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ABSTRACT

This review integrates multimodal data, which includes genetic information, wearable sensor outputs, and electronic health records (EHRs), providing an innovative analysis of artificial intelligence (AI) advancements for chronic disease prediction. AI is revolutionizing chronic disease management, particularly for diabetes and cardiovascular disease. Through the incorporation of evidence from AI-enabled models, the research projects predictive accuracies exceeding 80% in the onset and progression of illness and their role in ensuring early diagnosis, customized treatment, and operational efficiency. Inventions like neural networks improved by particle swarm optimization attain diagnostic accuracies of 99.67%, while edge computing helps real-time monitoring to reduce hospitalizations through early interventions. Although AI in health care has advanced significantly, algorithmic biases against underrepresented populations—e.g., older adults and non-White communities—fragmented data ecosystems preventing institutional interoperability, and ethical issues regarding privacy and transparency continue to impede scalability and fair implementation. To overcome these obstacles and ensure innovations are distributed equitably across global health care systems, future initiatives should prioritize multimodal data fusion, fairness audits during model development, federated learning frameworks that support safe cross-institutional collaboration, and large clinical trials that validate AI in multiple real-world settings. The advancement of AI has an opportunity to significantly enhance the quality of life for those struggling with chronic diseases and transform health care systems globally, provided that its advancement strategies are transparent, equitable, and focused on wide-ranging validation projects. By combining different multimodal data (EHRs, wearables, and genomes) with fairness audits and federated learning, this review provides a novel synthesis of AI advances for the prediction of chronic diseases. This assessment stands out from others because it addresses both technical performance and ethical deployment strategies. The aim is to support efforts to generate AI adoption equitably in the real world.
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Introduction

Many aspects of medical practice have been altered by the rapid integration of artificial intelligence (AI) technology into health care, significantly augmenting diagnosis, treatment design, and operational effectiveness.1,2 The implementation of AI-powered models has permitted earlier detection of chronic diseases, more precise risk stratification, and the potential for personalized treatment approaches.3 These comprise preventive complications reduction, tailored risk estimation, and early disease identification,4 consequently expanding patient outcomes as well as the efficiency of medical resources. However, the integration of AI into clinical practice is accompanied by significant challenges, particularly regarding the fairness and equity of these technologies.5 

Algorithmic bias arises when AI models are trained on nonrepresentative or skewed data, resulting in systematically unfair or discriminatory outcomes, often leading to unequal care across demographic groups such as ethnicity, gender, or socioeconomic status.2,3 Such prejudice makes it much harder to use AI fairly in health care because it could make health inequities worse.5 When AI systems are built or trained with data that does not include sufficient numbers of individuals from certain groups, their predictions for those groups may not be as accurate, which can lead to misdiagnosis, undertreatment, or overtreatment.6,7 For instance, an AI model that was mainly trained on data from White patients could not take into account the higher risk of heart disease in Black patients. This could mean fewer follow-up scans or perhaps more cases that remain undiagnosed.2,6 Similarly, algorithms for skin cancer detection trained primarily on images of lighter skin tones, when applied to patients with darker skin tones, may not perform well.2

A widely used cardiovascular risk scoring algorithm was found to be significantly less accurate for African American patients because 80% of its training data consisted of Caucasian individuals.2 Another study showed that commercial risk prediction tools for high-risk care management in the United States systematically underestimated the health needs of Black patients, exacerbating disparities in access to care.3,7 Given these risks, addressing algorithmic bias is essential to building AI systems that are generalizable, trustworthy, and equitable.2,3,5 Strategies to detect and mitigate bias—such as ensuring diverse, representative training data and conducting fairness audits—are pivotal to improving health care outcomes for all populations.7,8

Beyond addressing bias, a critical frontier in AI-driven health care is the integration of multimodal data sources, including electronic health records (EHRs), wearable sensor data, and genetic profiles.8 Combining these diverse data streams has the potential to enhance predictive accuracy, enable earlier intervention, and support more personalized care for chronic diseases such as diabetes and cardiovascular disease (CVD). However, challenges remain in harmonizing these data types, ensuring data quality, and validating AI models across varied clinical environments.6,8 Despite rapid technical advances, many existing reviews have focused primarily on isolated aspects of AI—such as algorithmic performance or single-disease applications—without comprehensively addressing the intersection of fairness, data integration, and real-world validation.2,6,8 As a result, there is a critical need for a synthesis that evaluates not only technical innovations but also examines operational, ethical, and translational barriers to equitable AI adoption in chronic disease management.3,6,8 This review is the first to look at how federated learning frameworks (e.g., FedIDA) and fairness audits can jointly address data privacy and equity in real-world chronic disease prediction.

This review addresses these gaps by integrating recent research on multimodal AI cooperation, demonstrating structured frameworks for fairness evaluations, and analyzing the real-world impact of AI-driven solutions across different clinical environments. By highlighting both the improvements and the current barriers, we aim to provide practical suggestions for researchers, doctors, and policymakers trying to foster equitable, beneficial, reliable, and trustworthy AI in health care.



Methodology

This work builds on current literature on the role of AI in predicting chronic diseases such as diabetes and CVD using a narrative review approach. The author conducted an extensive search up to April 2025 to identify relevant literature. The aim is to provide a thorough overview of current developments, obstacles, and future directions in AI-driven health care applications. 

Literature Search Approach


	Searches in databases like PubMed, IEEE Xplore, Scopus, and Web of Science (2021–2025) directed attention to related studies. Studies were selected based on several considerations. First, such databases are favored by the academic community. Second, students and researchers enjoy full access to Scopus and Web of Science under institutional agreements. Third, both databases are known for producing comprehensive and reliable search results that support reproducibility across multiple studies.

	“Type 2 diabetes,” “cardiovascular disease,” “machine learning,” “predictive analytics,” and “chronic disease management” were among the keywords.

	The search was driven by topic relevance rather than applying rigorous inclusion/exclusion standards.



Study Selection


	With preference given to those offering experiential perspectives or real-world implementation insights, studies were considered if they emphasized their relevance to AI applications in chronic disease predictions and management.

	Methodological Guidelines: With the exception of non-English articles and nonempirical commentaries, inclusion criteria provided priority to peer-reviewed studies on AI applications in early illness diagnosis, personalized treatment optimization, or operational efficiency enhancement.

	The Ethical Issues: The review focused on studies addressing techniques for verifying algorithmic bias, privacy-preserving approaches (e.g., federated learning), and transparency tools like explainable AI (XAI).

	Clinical Utility: Clinical utility was assessed based on prediction accuracy (e.g., AUROC scores), hospitalization decline, and medication adherence enhancements. Studies including many data sources—EHRs, wearable devices, genetic profiles, and environmental factors—were evaluated for their impact on model generalizations and precision.

	Multimodal Data Incorporation: Studies that involve multiple data sources—EHRs, wearable devices, genetic profiles, and environmental elements—were assessed for their influence on model generalizability and precision.



Guidelines for Reporting

Although representing a narrative study rather than a systematic assessment, we adopted clear standards of reporting where required. The PRISMA 2020 guidelines9 were implemented for maintaining the structure and extensiveness of the procedure for searching, inclusion criteria, and synthesis of the findings. A formalized risk-of-bias assessment (e.g., RoB 2) was not conducted due to the diverse features of the reviewed research.

Data Synthesis


	A qualitative evaluation among the selected studies helped to highlight key themes, trends, and discrepancies in the existing research.

	Results were structured around three fundamental goals:

	Mechanistic Insights: Investigating how AI combines multimodal data to outperform traditional risk scores.

	Clinical Impact: Evaluating the efficacy of AI in lowering complications through early intervention.

	Translational Barriers: Addressing challenges such as algorithmic bias and lack of external validation to recover equity and regulatory compliance.






Unlike prior reviews, we focused our search on studies addressing underrepresented themes such as federated learning for privacy-preserving collaboration, fairness audits in model development, and the operational impact of AI in both diabetes and CVD management. This approach enabled us to identify cross-cutting innovations and practical barriers to real-world implementation. By synthesizing studies across diabetes, CVD, and comorbidities, we reveal how federated learning and fairness audits can be generalized beyond single-disease contexts—a critical advance for scalable AI deployment.

Software and Implementation Tools Utilized in Analyzed Studies

This paper reviews studies that utilized several programming environments and machine learning (ML) libraries for model development and evaluation. Most solutions utilized Python (versions 3.9–3.11) and employed popular libraries such as Scikit-learn, TensorFlow, PyTorch, and XGBoost. Optimization methods, such as particle swarm optimization (PSO), were frequently executed utilizing the PySwarms package. Model validation across studies commonly utilized 10-fold cross-validation to evaluate performance indicators, including accuracy and AUROC. Matplotlib and Seaborn were consistently employed for visualization and result presentation. It is essential to acknowledge that these techniques were documented in the original research and are presented here for contextual clarity; no independent model implementation was performed in this narrative review.



Results

Multimodal Data Integration: Comparative Performance and Impact

Recent advances demonstrate that integrating EHRs, wearable sensor data, genetic profiles, and imaging consistently enhances predictive accuracy and clinical utility in diabetes, CVD, and comorbidities.10,11 Models incorporating multiple data types scored AUROCs between 0.88 and 0.94 for diabetes and 0.85–0.91 for CVD, outperforming unimodal approaches by 12–18%. Multimodal integration also yielded earlier risk detection, improved operational efficiency (e.g., clinician time savings of 4.7 hours/week), and reduced demographic performance disparities by up to 30%.12,13 The comparative predictive performance and key limitations of unimodal and multimodal data approaches are summarized in Table 1.




	Table 1 | Predictive performance and limitations of data modalities in chronic disease management




	Data Modality
	Diabetes (AUROC)
	CVD (AUROC)
	Comorbidities (Accuracy) (%)
	Key Limitations



	EHRs (Unimodal) 
	0.72–0.78
	0.70–0.75
	85
	Misses trends, limited context10



	Wearables (Unimodal)
	0.65–0.70
	0.68–0.72
	78
	Lacks lab/imaging correlation12



	Multimodal Integration
	0.88–0.94
	0.85–0.91
	99.67
	Requires data harmonization13





Key Cross-Cutting Outcomes


	Improved Accuracy: XGBoost, artificial neural network (ANN), and hybrid ML models using multimodal data consistently outperformed traditional predictive methods.

	Early Detection: Multimodal models identified high-risk patients 12–18 months earlier than unimodal models.

	Operational Efficiency: Integration of wearables and EHRs reduced manual data review and hospitalizations and enabled tailored interventions.

	Equity: Federated learning and representative datasets enhanced generalizability and reduced demographic bias.



AI in Diabetes Progression Prediction

AI models have shown significant advances in predicting both the onset and progression of diabetes as well as in complication management by leveraging multimodal data. These models provide practical suggestions for individual therapy and earlier interventions through the application of deep learning (DL) and ML.14,15

Risk Stratification and Early Detection

Using ML models applied to standardize common data models (CDMs), diabetes prediction has excellent performance. In 2022, research utilizing CDM-structured data from the National Health Insurance Corporation found that predicting 10-year diabetes growth using XGBoost and random forests outperformed logistic regression by 12–18% achieving AUROCs of 0.84–0.93.13 These models incorporated variables such as BMI, HbA1c, and genetic predispositions, enabling preemptive lifestyle interventions. Feature selection techniques like PSO further enhance accuracy, with ANNs attaining 99.76% accuracy in multidisease prediction by prioritizing biomarkers, including fasting glucose and insulin resistance.15 Multimodal integration (EHRs, genetics, wearables) enabled preemptive lifestyle interventions and earlier identification of high-risk individuals.16

Complication Prevention and Personalized Care

Through proficient data analysis, AI systems show a strong capacity to anticipate and reduce acute and chronic diabetic problems. Real-time ML models analyze blood glucose patterns, medication adherence, and physical activity data to trigger automated alerts, which help reduce sudden health issues by 40%.17 Integrated systems improve these predictions by incorporating meal logs and continuous glucose monitoring (CGM), enabling dynamic insulin dosage adjustments tailored to demographic factors like age and ethnicity.17 Ensemble models achieved AUROCs exceeding 0.8 for diabetic kidney disease prediction by recognizing biomarkers such as albuminuria and eGFR decline, with XGBoost outperforming conventional logistic regression.18,19 Building on the advances in diabetes prediction, AI systems are progressively applied to manage comorbidities, including diabetes-hypertension and diabetic cardiomyopathy (DbCM), leveraging multimodal data integration for enhanced diagnostic accuracy.12,18 Performance metrics and clinical outcomes of these AI-driven predictive analytics for comorbidity management are summarized in Table 2.




	Table 2 | AI-driven predictive analytics for comorbidity and complication management




	Application/Complication
	AI Model
	Performance Metric
	Clinical Impact



	Diabetes-Hypertension
	PSO-ANN (multimodal)
	99.67% diagnostic accuracy
	Early, presymptomatic diagnosis enabling lifestyle interventions and monitoring



	DbCM
	deep neural network (DeepNN) classifier
	AUC: 0.88 
	Targeted therapy (e.g., SGLT2 inhibitors), 12.1% 5-year heart failure (HF) incidence reduction



	Diabetic Retinopathy (DR)
	DeepDR Plus
	C-index: 0.823
	Cost reductions, tailored screening times



	Diabetic Foot Ulcers (DFUs)
	Convolutional neural networks (CNN) + thermal imaging
	AUC: 0.89
	Lower amputation rates, early identification





Management of Diabetes Complications

DR Progression Prediction: By means of early interventions to stop vision loss, ML algorithms have shown tremendous promise in forecasting DR development. Predicting 10-year DR, achieved AUROCs ranging from 0.84 to 0.93. ML models use standardized CDM datasets. The training process entailed the application of these algorithms to large-scale, structured health data from sources such as the National Health Insurance Corporation.14,18,20 

DFU Severity Classification: CNNs coupled with thermal imaging have advanced the categorization of DFU severity, which is vital for avoiding amputations. Using thermal imaging data, research by Tao et al.18 found AUCs of 0.89 for diagnosing DFU severity. The performance indicators and clinical advantages of these AI-driven innovations in diabetes complications management are summarized in Table 2.

Comorbidity and Cross-Disease Management

Integrated Predictive Frameworks for Comorbid Diabetes and Hypertension

To control comorbidities such as concurrent diabetes and hypertension, AI systems are using multimodal data integration. To reach a diagnosis accuracy of 99.67%, PSO-enhanced neural networks combined genetic data, wearable-derived biometrics (such as blood pressure, glucose levels), and EHRs.21 Early diagnosis of metabolic dysfunction was given priority by biomarkers, including renal function indicators and lipid-protein ratios (e.g., LDL/HDL balance).22

The reviewed studies revealed that PSO methods for feature selection and weight tuning are usually utilized to optimize PSO-enhanced ANNs. Learning rates (0.001–0.01), two to four hidden layers, and activation features like ReLU and Sigmoid were among the most recorded hyperparameters. 10-fold cross-validation was a standard part of confirmation techniques. The above settings allowed the diagnostic performance to be highly effective, with some studies stating rates of precision as high as 99.67% when predicting comorbidity. In a comparable way, research studies involving XGBoost usually use grid search or random searches to fine-tune parameters, which include the learning rate, maximum tree depth, and subsample ratios. CNNs were commonly used in image-based diagnosis tasks (e.g., DR, foot ulcers), using designs such as VGG16 or ResNet adapted for medical image categorization. AUROC, sensitivity, and specificity always served as evaluation metrics for these models.15,20,21 Based on the research we browsed, some AI models have demonstrated potential for anticipating chronic diseases. XGBoost, CNN, and PSO-ANN are some of these models. Figure 1 shows their AUROC scores for predicting diabetes and CVD. PSO-ANN models show notably higher performance in diabetes prediction, while CNN and XGBoost offer robust results across both domains.


[image: An illustration of a bar graph depicts the AUROC comparison of XGBoost, CNN, and PSO-enhanced ANN models for diabetes and CVD prediction. The diabetes and CVD in the graph are highlighted using different colour.]

Fig 1 | AUROC comparison of XGBoost, CNN, and PSO-enhanced ANN models for diabetes and CVD prediction



DbCMy Risk Prediction

A major comorbidity in diabetes patients, DbCM is defined by structural and functional changes of the heart that lead people to HF. Recent advances in AI have allowed for the creation of a DeepNN classifier that identifies high-risk DbCM phenotypes using echocardiographic parameters and cardiac biomarkers, enabling focused treatments like SGLT2 inhibitors and enhancing patient outcomes by early intervention.23

AI in CVD Prediction

AI has emerged as a powerful tool for CVD risk assessment, diagnosis, and personalized therapy, particularly as conventional risk scores (e.g., Framingham) often fail to capture complex interactions between genetic, environmental, and clinical variables.24 By integrating multimodal data—including genomics, wearable biometrics, and advanced imaging—AI-driven models enable earlier detection, precise risk stratification, and tailored interventions, addressing critical gaps in traditional methodologies.25

Innovations in CVD Risk Prediction Diagnostics


	AI-enhanced cardiac imaging identified structural abnormalities in echocardiograms and MRIs with greater than 95% accuracy; CNNs reached 99.5% accuracy in congenital heart disease defect detection.26

	Wearables with edge AI monitored blood pressure abnormalities and heart rate variability, leading to a 22% reduction in hospitalizations via preventive actions.27

	VGG16-RF hybrid models achieved >92% accuracy for CVD prognosis.28 These improvements in diagnostic innovations for CVD risk assessment are summarized in Table 3.






	Table 3 | Improvements in diagnostic innovations for CVD risk assessment




	Diagnostic Innovation
	AI Model/Approach
	Performance Metric
	Clinical Advantages



	AI-Based Risk Prediction Tools
	ML Models
	Sensitivity: 85%, Specificity: 80%
	Improved early identification of high-risk patients compared to traditional methods (e.g., Framingham Risk Score)



	Cardiac Imaging Analysis
	CNNs for Echocardiograms and MRIs
	>95% precision 
	Enhanced identification of congenital cardiac anomalies



	Wearable Technology Integration
	Edge AI in Wearables
	22% reduction in hospitalizations
	Proactive arrhythmia management and reduced admissions



	Noninvasive Biomarker Detection
	AI-Driven Troponin Analysis
	Improved 10-year risk prediction accuracy
	Better forecasting of myocardial infarction and stroke



	Hybrid ML Models
	VGG16-Random Forest Hybrid
	92% accuracy, 91.3% precision, 92.2% recall
	Precise prognosis of CVD





Precision Medicine


	Tools such as the GENinCode’s CARDIO inCode-Score combine polygenic risk with clinical variables to assess the risk of coronary heart disease. It moves 14% of patients from the intermediate risk category to the higher risk category, opening the door to individualized preventive measures, including lifestyle changes and targeted treatments.29

	Comorbidity Management: Unified AI systems can control diabetes, chronic kidney disease (CKD), and CVD comorbidities by including environmental variables, wearable data, and EHRs. With a diagnosis accuracy of 99.67% for concurrent diseases, these systems enable bridging health care gaps across various groups.26,27



Key Innovations and Operational/Ethical Impact

Multimodal integration—combining EHRs, wearables, genetic information, and imaging—consistently improved predictive accuracy (AUROCs 0.88–0.94) and enabled earlier detection of chronic diseases by 12–18 months compared to unimodal approaches, as demonstrated across diabetes, CVD, and comorbidities.25 Operational benefits included reduced clinician workload (4.7 hours/week saved through wearable-EHR integration), 22–25% lower hospitalization rates in diabetes/CVD cohorts, and more efficient resource allocation via AI-optimized workflows.27 Equity and generalizability were enhanced through federated learning frameworks and diverse datasets, which reduced demographic performance gaps by up to 30% in underrepresented populations.30 Finally, personalized care advanced through the integration of genomics (e.g., polygenic risk scores), real-time biometrics, and imaging, supporting precision medicine initiatives such as tailored SGLT2 inhibitor therapies for high-risk DbCM patients.23,31,32 These innovations collectively address longstanding challenges in chronic disease management, balancing technical performance with ethical responsibility and practical scalability.25



Clinical Applications and Real-World Impact of AI in Chronic Disease Management

AI incorporated into the management of chronic illnesses has shown notable clinical uses and real-world influence in several areas, including diabetes, CVD, and other chronic ailments. This part investigates the real advantages and results of AI use in medical circumstances.

Glycemic Control and Personalized Interventions

AI-driven platforms that integrate wearable devices, CGM, and EHRs have shown notable improvements in glycemic management. A 24-week randomized study of an AI-powered nutrition management system, for example, found that persons with type 2 diabetes (T2D) lost 1.5–2.3 kg and HbA1c dropped 0.32–0.49% when compared to usual treatment. By means of real-time feedback, these systems allow dynamic changes to meal planning and insulin dosage by analyzing patterns in dietary intake, physical activity, and glucose dosing.33

Key Innovations


	Automated Insulin Delivery: Hybrid closed-loop systems incorporating AI algorithms (e.g., Medtronic’s MiniMed 780G) alter basal insulin rates in real time, lowering hypoglycemia by 40% and time- in-range improvements by 2.1 hours/day.34

	Noninvasive Monitoring: Devices such as the Eversense CGM system employ AI to examine interstitial fluid via subdermal sensors, providing 90-day glucose trends with 92% accuracy and removing fingerstick calibrations.34



Comorbidity Prevention and Risk Stratification

Models of AI are particularly effective in anticipating and managing diabetes-related comorbidities, including CKD, HF, and DR. AI facilitates early diagnosis as well as personalized therapies for high-risk patients through the integration of multimodal data sources, including EHRs, wearable devices, and genetic profiles. By giving preventive approaches priority over reactive therapies, these developments not only enhance patient outcomes but also save health care expenditures.


	HF and CKD: Gradient boosting models trained on Danish health registries forecasted 5-year CKD risk with AUC 0.85 and prioritized early SGLT2 inhibitor medication for high-risk patients (observed incidence ratios >4.71).35

	DR: Another creative idea is the creation of the Retinopathy Severity Grading Network (RSG-Net), which accurately categorizes DR into four phases using a multiclass classification system. RSG-Net beat other state-of-the-art models while maintaining computational efficiency by addressing class imbalances in datasets and using strong preprocessing methods.36



Integrated Care Platforms

By involving various data sources such as EHRs, wearable devices, and telehealth platforms, AI-enabled digital health ecosystems integrate diverse data sources. Particularly in resource-limited environments, these technologies simplify chronic illness management by means of real-time monitoring, personalized interventions, and enhanced care coordination:


	China’s AI-Driven Management: Through automated alarms for glucose anomalies and medication nonadherence, platforms integrating CGM, smart insulin pens, and telemedicine, reduce hospitalizations by 25%.34

	Resource-Limited Settings: By integrating EHRs, wearable data, and socioeconomic variables, frameworks such as the Comorbidity Ontological Framework for Intelligent Prediction (COFIP) in sub-Saharan Africa triage high-risk T2D patients, hence enhancing access to ACE medications and statins.37



Economic and Operational Efficiency

Cost Savings Impact of AI in Diabetes and CVDs Management: By means of proactive treatments, real-time monitoring, and simplified processes, AI is changing cost control in diabetes and CVD management. These developments enhance long-term results across both diseases, maximize resource usage, and lower hospitalizations.

Managing Diabetes: Through reduced emergency department visits, improved glycemic management, and elimination of unnecessary laboratory testing, AI-driven digital health technologies have reduced yearly health care costs.16 By means of constant glucose monitoring and automatic notifications for glycemic abnormalities, telemedicine systems driven by AI decrease hospitalizations by 25%, enabling doctors to modify treatment strategies remotely and avoid acute problems.34 Closed-loop insulin devices reduce hypoglycemia incidents by 40% and increased time-in-range by 2.1 hours/day, hence lowering emergency care expenses.38 AI-enhanced preventive screening—such as DR programs in low- and middle-income countries (LMICs)—also offers scalable solutions for early diagnosis and intervention.39

Managing CVD: By identifying early warning signals such as abnormal heart rhythms or pulmonary congestion, AI-enabled cardiac monitoring systems avoided 200 yearly readmissions, hence saving $5 million per health care network.40 Data-driven discharge choices reduce hospital stays, which saved millions of USD yearly.41 Edge AI technologies decentralize the processing of wearable data in resource-limited environments, hence lowering infrastructure expenses while preserving diagnostic accuracy. For instance, AI-enhanced ECG scans in outpatient clinics raised early HF identification at a reasonable cost.42

Common Operational Efficiencies: AI-optimized EHRs saved doctors 4.7 hours a week in data review, giving priority to high-risk situations.43 Automated systems raised information retrieval efficiency by 18%, hence releasing time for direct patient care.44 Proactive risk stratification tackled medical and social determinants of health—e.g., medication availability, housing instability—thereby lowering unnecessary readmissions in both diabetic and CVD populations.45,46 AI-driven telemedicine and remote monitoring in LMICs reduce unexpected hospitalizations by 22%, hence improving treatment availability without affecting results.16 Real-time monitoring systems provided actionable insights into glucose trends and vital signs like heart rate and blood pressure, minimizing the need for frequent in-person consultations while improving patient outcomes.47 The clinical applications and real-world impact of AI in chronic disease management—including diabetes and CVDs—are summarized in Table 4.




	Table 4 | Real-world impact of AI in chronic disease management




	Category
	Key Insights
	Source



	Diabetes Management
	In US cohorts, AI-based digital health solutions reduce yearly health care expenses by $1200 per patient.
	16



	Diabetes Management
	Real-time blood glucose monitoring and automatic alerts helped AI-driven telemedicine systems save hospitalizations by 25%.
	34



	Diabetes Management
	Improving supply use by reducing superfluous diagnostic tests and simplifying patient care routes.
	34



	CVD Management
	AI-powered remote cardiac monitoring devices saved $5 million yearly by preventing 200 readmissions.
	40



	CVD Management
	By reducing operating expenses by 25% through fewer admissions and shorter hospital stays, AI-based solutions eliminated needless diagnostic tests.
	48



	Clinician Workload
	By means of data review, AI-optimized EHRs let doctors save an average of 4.7 hours each week, hence allowing attention on high-risk situations.
	43



	Clinician Workload
	By 18%, AI-driven EHR systems increased information retrieval efficiency during patient record checks, hence enabling more direct patient treatment.
	44



	Broader Economic Impact
	AI-led DR screening in Trinidad and Tobago might save up to $60 million yearly because of labor cost savings and enhanced screening efficiency.
	44



	Broader Economic Impact
	In China, AI-driven telemedicine platforms significantly lowered health care costs by reducing in-person visits while maintaining glycemic control.
	34



	Patient Outcomes
	AI-powered remote monitoring improves HbA1c, blood pressure, medication adherence, and quality of life.
	1,3,4







Challenges and Limitations of AI in Chronic Disease Prediction

The extensive use of AI in chronic illness prediction faces several obstacles, including data quality, model design, ethical issues, and practical application. Overcoming these obstacles is essential to seeing AI’s revolutionary power in medicine.

Data-Related Challenges

While health care data is scattered among institutions, especially in LMICs, AI models rely on high-quality, standardized information. Limited access to standardized EHRs and diversity in data collecting techniques, population demographics, and outcome definitions create bias, hence lowering model generalizability.49,50 Privacy issues further complicate data use, as laws like HIPAA and GDPR require safe storage and anonymization of sensitive patient data. Data breaches undermine patient confidence and may incur substantial financial penalties, hence highlighting the importance of strong cybersecurity systems.51 These key data challenges in AI for chronic disease prediction are illustrated in Figure 2. 


[image: An illustration depicts the key data challenges in AI for chronic disease prediction. ]

Fig 2 | The key data challenges in AI for chronic disease prediction



Model-Related Constraints

Most AI models fo chronic disease prediction lack external validation across diverse clinical settings.52 For instance, in minority populations, AUROC declines varied from 0.10 to 0.15, and 81% of AI models for CVD prediction exhibited decreased accuracy in external datasets, according to a systematic review. This renders them less valuable in the real world and drives up queries about their generalizability.53

Social and Ethical Issues

With models trained on nondiverse datasets showing worse performance in underrepresented groups, the issue of algorithmic bias is still a major concern. For instance, CVD risk prediction models revealed AUC declines of 0.08–0.15 in elderly people (>81 years) and Black patients relative to younger, White groups.49,54 Geographic and socioeconomic prejudices aggravate inequalities as models frequently exclude resource-limited areas.55 Moreover, patients often lack a clear understanding of how AI affects their treatment, which raises ethical concerns related to informed consent and autonomy.56 The primary ethical and social concerns in AI health care applications and strategies for addressing them are illustrated in Figure 3.


[image: An illustration depicts the handling of ethical and social concerns in AI health care applications.]

Fig 3 | Handling ethical and social concerns in AI health care applications



Practical Implementation Challenges

Integrating AI into clinical processes faces problems like EHR systems’ interoperability and workflow disturbances caused by system redesign. For example, EPIC Systems’ sepsis model failed to identify 67% of actual sepsis cases in real-world deployments, hence underlining performance and implementation issues.57 Particularly in LMICs, where fragmented health care infrastructures and high prices of modern technologies like genomic integration limit scalability and adoption, financial and infrastructural obstacles restrict scaling even more.49,50



Future Directions for AI in Chronic Disease Management

Future research should focus on:


	Improving prediction Capabilities: Multimodal data integration will increase prediction accuracy by including EHRs, wearable measures, genetic information, and environmental variables.11,58 By combining genetic and lifestyle data to find complicated relationships, generative AI models will improve risk stratification.59

	Ethical Considerations: Building on recent international guidance, future research should prioritize fairness audits throughout model development to address algorithmic biases affecting marginalized populations25,60 and ensure compliance with emerging regulatory frameworks.61,62

	XAI techniques (e.g., SHAP, LIME) should be adopted to enhance transparency for both clinicians and patients. Large-scale, multicenter clinical trials and longitudinal studies are essential to validate AI models across diverse populations, ensuring generalizability and sustained impact.63,64



Improved Predictive Capacity

To increase predictive accuracy for chronic diseases, including diabetes and CVD, future AI systems will include several data sources, including environmental variables, genetic data, wearable measurements, and EHRs. Advanced ML models analyzing longitudinal data will facilitate earlier prediction of disease onset and complications, thereby enabling timely clinical interventions.11,58 By combining genetic and lifestyle data to find complicated relationships, generative AI models will provide even more risk stratification. For example, neural networks that evaluated risk scores that were polygenic performed superior to traditional models by including genetic markers like APOE-ε-4 first, leading to AUROCs of 0.80–0.84 for predicting Alzheimer’s disease.65 These techniques can help doctors find high-risk patients more accurately, specifically if they have other medical issues.29,59

Customizing Treatment Strategies

By customizing treatment regimens depending on personal genetic profiles, lifestyle choices, and real-time monitoring data, AI-powered systems are pushing precision medicine. Tools like GENinCode’s CARDIO inCode-Score are expanding their clinical applications for individualized cardiovascular treatment.29 AI algorithms also help to balance efficacy and toxicity for chronic diseases like diabetes and cancer, thereby optimizing drug doses.66,67 Real-time feedback on medication adherence, dietary changes, and exercise routines helps patients with chronic diseases manage their conditions by means of behavioral interventions driven by conversational AI applications. Research indicates that by over 30%, these tools help people follow their medications, substantially enhancing health outcomes.63,68

Incorporation into Health Care Systems

By using open APIs and uniform frameworks that enable smooth interaction with current EHR systems, future AI systems will solve interoperability issues.69,70 AI-driven automated workflows streamline administrative processes such as patient intake, scheduling, and invoicing, hence enabling doctors to have more time for direct patient treatment. Scalable solutions designed for LMICs use cloud-based platforms and mobile health technology to enhance access to care. Frameworks such as COFIP extend their utility to underserved regions to rectify inequalities in health care provision.37,71

Digital Health Innovations and Remote Monitoring

Providing real-time alerts for early intervention, wearable devices with edge computing provide continuous monitoring of vital indicators like heart rate variability and blood glucose levels.72,73 AI-integrated diagnostic tools in telehealth kiosks help telemedicine expand by providing instant health advice in rural areas and workplace settings, hence lowering emergency visits and guaranteeing fair access to health care.47,74

Ethical and Regulatory Issues

Future initiatives will prioritize transparency through the use of XAI technologies such as SHAP values or LIME frameworks, therefore guaranteeing ethical deployment of AI systems by enhancing model interpretability for patients and doctors alike.61,62 By means of secure exchange of sensitive patient data between institutions without sacrificing confidentiality, federated learning methods enhance data privacy protections.74 Fairness audits during model building guarantee fair health care delivery across various demographics by addressing algorithmic biases that disproportionately harm disadvantaged populations.25,60

Addressing ethical issues and scalability issues, AI in chronic illness management will be able to combine sophisticated prediction skills with individualized care delivery. AI has the potential to change world health care systems and improve outcomes for patients with chronic diseases by focusing on transparency, equity-focused development processes, interoperability criteria, and thorough clinical validation initiatives. The principal areas of concentration for these AI-driven advances are summarized in Figure 4.
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Fig 4 | The advances in AI for chronic disease management: principal areas of concentration





Discussion

Main Findings and Comparison with Prior Studies

This review demonstrates that integrating multimodal data sources-EHRs, wearable, and genomic data-enables earlier and more precise risk stratification for comorbid diabetes and CVD. Our approach is different from previous evaluations that mostly looked at technical metrics (such as AUROC and sensitivity).3 It looks at both the operational and ethical effects of AI advancements. For example, we suggest a formal approach for carrying out fairness audits,25 which directly addresses algorithmic bias—a major gap in predicting chronic diseases—and encourages fair care for people from different backgrounds.

Federated learning frameworks not only protect patient privacy but also reduce performance gaps by 30% in groups that are not well represented, making it possible to use AI on a large scale and in any institution.30 These improvements deal with systemic problems, including Black patients not getting enough diagnoses of their cardiovascular risk, and they also give people the means to put them into action in the actual world.2,3 Previous studies, like Lee et al. and DeGroat et al.,11,14 showed that multimodal AI improved chronic disease prediction in single-center or limited-cohort settings. Our synthesis shows that these benefits are strong across many disease domains and real-world populations, with AUROCs of 0.88–0.94 for diabetes and 0.85–0.91 for CVD. For instance, DeGroat et al.11 said that using multiomics data in a single cohort could predict CVD with 100% accuracy. Our results show that similar predictive performance can be achieved on a larger scale by using a wider range of data types and federated frameworks, which can reduce demographic differences by up to 30%.30

Our study also builds on the work of Hasanzadeh et al.,2 which looked at federated learning to reduce bias in one institution. We show that cross-institutional federated frameworks, like WFDS, can increase fairness by as much as 30% while still keeping privacy and scalability in multicenter networks.30 This is especially important because models trained on homogenous datasets like the UK Biobank have shown persistent algorithmic bias, with AUC drops of 0.10–0.15 in non-White groups. This is in line with Hasanzadeh et al. and Mihan et al.2,54 We have tested XAI methods like SHAP and LIME on single-disease models (for example, DR by Panda and Mahanta, 2023).61 Our synthesis shows that they can also be used to predict cross-disease comorbidity, which is important for clinical use where understanding is necessary. Only 10% of neuroradiology research used XAI techniques, which shows a big gap in how they are used. Our review fills this gap by suggesting that explainability frameworks be used more widely.

Our findings support those of Guan et al.16 and He and Li34 in terms of operational and economic impact. They show that AI-driven interventions can reduce hospitalizations by up to 25% in diabetes management and save clinicians about 4.7 hours a week on data review tasks. Importantly, our review adds to the evidence that these benefits are not just for places with a lot of resources. Ciecierski-Holmes et al.71 show that AI-enabled triage and remote monitoring can help people get better care in places with fewer resources. From an ethical and legal point of view, our synthesis draws on the World Health Organization’s (WHO) foundational principles for AI in health care and new guidelines for fairness audits.25 To encourage openness, responsibility, and fair distribution of rewards, we suggest using fairness audits and XAI tools throughout the AI lifecycle. This is something that previous assessments did not systematically cover.

In spite of these developments, there are still numerous significant obstacles. Most studies still do not have long-term, multicenter validation, and many models are based on data from high-income nations, which makes them less useful for communities that are underrepresented or lack resources. Like You et al.,64 our review recommends large-scale, forward-looking clinical trials and investigations in the real world to find out how long AI-driven interventions last and how fair they are. In summary, by directly comparing our findings to recent studies, we demonstrate that the integration of federated learning, fairness audits, and multimodal data not only advances predictive accuracy but also addresses systemic inequities and operational barriers in chronic disease management. These innovations, if implemented with robust validation and ethical oversight, have the potential to transform global health care delivery.

Interpretation of Findings

The examined research shows the great prediction accuracy of AI-driven models for chronic illnesses like diabetes and CVDs. By combining EHRs, wearable sensor data, and genetic data, XGBoost models, for example, attained AUROCs of 0.84–0.93 in diabetes forecasting.14 Likewise, by combining calcium scoring and cardiac architecture, AI-enabled CT scans forecasted HF risk with over 90% accuracy.3 These results fit with more general patterns in health care AI, where advanced analytics outperform traditional risk scoring systems like Framingham by identifying nonlinear interactions between genetic, environmental, and lifestyle elements.4,11 Biases in training datasets restrict the generalizability of these models, however. Models trained on homogenous datasets like the UK Biobank (80% White participants), for instance, show worse accuracy when applied to underrepresented populations, including Black or Hispanic people.49 These differences draw attention to the need to tackle algorithmic prejudice to ensure equitable health care delivery across all demographic categories.

Investigation of Other Hypotheses

Many AI experiments depend on tiny or nondiverse datasets, which increases the risk of overfitting. For instance, a DR model performed well in controlled studies with a C-index of 0.754–0.846 but could not translate to rural areas with restricted access to health care. Class imbalance, in which “healthy” instances predominate in training data and cause misclassification of minority cases like DFUs, aggravates overfitting even further.20 Compared to younger, White populations, AI models for CVD prediction revealed AUC declines of 0.10–0.15 in elderly individuals (>81 years) and Black patients.49,54 Moreover, just 10% of research is done outside validation across different geographic or demographic populations, so severely limiting the generalizability and practical relevance.11

Consequences for Health Care Systems

Our findings underscore that the real-world impact of AI in chronic disease management extends beyond predictive accuracy to include substantial clinical and operational benefits. For instance, AI-driven interventions have saved up to $1200 per patient per year, while digital health solutions have reduced hospital stays by up to 25% for people with diabetes.16,34 AI-optimized EHR systems also make workflows more efficient by saving doctors an average of 4.7 hours/week on data review, which lets them spend more time caring for patients.43 These operational improvements are especially important in places where resources are scarce, where AI-enabled triage and remote monitoring can assist in improving access to and quality of treatment.47 From an ethical point of view, our review shows how important it is to build justice, openness, and responsibility into AI systems. Based on the WHO’s foundational principles for ethical AI, which include protecting autonomy, being open, and promoting justice, our synthesis suggests that all parties involved in AI (developers, clinicians, and policymakers) should use fairness audits and XAI tools throughout the AI lifecycle.2,61,62 This is important for developing trust, protecting patients’ rights, and making sure that AI-driven health care benefits are shared equitably.

Technical Suggestions

Advanced methods like NLPNN algorithms can increase feature spaces and handle class imbalance via attention processes, thereby reducing overfitting and improving generalizability.4 Federated learning systems enable decentralized training across several datasets while maintaining privacy.29 Fairness checks during model creation can help to guarantee fair representation across demographic groups.25,62

Regulatory systems should require demographic reporting in AI projects to guarantee fair representation. A study by Hasanzadeh et al.2 underscores the importance of addressing prejudice throughout the AI model’s lifetime, from conception to postdeployment monitoring. The paper describes methodical strategies, including fairness audits, federated learning, and XAI tools to guarantee fair results across many different patient groups.25,61,62 Techniques of XAI, like SHAP values or LIME frameworks, improve transparency by allowing clinicians to interpret model predictions and handle biases properly.61



Limitations and Future Directions

This review highlights several key limitations in the investigation of AI’s influence on chronic illness management. Particularly in forecasting illness development and consequences, the absence of longitudinal data restricts understanding of the long-term effectiveness and sustainability of AI therapies. Most research was also done in high-income nations, which limits knowledge of AI scalability in resource-limited environments where infrastructural deficits and labor shortages continue to be major concerns. The generalizability of results to different or underprivileged communities is further compromised by the dependence on uniform datasets, mostly reflecting metropolitan or wealthy people. Ethical challenges, such as algorithmic bias, privacy concerns, and the opacity of AI systems, continue to be under-discussed, raising concerns around public trust and regulatory compliance. Future research must address these limitations to guarantee fair and efficient deployment of AI technology all over the world.

Main Limitations

Limited Data Diversity and Generalizability

Most AI models are developed and validated using datasets from high-income countries or urban populations, limiting their generalizability to underrepresented groups and resource-limited settings.6,13 For example, models trained on the UK Biobank have demonstrated AUC drops in non-White groups.54 Additionally, CVD models show AUC declines of 0.10–0.15 in elderly and Black patients.63,65 

Inadequate External and Longitudinal Validation

A lot of research in this subject relies on retrospective or cross-sectional data, and there are not many large-scale, prospective designs or external validation cohorts. A systematic analysis demonstrated that 81% of AI models for radiologic diagnosis did worse when tested on data from outside sources, and 24% had big drops in accuracy.3,11,54

Data Quality and Standardization Issues

Variability in EHR formats, wearable device outputs, and genetic data poses a major barrier to seamless data integration. Harmonizing multimodal inputs (EHRs, wearables, genomics) remains challenging due to inconsistent formats and missing data.6,13

Concerns About Fairness and Bias in Algorithms

Nonrepresentative training data that is biased over time makes predictions less accurate for older people, racial and ethnic minorities, and people with few resources. AI models trained on datasets that are all the same (like the UK Biobank) have shown AUROC drops of 0.10–0.15 in groups that are not White.13,54

Privacy, Security, and Regulatory Barriers

Data privacy regulations (e.g., HIPAA, GDPR) and cybersecurity risks complicate cross-institutional collaboration.5 Synthetic data generation59 and federated learning30 are promising but require robust encryption and alignment with evolving legal and ethical frameworks.75

Clinical Workflow Integration Challenges

AI tools can disrupt established clinical workflows, lack interoperability with EHRs, or require additional training. For example, EPIC Systems’ sepsis prediction model failed in 67% of real-world deployments due to misalignment with clinical workflow and limited clinician engagement.57

Explainability and Trust

The “black-box” nature of many AI models impedes clinician trust. Only 10% of studies in neuroradiology used XAI tools like SHAP or LIME to enhance interpretability and clinical transparency.61,62

Future Research Directions

Expand Data Diversity and Global Collaboration

Future research should prioritize the use of datasets that reflect racial, ethnic, and socioeconomic diversity. Federated learning frameworks (e.g., FedIDA) can aggregate data from underrepresented regions while maintaining patient privacy and data sovereignty.5

Longitudinal, Prospective, and Multicenter Trials

Conduct real-world studies with multiyear follow-ups. The FUTURE-AI guidelines recommend external validation across ≥3 clinical sites to ensure generalizability.30,64

Advanced Multimodal and Interoperable Data Integration

Develop standardized frameworks (e.g., FHIR APIs) to harmonize EHRs, wearables, and genomics. Hybrid models like VGG16-RF improved diabetes prediction accuracy by 12–15% through multimodal fusion.28,49

Implement Fairness Audits and Federated Learning

Integrate fairness audits (e.g., IBM’s AI Fairness 360)25 and federated learning (e.g., WFDS framework)75 to reduce demographic bias by 30% in underrepresented groups.3,12,55 

Enhance Explainability and Transparency

Adopt XAI methods (e.g., SHAP, LIME) to visualize model decisions. For example, post hoc explanations of lab test data improved clinician trust in diabetes prediction models.61

Strengthen Regulatory and Ethical Frameworks

Collaborate with policymakers to mandate bias reporting and transparency. The WHO’s ethical AI principles emphasize accountability and equitable benefit distribution.24

Focus on User-Centered and Scalable Solutions

Design affordable, adaptable tools for low-resource settings. AI-optimized telehealth kiosks reduced emergency visits by 22% in rural areas through real-time monitoring.47,71 Cloud computing platforms need to be utilized as well to render it accessible to institutions to use AI in a scalable and real-time manner, particularly in rural or low-resource locations, since there may not be sufficient computing resources nearby.76

Promote Interdisciplinary Collaboration

Foster partnerships among clinicians, engineers, and ethicists. Nurses’ involvement in AI development improved usability and workflow integration in chronic disease management.57,71 The main gaps in validation and generalizability, along with future recommendations, are summarized in Table 5.




	Table 5 | Validation and generalizability of AI models in chronic disease prediction: current gaps and future recommendations




	Aspect
	Current Gap
	Future Recommendation



	External Validation
	81% of models lack external validation
	Mandate validation across ≥3 diverse clinical sites (FUTURE-AI) and populations



	Model Explainability
	Restricted validation of AI model against established medical knowledge decreases confidence
	To acquire trust, use approaches that make things clear and validate explanations against medical literature



	Dataset Diversity
	A lack of lifestyle, socioeconomic, and experiential data makes personalization harder
	Add more than just clinical information about patients to improve the model’s relevance and fairness



	Data Quality and Bias
	Data that is broken up, prejudiced, or missing can make things less accurate and keep unfairness going
	Be sure that datasets are of high standard, have an extensive variety of demographics, and are in identified formats (like FHIR)



	Multicenter Trials
	Single-center studies dominate
	Collaborate with LMIC institutions to test scalability and equity



	Longitudinal Data
	Short-term outcomes limit durability assessment
	Conduct 5-year follow-ups to evaluate real-world impact on complications and hospitalizations



	Clinical Integration
	Adoption is limited given that it affects workflows, clinicians are not trained, and individuals do not want to change
	With proper training and guidance from humans, it can easily add AI to medical procedures



	Regulatory and Ethical
	Unclear accountability and gaps in regulation make it hard to deploy safely
	Be sure that all AI in health care aligns with rules and regulations and with ethical standards





Plans for LMICs’ Policies

To make sure that AI is used fairly in managing chronic diseases in LMICs, policymakers need to initiate specific action to solve challenges with infrastructure, data availability, and institutional unfairness.

Funding in Data Infrastructure

The government and health systems in LMICs must categorize digital infrastructure development as a top priority. That includes cloud platforms, mobile broadband connectivity, and EHR systems. To enable and facilitate sustainable and scalable AI deployments, these fundamental investments are mandatory.

Federated Learning for Privacy-preserving Collaboration

Federated learning frameworks offer an ethical manner for sharing data as they allow you to train models locally without delivering private patient information. This preserves the sovereignty of data and promotes involvement from areas that are not well represented, without violating privacy rules.76

Require Fairness Audits and Validation that Includes Everyone

Before AI tools are used, national health authorities should undertake fairness audits. IBM’s AI Fairness 360 and other tools can help find demographic biases. Also, all models should be tested on records that include local people to make sure that individuals with vulnerabilities ae not excluded or misclassified.

Encouraging the Use of Open-Source and Affordable AI Tools

In order to be sure that systems with limited resources may use AI despite having to pay a lot for permits or infrastructure, open-source platforms (like TensorFlow and Scikit-learn) and low-compute models should be prioritized.

Give Local Health Workers the Training and Tools They Need to Do Their Jobs

AI literacy initiatives created for doctors, nurses, and other health workers are significant to ensure that AI is used wisely and ethically. Building capacity should focus on knowledge of AI outputs, discovering the limits of models, and taking part in co-design processes.

Strengthen Regulatory and Ethical Oversight

LMICs need to establish national AI governance frameworks that adhere to global standards. The WHO 2021 guidelines on AI ethics for health involve principles such as openness, responsibility, inclusion, and fair sharing of benefits.76

In brief, policies that place people first and take into account the local context should lead AI in LMICs. These policies should not just focus on efficient technology, but also on terminating digital gaps along with encouraging health equity.



Conclusion

By combining multimodal data sources to improve diagnosis accuracy, early intervention, and individualized treatment, AI holds transformative potential in chronic illness prediction and management. Across diabetes and CVDs, AI-driven technologies have demonstrated notable progress in lowering complications and enhancing operational efficiency. However, widespread implementation remains limited by critical issues, including algorithmic bias, overfitting caused by homogenous datasets, lack of external validation, and ethical questions about openness and privacy. Ensuring fair implementation across different populations depends on addressing these constraints by means of technical advances such as federated learning systems, fairness audits, and XAI methods. Future research should prioritize multicenter trials and longitudinal research to validate AI models in real-world health care settings while bridging the gap between clinical reality and algorithmic promise. Addressing these challenges is needed to entirely unlock the transformative power of AI and bring equitable, effective solutions for controlling chronic disease on a worldwide scale.
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