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ABSTRACT: Artificial intelligence (AI) is increasingly used to convert heterogeneous 

clinical data into actionable predictions across chronic disease pathways, yet the maturity 

and clinical role of AI differ substantially among diabetes, cardiovascular disease (CVD), 

and cancer. This structured comparative evidence synthesis evaluated human studies and 

high-quality reviews addressing AI-enabled risk prediction, diagnosis, monitoring, 

complication forecasting, and management in these three disease domains. 

PubMed/MEDLINE, relevant publisher sources, and cross-referenced literature were 

examined up to September 2026. Animal experiments, in vivo studies, wet-laboratory-

only investigations, and reports without a clinically relevant AI endpoint were excluded. 

Thirty-six core publications were retained for comparative synthesis. Diabetes showed its 

strongest implementation profile in continuous glucose monitoring, hypoglycemia 

forecasting, complication prediction, and automated insulin delivery; external validation 

remains a recurring weakness in complication models. CVD demonstrated broad AI utility 

across electrocardiography, imaging, wearable monitoring, and time-to-event risk 

prediction, with randomized evidence emerging for AI-supported echocardiographic 

workflows. Cancer showed the greatest dependence on high-dimensional imaging, digital 

pathology, and multi-omics integration; AI-assisted radiology and pathology can improve 

diagnostic performance, but generalizability and risk of bias remain major concerns. 

Across the three diseases, multimodal integration usually increased predictive capacity, 

whereas clinical translation was constrained by dataset shift, incomplete calibration, 

limited prospective validation, variable interpretability, privacy concerns, and under-
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reporting of fairness. A five-domain evidence-maturity framework indicated relatively 

mature continuous-management applications in diabetes, signal- and imaging-based 

prediction in CVD, and imaging/pathology plus multi-omics applications in cancer. The 

comparative findings support disease-specific deployment rather than a single universal 

AI strategy. Clinically useful AI should be externally validated, calibrated, monitored after 

deployment, integrated with human decision-making, and reported using contemporary 

AI-specific standards. 

 

1. INTRODUCTION 

Chronic diseases account for a large proportion of long-term morbidity, healthcare utilization, and preventable mortality, but 

their clinical trajectories are rarely linear. Diabetes, cardiovascular disease (CVD), and cancer illustrate three distinct yet 

overlapping challenges: early identification of high-risk individuals, recognition of clinically important change, selection of 

appropriate interventions, and sustained management over time. Conventional statistical models remain essential, but they can 

be limited when clinical decisions depend on nonlinear interactions among laboratory values, longitudinal electronic health 

records (EHRs), physiological signals, imaging, pathology, treatment history, lifestyle data, and molecular profiles. Artificial 

intelligence (AI), particularly machine learning (ML) and deep learning (DL), provides a computational framework for extracting 

patterns from such heterogeneous data [1,2]. Its clinical value, however, is not defined simply by a high area under the receiver 

operating characteristic curve (AUROC). Models must also be calibrated, externally validated, interpretable enough for the 

intended task, equitable across relevant subgroups, and demonstrably useful within a clinical workflow [3-6]. 

The three disease domains considered in this study occupy different positions on the AI translation pathway. In diabetes, AI is 

closely linked to continuous glucose monitoring (CGM), automated insulin delivery, complication forecasting, and 

individualized phenotyping [7-16]. CVD provides abundant time-series and image data through electrocardiography (ECG), 

echocardiography, nuclear imaging, and wearable sensors, allowing AI to support both population-level risk assessment and 

point-of-care detection [17-26]. Cancer, in contrast, is characterized by extreme biological heterogeneity and increasingly 

multimodal data, including radiology, whole-slide pathology, genomics, transcriptomics, proteomics, and treatment-response 

information [27-36]. Consequently, similar algorithmic families can serve very different clinical purposes across these diseases. 

A direct comparative analysis is therefore useful because it highlights not only where AI performs well, but also why the same 

methodological approach may translate differently among disease settings. The present article compares AI-driven prediction 

and management in diabetes, CVD, and cancer using a structured evidence-synthesis design. It focuses exclusively on human 

clinical and clinically oriented computational evidence and deliberately excludes in vivo experimentation. The objectives were 

to identify dominant data modalities and algorithms, summarize representative performance and clinical-use findings, compare 

the maturity of prediction and management applications, and define cross-cutting requirements for safe clinical implementation. 

A further aim was to distinguish technical model discrimination from evidence of clinical benefit, because an accurate 

retrospective classifier does not necessarily improve care. Particular attention was therefore given to external validation, 

calibration, human-AI collaboration, prospective workflow evidence, and the ability of an AI output to lead to a clinically 

meaningful action rather than merely reproduce an existing label. 

2. MATERIALS AND METHODS 

2.1 Study Design and Comparative Research Questions 

This work was designed as a structured comparative evidence synthesis rather than a de novo patient-level clinical trial. The 

unit of analysis was the published human evidence describing AI or ML applications for prediction, diagnosis, monitoring, 

complication forecasting, treatment support, or workflow improvement in diabetes, CVD, and cancer. The design was selected 

because the three disease areas differ markedly in clinical endpoints, data modalities, and evaluation metrics, making a single 

pooled meta-analysis inappropriate. Instead, the study used a predefined comparative framework to map the maturity and 

translational relevance of AI applications across domains. The principal research questions were: (i) which data types and AI 

methods dominate each disease area; (ii) which clinical tasks have the strongest evidence for prediction or management; (iii) 

how frequently do the selected evidence sources address external validation, prospective testing, calibration, explainability, and 

real-world workflow integration; and (iv) what barriers are shared across all three disease areas. The analysis was informed by 

contemporary guidance emphasizing transparent description of prediction-model development and evaluation, particularly 
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TRIPOD+AI [3], and by guidance for reporting AI interventions in clinical trials [4]. The review was not intended to rank 

individual commercial products or produce a universal performance score. Disease-level comparison focused on evidence 

patterns rather than direct statistical superiority because AUROC, sensitivity, specificity, concordance index, time-in-range, 

workflow time, and clinical event outcomes are not interchangeable. Only clinically oriented human evidence was considered. 

Animal studies, in vivo disease models, cell-line-only experiments, and wet-laboratory mechanistic studies were outside the 

scope. This restriction ensured that all conclusions concerned patient-facing or health-system-facing AI applications. The final 

analytic corpus contained 36 core references, selected to provide contemporary, clinically relevant, and methodologically diverse 

coverage across the three disease domains and cross-cutting AI methodology. The comparison was conducted at the level of 

clinical use cases, not individual software products. This approach reduced the risk of treating transient commercial 

implementations as durable scientific evidence and allowed established and emerging applications to be assessed using the same 

translational questions. 

2.2 Literature Search Strategy and Source Identification 

Literature identification was performed primarily through PubMed/MEDLINE, supplemented by publisher-hosted guideline 

articles and backward citation tracing from major systematic reviews. Searches were updated through September 2026. Search 

concepts combined disease terms with AI methodology and clinical task terms. Diabetes searches included combinations of 

“diabetes,” “prediabetes,” “diabetic complications,” “continuous glucose monitoring,” “hypoglycemia,” “closed-loop,” 

“artificial intelligence,” “machine learning,” “deep learning,” and “prediction.” CVD searches included “cardiovascular disease,” 

“coronary artery disease,” “atrial fibrillation,” “heart failure,” “ECG,” “echocardiography,” “wearable,” “risk prediction,” and 

AI/ML terms. Cancer searches combined “cancer,” “neoplasm,” “screening,” “radiology,” “digital pathology,” “whole-slide 

image,” “multi-omics,” “prognosis,” and AI/ML terms. Methodological searches targeted reporting, explainability, and clinical 

deployment. Priority was given to systematic reviews, meta-analyses, externally validated prediction studies, randomized 

evaluations, and large multicenter investigations, while landmark earlier studies were retained when they established a clinically 

important AI application. Recent evidence from 2024-2026 was deliberately emphasized to reflect current practice. The search 

was not represented as a fully exhaustive systematic review across all bibliographic databases; therefore, no fabricated screening 

counts or PRISMA numerators were used. Instead, source identification was documented as a reproducible conceptual 

workflow (Figure 1). Publications were screened for relevance to the predefined clinical tasks and for sufficient methodological 

information to support comparative extraction. When multiple reviews covered similar applications, preference was given to 

the most recent review with transparent methods or to a study providing clinically interpretable performance, external 

validation, or prospective evaluation. The final reference set was frozen before synthesis to avoid selectively adding citations 

solely to support a desired conclusion. Search terms were iteratively expanded when a major review revealed a clinically 

important modality or endpoint not captured by the initial concepts. Title/abstract relevance was judged against the prespecified 

disease-task framework, and full-text information was used when performance, validation strategy, or population characteristics 

could not be established from the abstract. Duplicate conceptual evidence was minimized by prioritizing the most informative 

source. 

2.3 Eligibility Criteria, Exclusions, and Data Extraction 

Eligible publications had to address human health data or clinically deployable workflows in diabetes, CVD, or cancer and 

explicitly use AI, ML, DL, or closely related computational prediction methods. Eligible study types included retrospective or 

prospective clinical cohorts, diagnostic-accuracy studies, randomized or controlled workflow evaluations, systematic reviews, 

meta-analyses, and structured evidence reviews. Studies were considered relevant when the AI output informed at least one of 

the following: disease risk, early detection, diagnosis, prognosis, complication risk, physiologic forecasting, treatment selection, 

treatment adjustment, monitoring, or operational clinical workflow. Exclusion criteria were animal or in vivo experiments, cell 

or tissue experiments without patient-level clinical modeling, purely technical image-processing papers without a clinical 

endpoint, non-peer-reviewed promotional material, and AI studies unrelated to chronic-disease prediction or management. For 

each retained source, data were extracted into a structured evidence matrix containing disease domain, clinical task, primary 

data modality, algorithm family, study design, sample characteristics when available, principal performance metric, validation 

approach, and stated translational limitations. Additional fields captured whether the study addressed calibration, explainability, 

fairness/subgroup performance, prospective evaluation, and workflow integration. Because the included literature reported 

heterogeneous outcomes, extraction preserved the metric used by each study rather than converting all findings into a common 

numerical effect. Representative quantitative findings were included in the Results only when directly reported by the source. 

For example, sensitivity and specificity from diagnostic meta-analyses were not combined with AUROC from risk models. 
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Similarly, glycemic time-in-range outcomes from automated insulin-delivery studies were treated as management outcomes 

rather than diagnostic-performance measures. This approach prevented inappropriate cross-disease pooling and allowed the 

analysis to distinguish model discrimination from actual clinical utility. Extraction also recorded the comparator used by each 

study, such as clinician assessment, conventional regression, usual care, or a less automated treatment system. When a source 

reported several models, emphasis was placed on externally validated or clinically integrated results rather than the best internal-

development estimate. 

2.4 AI Taxonomy and Classification of Clinical Tasks 

AI methods were grouped into clinically interpretable families rather than classified solely by software architecture. Classical 

ML included logistic-model extensions, random forests, gradient boosting, support vector machines, survival forests, and other 

algorithms relying primarily on structured features. DL included convolutional neural networks for imaging and signal analysis, 

recurrent or temporal networks, deep survival methods, and end-to-end representation learning. Multimodal AI referred to 

models combining two or more distinct data types, such as pathology plus genomics, imaging plus clinical variables, or 

physiological signals plus contextual data. Explainable AI (XAI) was recorded when a study explicitly used methods such as 

feature importance, SHAP-like attribution, saliency mapping, or other mechanisms designed to expose model reasoning; 

however, the presence of an explanation method was not assumed to guarantee clinical interpretability [5,6]. Clinical tasks were 

classified into four levels. Level 1 was risk prediction before overt disease or before a major complication. Level 2 was detection 

or diagnosis from current data. Level 3 was prognosis or prediction of future progression, recurrence, adverse events, or 

treatment response. Level 4 was management, defined as repeated or real-time use of AI to alter monitoring, treatment delivery, 

follow-up, or clinical workflow. This classification allowed meaningful comparison between, for example, CGM-based 

hypoglycemia forecasting in diabetes, AI-ECG risk stratification in CVD, and multimodal survival prediction in cancer. Data 

modalities were separately categorized as structured clinical/EHR data, physiological time-series and wearables, radiology, 

digital pathology, retinal imaging, or molecular/multi-omics. This taxonomy was also used to construct Figure 3, which 

illustrates the shared architecture from input data through AI processing to clinically actionable outputs. Hybrid systems that 

combined algorithmic prediction with protocolized human review were classified according to the clinical action actually 

supported. This distinction was important because the same neural-network architecture may function as a screening aid, a 

prognostic tool, or a management component depending on when it is used, what data are available, and who acts on the 

output. 

2.5 Comparative Evaluation Framework and Evidence-Maturity Scoring 

The comparative framework evaluated five dimensions: risk prediction, continuous monitoring or management, 

imaging/biosignal AI, multimodal or omics integration, and prospective clinical integration. Each disease domain received an 

ordinal evidence-maturity score from 1 to 5 for each dimension. The score was not a statistical effect size and was not intended 

to imply that one disease is intrinsically more suitable for AI. A score of 1 represented an early or highly experimental evidence 

base; 2 indicated repeated proof-of-concept evidence with limited validation; 3 indicated multiple clinical studies but important 

generalizability or implementation gaps; 4 indicated a comparatively mature evidence base with external or prospective support 

in at least part of the field; and 5 indicated broad, repeated evidence with strong clinical relevance, including external validation, 

large-scale studies, or real-world deployment evidence. Scores were assigned by triangulating the retained reviews and 

representative studies, with emphasis on validation and clinical integration rather than headline accuracy alone. For example, 

diabetes received a high management score because CGM forecasting and automated insulin delivery have direct repeated-use 

clinical applications [8,11-13], whereas cancer received a high multimodal score because pathology, radiology, and multi-omics 

integration are central to current precision-oncology research [33-36]. CVD received high scores for risk prediction and 

imaging/biosignal AI because ECG, echocardiography, nuclear imaging, and wearables have been evaluated across large cohorts 

and prospective workflows [19-26]. The resulting matrix is displayed in Figure 2. To maintain transparency, the article explicitly 

separates these structured synthesis scores from source-reported quantitative performance values. No inferential statistics were 

applied to the ordinal maturity matrix. To limit overinterpretation, a high score required evidence breadth plus translational 

support; a single study with exceptional accuracy could not by itself justify a score of 5. Conversely, an established clinical 

workflow could receive a relatively high score even when its numerical performance metric differed from another disease 

domain, because maturity reflected validation, actionability, and deployment evidence rather than a common accuracy threshold. 
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2.6 Quality, Bias, Reproducibility, and Ethical Assessment 

Quality appraisal was integrated into the comparative synthesis through recurring methodological domains rather than by 

assigning a single numerical quality score to heterogeneous study types. The domains were external validation, calibration, risk 

of bias, dataset representativeness, fairness or subgroup analysis, interpretability, prospective evaluation, and evidence of 

workflow or patient-level benefit. TRIPOD+AI provides current reporting guidance for prediction models and emphasizes 

complete reporting, fairness considerations, open science, and subgroup evaluation [3]. CONSORT-AI similarly highlights the 

need to describe the AI intervention, its outputs, interaction with human decision-making, and performance errors in trial 

settings [4]. These principles were used as interpretive anchors. Particular caution was applied to internally validated models, 

studies using convenience samples, single-center imaging datasets, and high-dimensional omics models without independent 

testing. Explainability was considered supportive but not sufficient evidence of trustworthiness because post-hoc explanations 

can be unstable or misleading [5]. Privacy and data governance were considered especially important for longitudinal EHR, 

wearable, imaging, pathology, and genomic data. The synthesis also distinguished discrimination from calibration: a model can 

rank risk well while systematically over- or under-estimating absolute risk. This distinction is particularly important when AI 

outputs trigger screening, preventive therapy, invasive testing, or treatment modification. For management applications, the 

highest evidentiary weight was given to prospective or randomized evaluations that measured workflow, physiological control, 

or patient-important outcomes. No ethics approval was required for this article because it analyzed published literature and did 

not access identifiable patient-level data. Reproducibility was judged more favorably when studies described data partitions, 

preprocessing, model evaluation, and independent testing clearly enough to permit replication. Ethical interpretation also 

considered automation bias and the possibility that false reassurance or excessive alerts could alter clinician behavior. These 

concerns were treated as deployment issues rather than abstract algorithmic limitations. 

 

Figure 1. Structured workflow used to identify, classify, and compare clinically oriented AI evidence across diabetes, 

cardiovascular disease, and cancer. No in vivo or animal studies were included. 

3. RESULTS 

3.1 Cross-Disease Evidence Landscape 

The retained literature showed a common movement from single-source prediction toward multimodal decision support, but 

the dominant inputs differed by disease. Diabetes research was anchored in structured clinical data, CGM time-series, retinal 

imaging, and automated insulin-delivery systems [7-16]. CVD research used structured risk factors together with ECG, 

echocardiography, SPECT, and consumer or medical-grade wearables [17-26]. Cancer research relied most heavily on radiology, 

digital pathology, and increasingly multi-omics data, with multimodal models attempting to combine molecular and 

morphological information [27-36]. Across all three domains, the strongest recent studies increasingly separated model 

development from independent evaluation, but external validation, calibration, and prospective clinical-utility testing remained 

inconsistent. Table 1 summarizes the dominant patterns. 
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Table 1. Comparative overview of AI applications across the three chronic disease domains. 

Domain 
Dominant data 

modalities 
High-value AI tasks 

Representative 

algorithm families 

Current translational 

constraint 

Diabetes 

EHR/labs; CGM; 

retinal images; 

treatment history 

Risk prediction; 

hypoglycemia 

forecasting; 

complication 

prediction; automated 

insulin delivery 

Gradient boosting; 

random forest; 

temporal DL; control 

algorithms 

Generalizability of 

complication models; 

false alarms; device 

interoperability 

Cardiovascular 

disease 

EHR; ECG; 

echocardiography; 

SPECT/CT; wearables 

ASCVD risk; AF 

detection; LV 

dysfunction; CAD 

stratification; workflow 

support 

Survival ML; 

CNN/DL; ensemble 

ECG models; image 

AI 

Calibration and external 

validation; workflow 

integration; subgroup 

fairness 

Cancer 

Radiology; whole-slide 

pathology; clinical data; 

genomics/multi-omics 

Screening; diagnosis; 

malignancy 

classification; 

prognosis; treatment-

response stratification 

CNNs; multiple-

instance learning; 

multimodal fusion; 

survival DL 

Dataset shift; high risk 

of bias; dependence on 

curated datasets; limited 

prospective utility 

studies 

 

 

Figure 2. Comparative evidence-maturity matrix derived from the structured synthesis. Scores (1-5) summarize breadth of 

evidence, validation, prospective evaluation, and implementation maturity; they are not pooled effect sizes. 

3.2 Diabetes: Prediction, Continuous Monitoring, and Adaptive Management 

Diabetes had the clearest continuum from prediction to repeated management. A 2025 systematic review of 53 studies 

confirmed broad use of ML for diabetes prediction, while also highlighting variability in datasets, algorithms, training 

procedures, and evaluation [7]. For downstream complications, Kanbour et al. found that models predicting diabetic 

microvascular complications achieved a mean c-statistic of 0.79 on internal validation but 0.72 on external validation, illustrating 
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the typical performance drop when models move outside the development environment [9]. Diabetic kidney disease has been 

especially active, with systematic evidence supporting non-linear ML approaches while still emphasizing heterogeneity and the 

need for more rigorous external testing [10]. Retinal imaging extends the role of AI beyond retinopathy: a systematic review of 

AI applied to retinal images reported AUROCs ranging approximately from 0.676 to 0.971 for different diabetes-associated 

systemic outcomes and highlighted the shortage of longitudinal and randomized translational studies [14]. 

Management-oriented AI is more mature because the output can be linked directly to a repeated physiological signal. Reviews 

of AI-supported glycemic control describe predictive alarms, insulin-dosing support, and closed-loop control as core 

applications [8]. In a meta-analysis of AI-driven closed-loop systems involving 1,156 participants, closed-loop use reduced time 

outside the target glucose range relative to control, supporting a clinically meaningful role for algorithm-guided insulin delivery 

[12]. A network meta-analysis of 28 randomized trials of hybrid closed-loop systems likewise found significant improvement in 

time in range compared with less automated insulin strategies [11]. For short-horizon safety, a 2026 meta-analysis of CGM-

driven ML models for hypoglycemia reported pooled sensitivity of 80% and specificity of 89%; adding contextual inputs such 

as insulin, carbohydrate intake, and physical activity could improve prediction, but false-positive alerts remain a practical issue 

[13]. AI can also support disease heterogeneity: a random-forest model for type 2 diabetes subtyping retained 86.3% external 

validation accuracy and preserved clinically meaningful differences in long-term complication risk [16]. These results position 

diabetes as a domain where AI can move beyond static prediction toward adaptive management, provided that models remain 

calibrated and device outputs are clinically interpretable. 

Table 2. Representative AI evidence in diabetes. 

Clinical application 
Representative 

evidence 
Key result Interpretation 

General diabetes 

prediction 
Khokhar et al. [7] 53 studies reviewed 

Strong research activity; 

heterogeneous datasets and 

evaluation methods 

Microvascular 

complication prediction 
Kanbour et al. [9] 

Mean c-statistic 0.79 internal 

vs 0.72 external 

External validation reveals 

meaningful performance loss 

AI retinal screening for 

systemic complications 
Yang et al. [14] 

Reported AUROC range 

~0.676-0.971 across 

outcomes 

Retinal AI may support 

opportunistic systemic risk 

assessment 

AI-driven closed-loop 

management 
Wang et al. [12] 

Reduced time outside target 

range vs controls 

Demonstrates direct therapeutic-

management role 

CGM hypoglycemia 

forecasting 
Quader et al. [13] 

Sensitivity 80%; specificity 

89% 

Useful early-warning potential with 

false-positive trade-offs 

Type 2 diabetes 

subtyping 
Tanabe et al. [16] 

86.3% accuracy in external 

cohort 

Supports personalized phenotyping 

using routinely available variables 

 

3.3 Cardiovascular Disease: Multimodal Risk Stratification and Signal-Based AI 

CVD demonstrated the broadest use of routinely generated biosignals. Contemporary reviews describe AI as an extension of 

traditional risk estimation, especially when EHR variables are combined with ECG, imaging, genetics, or wearable data 

[17,18,23]. A 2024 systematic review of 33 time-to-event AI studies found frequent use of random survival forests, survival 

gradient boosting, penalized Cox models, and DeepSurv, but noted limited attention to social determinants and sex-stratified 

analysis [18]. A 2026 scoping review similarly found that only 7 of 30 prognostic CVD studies reported external validation and 

none reported calibration, showing that high discrimination alone has not solved the implementation problem [23]. 

AI-ECG illustrates the ability of DL to extract latent cardiovascular information from inexpensive tests. Attia et al. showed that 

an AI-enabled ECG could identify patients with atrial fibrillation despite sinus rhythm at the time of the tracing [19], and a 

related deep-learning ECG model identified left ventricular systolic dysfunction [20]. More recently, Awasthi et al. developed 
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large-scale ECG-AI models using data from more than seven million patients; models achieved AUROCs of 0.88 for high 

coronary calcium, 0.85 for obstructive CAD, and 0.94 for regional left ventricular akinesis, and the ensemble added risk 

information beyond pooled-cohort equations [21]. Imaging-based AI also shows promise: a meta-analysis of ML applied to 

SPECT in coronary disease found improved prognostic prediction in several studies, particularly when demographic data were 

combined with imaging [22]. Wearable AF detection is one of the most mature consumer-facing applications; a 2025 diagnostic 

meta-analysis of 26 studies and 17,349 patients reported overall sensitivity of 95%, specificity of 97%, and pooled AUC of 0.97 

[25]. Importantly, clinical workflow evidence is emerging. In a blinded randomized trial, AI-based initial LVEF assessment 

required substantial correction in 16.8% of studies versus 27.2% after sonographer initial assessment, supporting non-inferiority 

and superiority for the primary workflow endpoint [26]. A systematic review of cardiovascular AI randomized trials nevertheless 

identified only 11 RCTs, confirming that prospective outcome evidence remains limited relative to algorithm-development 

literature [24]. 

Table 3. Representative AI evidence in cardiovascular disease. 

Clinical application 
Representative 

evidence 
Key result Clinical significance 

Time-to-event CVD 

prediction 
Teshale et al. [18] 

33 studies; RSF/DeepSurv 

commonly used 

Survival-aware AI can model 

censored outcomes but needs 

stronger subgroup analysis 

AI-ECG for 

CAD/ASCVD risk 
Awasthi et al. [21] 

AUROC 0.88 CAC; 0.85 

obstructive CAD; 0.94 

akinesis 

Low-cost ECG can contain latent 

structural and coronary risk 

information 

SPECT prognosis Cicek et al. [22] 
12 retrospective studies; 

73,023 participants 

Imaging plus demographics may 

improve prognostic assessment 

Smartwatch AF 

detection 
Barrera et al. [25] 

Sensitivity 95%; specificity 

97%; AUC 0.97 

High diagnostic potential for 

scalable rhythm monitoring 

AI echocardiography 

workflow 
He et al. [26] 

Substantial LVEF correction 

16.8% AI vs 27.2% 

sonographer 

Prospective evidence that AI can 

improve measurement workflow 

Randomized 

cardiovascular AI 

evidence 

Barzilai et al. [24] 11 RCTs identified 

Clinical trial evidence is growing 

but remains small relative to model 

literature 

 

3.4 Cancer: Imaging, Digital Pathology, and Multi-Omics Precision Models 

Cancer differed from diabetes and CVD because its AI evidence is dominated by high-dimensional diagnostic data rather than 

continuous physiological monitoring. A comprehensive 2025 review across 19 cancer types found growing use of AI for 

susceptibility and risk prediction, particularly where complex multidimensional variables exceed the practical flexibility of 

conventional models [27]. In clinical imaging, the most persuasive signal is not autonomous AI replacing clinicians but AI 

assisting them. A 2025 systematic review of multi-reader, multi-case cancer radiology studies reported pooled sensitivity and 

specificity of 0.67 and 0.82 for clinicians alone compared with 0.79 and 0.87 when clinicians used AI assistance [28]. This pattern 

supports augmentation rather than substitution. Lung cancer provides a well-studied screening example: an earlier meta-analysis 

of 26 studies and 150,721 imaging instances reported pooled sensitivity of 94.6% and specificity of 93.6% for AI-based imaging, 

but rated the overall certainty of evidence as very low [31]. More recent evidence comparing externally validated lung-cancer 

risk models found pooled AUC 0.82 for AI-based models versus 0.73 for traditional regression, while emphasizing high risk of 

bias in both model families [32]. 

Digital pathology is similarly promising but methodologically vulnerable. A systematic review of whole-slide image studies 

described AI as a potentially valuable diagnostic support tool while highlighting the complexity of whole-slide processing and 

real-world integration [29]. A 2024 meta-analysis across digital pathology applications reported mean sensitivity of 96.3% and 
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specificity of 93.3%, yet 99% of included studies had at least one high or unclear risk-of-bias or applicability domain [30]. 

Beyond images, precision oncology is increasingly multimodal. Reviews of multi-omics ML describe integration of genomics, 

transcriptomics, proteomics, metabolomics, and clinical data for patient stratification and treatment-oriented research [33,34]. 

In a 2026 systematic review of 48 multimodal cancer-prognosis studies combining pathology and high-throughput omics, 

reported concordance indices ranged from 0.550 to 0.857; most multimodal models outperformed unimodal comparators, but 

all studies had high or unclear risk of bias and all relied on The Cancer Genome Atlas, limiting claims of generalizability [35]. 

Current cancer AI therefore has substantial diagnostic and prognostic potential but requires more independent, multi-

institutional prospective validation before routine autonomous use [36]. 

Table 4. Representative AI evidence in cancer. 

Clinical application 
Representative 

evidence 
Key result Clinical interpretation 

Cross-cancer risk 

prediction 
Felici et al. [27] 

AI reviewed across 19 cancer 

types 

Potential advantage for nonlinear, 

multidimensional risk profiles 

AI-assisted radiology Zhao et al. [28] 

Clinician sensitivity 

0.67→0.79; specificity 

0.82→0.87 with AI 

Best-supported role is clinician 

augmentation 

Digital pathology McGenity et al. [30] 
Mean sensitivity 96.3%; 

specificity 93.3% 

High reported accuracy but 

widespread risk-of-bias concerns 

Lung cancer screening 

imaging 
Thong et al. [31] 

Sensitivity 94.6%; specificity 

93.6% 

Promising screening support; 

certainty of evidence very low 

Lung cancer risk models Leonard et al. [32] 

Externally validated pooled 

AUC 0.82 AI vs 0.73 

regression 

AI may improve discrimination, 

especially with LDCT features 

Multimodal prognosis Jennings et al. [35] 
C-index range 0.550-0.857; 

multimodal often better 

Multi-omics/pathology fusion is 

promising but highly dataset 

dependent 

 

3.5 Comparative Synthesis of Prediction and Management Maturity 

The structured evidence-maturity matrix (Figure 2) indicated that the most mature AI use case was not identical across diseases. 

Diabetes scored highest for continuous monitoring and management because CGM and closed-loop insulin delivery create a 

feedback loop in which predictions can be translated directly into treatment adjustment [8,11-13]. CVD scored highest for risk 

prediction and imaging/biosignal AI because ECG, echocardiography, nuclear imaging, and wearables generate large 

standardized data streams with clinically established endpoints [19-26]. Cancer scored highest for imaging/pathology and 

multimodal/omics integration because clinical interpretation increasingly depends on complex image features and molecular 

heterogeneity [28-36]. The architecture underlying these applications is nevertheless similar: clinical data are transformed 

through feature extraction or learned representations, combined when appropriate, and converted into a risk, detection, 

forecast, or management output (Figure 3). 

Across all domains, the gap between technical performance and deployable clinical utility was explained by five recurring factors. 

First, external validation commonly reduced performance or remained absent. Second, calibration was frequently under-

reported, particularly in risk models. Third, retrospective single-center datasets remained common in image and omics research. 

Fourth, explainability methods were inconsistently evaluated for clinical reliability. Fifth, prospective evidence linking AI to 

patient outcomes or durable workflow benefit was much smaller than the volume of algorithm-development literature. These 

observations support a disease-specific implementation strategy in which the AI task, data source, clinical action, and validation 

pathway are designed together rather than treating model accuracy as the endpoint. 
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Table 5. Comparative maturity and deployment priorities derived from the structured synthesis. 

Dimension Diabetes 
Cardiovascular 

disease 
Cancer Priority for future translation 

Risk prediction 4/5 5/5 4/5 
External validation, calibration, 

diverse populations 

Continuous monitoring 

/ management 
5/5 4/5 3/5 

Prospective utility, alert burden, 

treatment-action safety 

Imaging / biosignal AI 4/5 5/5 5/5 
Independent testing, reader-assistance 

studies, workflow integration 

Multimodal / omics 

integration 
3/5 3/5 5/5 

Data harmonization, missingness 

handling, external multi-site cohorts 

Prospective clinical 

integration 
4/5 4/5 3/5 

Randomized/pragmatic trials and 

post-deployment monitoring 

 

 

Figure 3. Cross-disease architecture of AI-enabled chronic disease care. The same computational pipeline supports different 

clinical endpoints depending on disease-specific data and actionability. 

4. DISCUSSION 

4.1 Why AI Matures Differently Across the Three Diseases 

The comparison indicates that AI maturity is largely determined by the relationship between data frequency, endpoint clarity, 

and actionability. Diabetes produces dense longitudinal glucose data and has a measurable short-term physiological target; 

therefore, prediction can be linked directly to insulin delivery or behavioral action. This explains why automated management 

has advanced more rapidly than many complication-prediction models. CVD has a different advantage: highly standardized 

physiological signals such as 12-lead ECG and widely used imaging modalities. DL can extract latent patterns from these data 

at scale, enabling risk stratification from tests already embedded in routine care. Cancer presents a richer but more fragmented 

environment. Imaging and pathology are information dense, and tumor biology is inherently multimodal, but labels can be 

complex, molecular testing varies, treatment pathways differ by tumor type and stage, and prospective outcomes often require 
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long follow-up. Consequently, cancer AI can show excellent retrospective diagnostic accuracy while still facing a larger 

implementation gap. The central implication is that AI should be evaluated according to the clinical action it enables, not 

according to algorithm class alone. 

4.2 Prediction Performance Is Not Equivalent to Clinical Benefit 

A consistent finding across the literature is that high discrimination can coexist with weak evidence of clinical benefit. In 

diabetes, complication models often perform less well on external data than internal data [9]. In CVD, a recent scoping review 

found limited external validation and essentially absent calibration reporting among prognostic studies [23]. In cancer pathology, 

high mean sensitivity and specificity coexist with widespread high or unclear risk-of-bias domains [30]. These examples show 

why apparent accuracy can overstate readiness. A prediction model may identify rank order correctly but misestimate absolute 

risk, perform differently in a new hospital, or fail when acquisition protocols change. Clinical value also depends on whether 

the prediction changes management in a way that benefits the patient. AI-assisted radiology is illustrative: the key outcome is 

not that an algorithm is accurate in isolation, but whether clinicians assisted by AI perform better, work more efficiently, or 

make safer decisions [28]. Similarly, the randomized echocardiography trial demonstrates a workflow endpoint that is more 

directly relevant to implementation than retrospective image-classification accuracy [26]. 

4.3 Multimodal AI, Explainability, and Human-AI Collaboration 

Multimodal AI is a major convergent direction. In diabetes, integrating CGM with insulin, carbohydrate intake, activity, retinal 

imaging, and clinical factors may improve forecasting and complication assessment [13-15]. CVD models can combine EHR 

variables, ECG, imaging, and wearable streams. Cancer offers the clearest rationale for multimodality because morphology, 

genomics, transcriptomics, and clinical context represent different layers of the same biological process [33-36]. Nevertheless, 

multimodal models increase the risk of overfitting, missing-data bias, and deployment complexity. Explainability can help 

clinicians interrogate model outputs, but explanation methods should not be treated as proof of validity. Ghassemi et al. 

cautioned that current XAI methods may provide false reassurance when used as a substitute for rigorous validation [5], whereas 

broader surveys emphasize that explanation requirements must be matched to the clinical purpose [6]. The most defensible 

near-term model is therefore human-AI collaboration: AI performs high-throughput pattern recognition, while clinicians 

integrate context, patient preferences, competing risks, and consequences of action. 

4.4 Data Governance, Fairness, and Generalizability 

Chronic-disease AI depends on data that are longitudinal, sensitive, and often institution specific. Diabetes wearables reveal 

daily behavior and physiology; CVD data include ECG and imaging fingerprints; cancer data may include genomic information 

with lifelong privacy implications. Governance must therefore address consent, access control, cybersecurity, auditability, and 

secondary use. Fairness is equally important. If development datasets underrepresent certain age groups, sexes, ethnicities, 

socioeconomic groups, or health systems, the model may amplify existing disparities. The CVD time-to-event review identified 

limited inclusion of social determinants and sex-stratified analyses [18], while TRIPOD+AI explicitly incorporates fairness and 

subgroup-performance considerations [3]. For cancer and diabetes, geographic and institutional variation in imaging equipment, 

laboratory practice, and care pathways can produce dataset shift. External validation should therefore be geographically and 

operationally independent whenever possible. Prospective monitoring is also required after deployment because clinical 

populations, devices, coding systems, and treatment standards change over time. 

4.5 Implications for Research and Clinical Implementation 

Future work should move from retrospective demonstration toward clinically governed implementation. Prediction studies 

should prespecify the intended decision, report discrimination and calibration, provide uncertainty intervals, and test 

performance in clinically relevant subgroups. Diagnostic AI should be evaluated in reader-assistance designs or prospective 

pathways rather than solely against retrospective labels. Management systems require safety constraints, fail-safe logic, human 

override, and monitoring for alert fatigue or automation bias. Multimodal cancer models need independent external cohorts 

beyond heavily reused research repositories. Diabetes complication models should demonstrate transportability across 

populations and health systems. CVD models should more consistently include calibration, decision-curve analysis, and 

comparison with established risk scores. Across all domains, AI-specific reporting standards such as TRIPOD+AI and 

CONSORT-AI can improve reproducibility [3,4]. The evidence also supports continuous post-deployment evaluation: AI 

performance should be treated as a monitored clinical property rather than a one-time certification event. 
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4.6 Strengths and Limitations of the Present Analysis 

A strength of this study is its direct comparison of three major chronic disease domains using a common clinical framework 

while avoiding inappropriate pooling of fundamentally different metrics. The synthesis emphasizes recent evidence, prospective 

and randomized studies where available, and clinically interpretable limitations. It also explicitly excludes in vivo and animal 

research, maintaining focus on human clinical translation. Several limitations should be acknowledged. The work is a structured 

comparative synthesis rather than an exhaustive systematic review across every bibliographic database, and publication selection 

therefore reflects the chosen clinical scope. The 36 core references are representative rather than comprehensive. The evidence-

maturity scores are ordinal interpretive summaries and should not be treated as quantitative meta-analytic estimates. Some 

source studies and reviews include overlapping primary cohorts, particularly in imaging and widely used public datasets. Finally, 

rapid evolution of AI means that regulatory clearances, model architectures, and clinical trial evidence may change after the 

September 2026 search cutoff. 

5. CONCLUSIONS 

AI is reshaping chronic-disease care, but its most credible use differs by disease context. In diabetes, the strongest clinical 

pathway links continuous data to forecasting and adaptive management, particularly CGM and automated insulin delivery. In 

CVD, AI is especially powerful for extracting latent information from ECG, imaging, and wearables and for augmenting 

conventional risk stratification. In cancer, AI provides major opportunities in radiology, digital pathology, and multi-omics 

integration, yet the heterogeneity of tumors and datasets makes generalizability a central challenge. Across all three domains, 

technical performance should not be equated with clinical readiness. Robust external validation, calibration, prospective 

evaluation, subgroup fairness, transparent reporting, data governance, and post-deployment surveillance are essential. The most 

defensible near-term model is not autonomous replacement of clinicians but carefully designed human-AI collaboration in 

which algorithms improve pattern recognition and forecasting while clinicians retain responsibility for contextual interpretation 

and shared decision-making. Future research should prioritize multicenter external validation, pragmatic clinical trials, 

interoperable multimodal data standards, and explicit measurement of patient-important outcomes. These steps can shift 

chronic-disease AI from high-performing prototypes toward dependable, equitable, and clinically useful systems. 
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