk, a machine learning Klinrisk score predicted chronic kidney disease progression consistently across commercial, Medicare, and Medicaid cohorts, supporting earlier referral and renoprotective therapy (Tangri et al., 2024). Acute infections demonstrated the most noticeable time-to-action benefit. A deep learning sepsis model outperformed rule-based scores and identified the onset around five hours earlier (Bedoya et al., 2020). A multi-hospital severe sepsis predictor identified this benefit up to forty-eight hours before onset, using only routine vital signs (Burdick et al., 2020). A Clostridioides difficile model predicted the risk within six hours of admission. This supports earlier isolation and stewardship at scale today (Panchavati et al., 2022).
Theme 3: Generalizability, implementation, and regulatory readiness in U.S. systems



The degree of readiness for scale-up was contingent upon the accuracy of models outside the development sites and their alignment with U.S. workflows under regulatory oversight. Two validations exposed a fragility in the system. A pneumonia classifier demonstrated robust internal performance; however, it exhibited a loss of discrimination at new hospitals due to its learning of site-specific cues, thereby illustrating the risk of dataset shift in imaging deployment (Zech et al., 2018). A sepsis model of a proprietary nature that has been widely implemented has also demonstrated low external accuracy and high alert burden. This has led to a warning against the adoption of such models without local testing (Wong et al., 2021). Conversely, methods that have been trained and tested on diverse populations have demonstrated enhanced portability. A severe sepsis predictor that has been validated across 461 hospitals has been shown to retain high discrimination up to two days before the onset of the condition, supporting its use on a nationwide scale (Burdick et al., 2020). A mitral-regurgitation pipeline was generalised between Cedars-Sinai and Stanford, suggesting that carefully curated multicentre echocardiography data can mitigate drift (Vrudhula et al., 2024). A chronic kidney disease progression score remained consistent across commercial, Medicare, and Medicaid groups. This suggests stability among different payer mixes (Tangri et al., 2024). Regulatory maturation was most evident for autonomous eye screening. A key primary-care trial led to the Food and Drug Administration authorizing an autonomous diabetic-retinopathy device. This created a way for point-of-care AI that does not need specialist supervision (Abràmoff et al., 2018). Implementation evidence showed that adding this autonomy in pediatric diabetes clinics significantly increased screening rates. This underlines the importance of workflow and equity as key factors in adoption (Wolf et al., 2024).  Economic and staffing pressures further favored tools that reduce expert workload, as seen in mammography deployment studies (McKinney et al., 2020) with continuous post-market monitoring.



Table 3: Data Extraction Table for Included Studies 
	Study
	Disease or early detection task
	United States setting or data source
	Artificial intelligence model and inputs
	Clinical validation design
	Comparator or reference standard
	Key performance results (reported)
	Implementation or regulatory readiness notes

	Abràmoff et al. (2018)
	Early detection of more than mild diabetic retinopathy with or without diabetic macular edema in primary care
	United States primary care clinics; 900 adults with diabetes
	Autonomous artificial intelligence diabetic retinopathy diagnostic system using fundus photographs and optical coherence tomography
	Prospective pivotal clinical trial
	Wisconsin Fundus Photograph Reading Center stereoscopic photographs and optical coherence tomography graded using Early Treatment Diabetic Retinopathy Study standards
	Sensitivity 87.2 percent; specificity 90.7 percent; imageability 96.1 percent
	First Food and Drug Administration authorized autonomous artificial intelligence diagnostic device; designed for point of care use by non specialists

	Attia et al. (2019)
	Screening for asymptomatic left ventricular systolic dysfunction (ejection fraction 35 percent or lower) using electrocardiograms
	Mayo Clinic paired electrocardiogram and echocardiogram data; United States
	Convolutional neural network on twelve lead electrocardiogram waveforms
	Large retrospective training with independent test cohort
	Echocardiogram derived ejection fraction
	Area under the receiver operating characteristic curve 0.93; sensitivity 86.3 percent; specificity 85.7 percent
	Low cost ubiquitous test enables scalable screening; positive artificial intelligence screen associated with about fourfold future risk

	Bedoya et al. (2020)
	Early detection of sepsis before clinical onset in hospitalized adults
	Electronic health record encounters from a United States tertiary academic center
	Deep learning multi task Gaussian process recurrent neural network using vital signs, laboratory values, medications, and comorbidities
	Internal validation and temporal validation
	Random forest, Cox regression, penalized logistic regression, and clinical scores including systemic inflammatory response syndrome, quick sequential organ failure assessment, and National Early Warning Score
	C statistic 0.88 at four hours pre onset; detected sepsis median five hours earlier than standard approaches
	Implementation aligned evaluation supports inpatient alerting pathways

	Burdick et al. (2020)
	Prediction of severe sepsis up to forty eight hours before onset
	Deidentified electronic health records from 461 United States hospitals; 270,438 patients
	Machine learning algorithm using routinely collected vital signs
	Multihospital retrospective validation with external test set
	Modified Early Warning Score, Sequential Organ Failure Assessment score, and systemic inflammatory response syndrome criteria
	Area under the receiver operating characteristic curve 0.931 at onset and 0.827 at forty eight hours pre onset; external test 0.948 at onset
	Strong cross hospital validation supports deployment readiness

	Campanella et al. (2019)
	Cancer detection on pathology slides for prostate cancer, basal cell carcinoma, and breast lymph node metastases
	Memorial Sloan Kettering Cancer Center whole slide pathology images; United States
	Weakly supervised multiple instance deep learning on whole slide images
	Large scale retrospective validation
	Reported pathology diagnoses
	Area under the receiver operating characteristic curve greater than 0.98 across cancers
	Projected to exclude 65 to 75 percent of slides while maintaining full sensitivity, indicating major workflow gains

	Ghorbani et al. (2020)
	Automated echocardiogram interpretation for early identification of cardiac abnormalities
	Stanford EchoNet dataset; United States
	Convolutional neural networks on echocardiogram videos
	Retrospective internal validation
	Human interpreted echocardiogram labels
	Area under the receiver operating characteristic curve 0.89 for pacemaker leads, 0.86 for enlarged left atrium, and 0.75 for left ventricular hypertrophy
	Supports cardiology triage and interpretation capacity in resource strained settings

	Drazinos et al. (2025)
	Noninvasive grading of hepatic steatosis in nonalcoholic fatty liver disease
	Biopsy validated clinical cohort; directly transferable to United States ultrasound practice
	Pretrained convolutional neural networks on B mode hepatorenal window ultrasound images (DenseNet201 best)
	Retrospective validation against biopsy
	Liver biopsy and radiologist hepatorenal index
	Test accuracy 89 to 94 percent for separating mild from moderate to severe steatosis
	Potential screening tool for metabolic and liver clinics

	Lee et al. (2022)
	Refining selection of candidates for low dose computed tomography lung cancer screening aligned to United States Preventive Services Task Force 2021 criteria
	Chest radiograph cohort outside the United States but validated for United States guideline use
	Deep learning lung cancer risk model from chest radiographs
	External validation study
	United States Preventive Services Task Force eligibility rules
	Area under the receiver operating characteristic curve 0.68 overall and 0.75 in guideline eligible subset; reduced computed tomography candidates with minimal missed cancers
	Demonstrates artificial intelligence adjunct to United States screening policy

	McKinney et al. (2020)
	Breast cancer detection on screening mammography
	Enriched United States screening dataset plus United Kingdom dataset
	Deep learning mammography reader
	Reader study with simulation of clinical workflow
	Radiologist reads and United Kingdom double reading standard
	Reduced false positives by 5.7 percent and false negatives by 9.4 percent in United States data; improved area under the receiver operating characteristic curve over average radiologist
	Potential to cut second reader workload substantially without loss of performance

	Panchavati et al. (2022)
	Early prediction of Clostridioides difficile infection in hospitalized patients
	Electronic health records from more than 700 United States hospitals
	Extreme gradient boosting, deep long short term memory network, and one dimensional convolutional neural network on early inpatient records
	Development and multihospital external validation
	Cross model comparison using observed infection outcomes
	Extreme gradient boosting achieved highest discrimination; predictions possible using first six hours of care data
	Supports infection control triage and early isolation decisions

	Perez et al. (2019)
	Community screening for atrial fibrillation using smartwatch irregular pulse detection
	United States siteless pragmatic trial; 419,297 participants
	Smartwatch irregular pulse notification algorithm with confirmatory electrocardiogram patch
	Prospective pragmatic validation
	Electrocardiogram patch confirmation
	Only 0.52 percent received notifications; atrial fibrillation confirmed in 34 percent of returned patches; positive predictive value 0.84 for concordant cases
	Real world adoption evidence for consumer screening pathways

	Raghu et al. (2022)
	Prediction of incident lung cancer risk to complement Medicare and Medicaid Services screening eligibility
	Mass General Brigham chest radiograph and electronic medical record data; United States
	Open source deep learning chest radiograph lung cancer model using chest radiograph plus electronic medical record
	Prognostic validation in smoker and former smoker cohort
	Medicare and Medicaid Services low dose computed tomography eligibility criteria
	Identified high risk individuals missed by eligibility rules; high cancer incidence in artificial intelligence eligible subgroups
	Policy relevant tool to improve screening capture

	Tangri et al. (2024)
	Early prediction of chronic kidney disease progression
	Commercial, Medicare, and Medicaid cohorts in the United States; 4.8 million adults
	Klinrisk machine learning model using laboratory data and urinalysis
	Large scale external validation
	Standard risk stratification based on estimated glomerular filtration rate and urinalysis thresholds
	Area under the receiver operating characteristic curve 0.83 to 0.87 in commercial cohort, 0.80 to 0.81 in Medicare cohort, and 0.82 to 0.84 in Medicaid cohort
	Highly representative validation supports scale up in payer linked systems

	Vaid et al. (2023)
	Electrocardiogram screening for mitral regurgitation and aortic stenosis
	Five hospitals in New York City, United States
	Deep learning electrocardiogram classifiers with natural language processing derived echocardiogram labels
	Internal and geographic external validation
	Echocardiogram confirmed valvular disease
	Mitral regurgitation area under the receiver operating characteristic curve 0.88 internal and 0.81 external; aortic stenosis 0.89 internal and 0.86 external
	Supports early case finding using ubiquitous electrocardiograms

	Vrudhula et al. (2024)
	Automated detection of moderate to severe mitral regurgitation on transthoracic echocardiograms
	Cedars Sinai training and test dataset plus Stanford external dataset; United States
	Deep learning pipeline including view classifier and mitral regurgitation severity model
	Internal validation and external institutional validation
	Doppler echocardiogram labels
	View classification area under the receiver operating characteristic curve 0.998 internal and 0.996 external; mitral regurgitation at least moderate 0.916 internal and 0.951 external
	High throughput surveillance tool with strong cross institution performance

	Wolf et al. (2024)
	Improving diabetic retinopathy screening completion in children and adolescents with diabetes
	United States pediatric diabetes center
	Autonomous artificial intelligence eye examination at point of care
	Randomized controlled trial
	Usual care referral and education
	Eye examination completion 100 percent in artificial intelligence group versus 22 percent in control; follow through after abnormal screen 64 percent versus 22 percent
	Demonstrates adoption advantage in real clinical workflow

	Wong et al. (2021)
	External validation of a widely implemented sepsis prediction model
	Michigan Medicine electronic health record; United States
	Proprietary Epic sepsis prediction score updated every fifteen minutes
	Independent external validation
	Composite sepsis definition using Centers for Disease Control surveillance, International Classification of Diseases codes, systemic inflammatory response syndrome, and organ dysfunction
	Hospitalization level area under the receiver operating characteristic curve 0.63; low sensitivity with high alert burden
	Highlights implementation and regulatory caution for black box models

	Yala et al. (2019)
	Five year breast cancer risk prediction from mammograms
	United States screening cohort; 88,994 mammograms from 39,571 women
	Image only deep learning and hybrid deep learning combining images and risk factors
	Retrospective internal validation
	Risk factor logistic regression and Tyrer Cuzick version eight model
	Hybrid model area under the receiver operating characteristic curve 0.70; image only 0.68; logistic regression 0.67; Tyrer Cuzick 0.62
	Improved risk stratification for targeted screening

	Zech et al. (2018)
	Pneumonia detection on chest radiographs with emphasis on cross site generalization
	National Institutes of Health, Mount Sinai, and Indiana University chest radiographs; United States
	Convolutional neural network classifier on chest radiographs
	Internal and multi site external validation
	Site specific ground truth labels
	Internal area under the receiver operating characteristic curve up to 0.931; external performance dropped to 0.815 due to site effects
	Evidence for model drift and need for post market monitoring in United States deployment




4.0 Discussion
4.1 Summary of Key Findings
Across various domains, validated AI proved to be more effective than traditional methods for improving early diagnosis and triage.  The routine incorporation of artificial intelligence (AI) into electrocardiograms (ECGs) and echocardiograms has enabled the earlier detection of asymptomatic ventricular dysfunction and valvular disease, facilitating more timely referrals. Wearable irregular-pulse algorithms showed strong accuracy in identifying cases of atrial fibrillation in the community. The utilisation of imaging models in mammography, chest radiography, and pathology has been demonstrated to enhance cancer detection or risk stratification, while concomitantly reducing low-yield reads or recalls. The attainment of pivotal accuracy in primary care by autonomous retinal screening has been demonstrated, with a concomitant substantial increase in the completion of screening procedures among young people. The delivery of EHR sepsis and Clostridioides difficile predictors resulted in hours of lead time, in comparison to rule-based scores. A pair of autonomous external validations each demonstrated the occurrence of performance drift and an excess of alert burden. These findings have underscored the necessity for multicentre validation, calibration checks, and continuous monitoring. The alignment of guidelines with regulatory frameworks, coupled with the attainment of FDA clearance, has facilitated the acceleration of its adoption in the near term.
4.2. Comparison with Existing Literature
Compared to global evidence, this U.S. synthesis shows that clinically validated AI is improving early detection, especially in imaging pipelines. Our breast screening results show improved discrimination, fewer false recalls, and a safe workload reduction. These results match closely with the Mammography Screening with Artificial Intelligence (MASAI) trials. In those trials, AI-supported single reading was as effective as double radiologist reading and reduced workload (Lång et al., 2023; Hernström et al., 2025).
 Comparable potential improvements were also seen in the Korean AI-STREAM group (Chang et al., 2025). Yet a global equity audit shows that many mammography AI datasets do not represent low-resource regions and minority populations (Miyawaki et al., 2025). This supports our concern that improvements in accuracy need careful bias testing before being applied elsewhere. For lung cancer, our chest radiograph gatekeeper models support U.S. eligibility rules. At the same time, global efforts are moving toward predicting long-term risks with low-dose computed tomography. This is demonstrated by ScreenLungNet (Lin et al., 2025). This contrast suggests that radiograph models may provide cheaper pre-screening. In contrast, low-dose computed tomography models offer more detailed individualized paths. A combined approach could improve results and reduce costs. In metabolic eye screening, U.S. autonomous diabetic retinopathy systems showed significant accuracy and important improvements in completion. These outcomes are in line with global performance ranges (Alqahtani et al., 2025) and match program evaluations in New Zealand and Indigenous Australian contexts (Vaghefi et al., 2023; Chia et al., 2024).  Those studies emphasize the importance of culturally tailored deployment and co-designed workflows. They support our finding that implementation affects real-world benefit, especially when follow-through is the main issue. Our routine signal and wearable theme matches global atrial fibrillation screening with photoplethysmography devices and apps (Guo et al., 2020; Zhang et al., 2019). 
International studies suggest that combining AI alerts with early clinical risk assessment can help reduce unnecessary evaluations (Guo et al., 2020). This means U.S. consumer wearables should be more closely connected with primary care. Global studies on electrocardiograms and deep learning in Uganda, along with multicenter congenital groups, support opportunistic electrocardiogram screening. However, they highlight the need for proper calibration across different ages and combinations of health conditions (Mondo et al., 2020; Mayourian et al., 2025; Poterucha et al., 2025). Finally, global sepsis studies confirm that early warning benefits occur when models are tested across departments and monitored for changes over time (Zhou et al., 2024; Thiboud et al., 2025). Reporting frameworks establish this rigor by requiring clear protocols and outside validation (Ibrahim et al., 2021) and complete diagnostic reporting through STARD-AI (Sounderajah et al., 2025).
4.3 Implications for Policy and Practice
It is suggested that clinically validated artificial intelligence for early detection be recognized as a reimbursable standard in screening and diagnostic processes in the United States. This would involve national guidance that defines the minimum proof needed for deployment. This includes multisite external validation, calibration, subgroup equity reporting, and showing clinical or operational benefit. Regulatory policy should improve the Food and Drug Administration's life-cycle oversight for adaptive software. It should require specific update protocols, monitor post-market drift, and establish public performance registries. Payment models should cover artificial intelligence-assisted screening, the follow-up confirmatory tests that algorithms trigger, and the maintenance costs for monitoring teams. Federal and state agencies should encourage interoperability standards and secure data sharing. This way, safety-net and rural facilities can take part. Equity safeguards like mandatory bias audits and threshold tuning for vulnerable groups should be required. The use of a screen-triage-confirm-treat-monitor workflow is necessary. Artificial intelligence outputs should be included in electronic health records and imaging worklists. They need to have clear action thresholds, options for clinicians to override, and pathways for escalation. This will help reduce alert fatigue. Sites should run local pilot tests and train clinicians to interpret results and work with artificial intelligence. After that, they should expand while regularly updating their approach using ongoing data. Routine audits based on race, sex, age, and facility type should inform changes to thresholds. Multidisciplinary artificial intelligence stewardship groups should review negative events, manage updates, and provide performance dashboards for quality improvement cycles. Patient-facing explanations of algorithm results and follow-up steps are necessary to maintain adherence and trust. This is especially true for community and primary-care screening situations across the country.
5.0 Conclusion
This scoping review outlined clinically validated artificial intelligence for the early detection of high-burden diseases in U.S. healthcare. Across 19 studies, AI improved diagnostic sensitivity or risk discrimination in imaging, routine physiological signals, electronic health records, and wearables. It often provided clinically meaningful lead time. These tools reconfigured pathways by filtering low-risk cases, prioritizing confirmatory testing, and expanding screening beyond specialist settings. However, outside checks showed that performance can decline with changes in the dataset and lack of transparency. This highlights the need for testing across multiple centers, proper calibration, and management of alert fatigue. Overall, AI is set to improve early diagnosis nationwide, as long as adoption is guided by transparency and careful oversight. Tools that meet guidelines and have FDA approval offer scalable options. However, regular post-market equity audits are crucial for safe expansion.
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