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ABSTRACT

Background: Artificial intelligence (Al) is rapidly reshaping the landscape of healthcare, offering innovative tools for disease
detection, prognosis, and personalized management. Internal medicine disorders such as diabetes, hypertension, and heart failure
represent a significant global burden and require multifaceted, data-driven strategies for effective management. Al has emerged as
a valuable adjunct in this context, providing clinicians with advanced analytic capabilities to support decision-making and improve
patient outcomes.

Objective: This narrative review aims to explore the current and emerging applications of Al in the diagnosis, risk prediction, and
individualized treatment of key internal medicine disorders, while identifying gaps in the literature and suggesting directions for
future research.

Main Discussion Points: The review discusses how Al-based models enhance diagnostic accuracy using imaging and clinical data,
improve risk stratification through predictive analytics, and support treatment personalization via real-time data integration. It also
critically examines the limitations of existing literature, including small sample sizes, retrospective study designs, and limited
generalizability across diverse populations. Ethical challenges, data bias, and the lack of standardization are also addressed.

Conclusion: Al holds significant promise in transforming internal medicine by augmenting clinical decision-making and
personalizing care. However, current evidence remains preliminary, with substantial gaps requiring further investigation. Future
research should focus on robust, multicenter trials and equitable model development to ensure safe, effective, and inclusive Al
integration in clinical practice.
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INTRODUCTION

Artificial intelligence (Al) is increasingly transforming the landscape of modern healthcare, offering promising advances in diagnostics,
predictive analytics, and personalized medicine. As global health systems contend with a rising burden of chronic internal medicine
disorders such as diabetes, hypertension, and heart failure, the integration of Al into clinical practice has become more relevant than
ever. These conditions contribute significantly to global morbidity, mortality, and healthcare costs (1,2). For instance, an estimated 537
million adults were living with diabetes worldwide in 2021, with projections suggesting a rise to 783 million by 2045. Similarly,
hypertension affects over 1.28 billion adults aged 3079 years globally, often remaining undiagnosed or poorly controlled. Heart failure,
a progressive and debilitating condition, currently affects more than 64 million individuals worldwide and accounts for considerable
hospital readmissions and healthcare expenditure (3). The increasing prevalence and complex management of these diseases necessitate
innovative approaches to optimize outcomes and reduce system strain. Al, encompassing machine learning (ML), deep learning (DL),
and natural language processing (NLP), has demonstrated the capacity to analyze vast datasets, recognize intricate patterns, and generate
actionable insights far beyond traditional statistical methods (4). In internal medicine, these technologies have been employed to enhance
diagnostic accuracy, stratify patient risk, and guide therapeutic decision-making. For instance, Al models have shown high sensitivity
and specificity in identifying diabetic retinopathy, predicting cardiovascular events from electrocardiograms, and optimizing insulin
dosing regimens. Despite this progress, many algorithms remain underutilized in clinical settings due to issues related to generalizability,
explainability, and integration into existing workflows (5,6).

The current body of literature is replete with studies showcasing the potential of Al applications, yet many of these are confined to
retrospective designs or are limited by small sample sizes and lack external validation. Additionally, while certain domains like radiology
and oncology have seen robust Al adoption, internal medicine lags behind, particularly in real-time clinical implementation (7). There
remains a paucity of comprehensive reviews that specifically address the role of Al in the diagnosis and management of common internal
medicine disorders. Moreover, the ethical, legal, and practical considerations associated with Al adoption—including data privacy,
algorithmic bias, and clinician trust—are often underexplored in disease-specific contexts (8,9). This review aims to fill these gaps by
providing a comprehensive narrative overview of emerging Al applications in the diagnosis, outcome prediction, and personalized
management of key internal medicine disorders—namely diabetes, hypertension, and heart failure (10). It synthesizes findings from
recent high-quality studies and highlights areas where Al has already demonstrated clinical utility, as well as areas where further research
and development are warranted. The focus is placed on clinical decision support systems, predictive models, and Al-enhanced diagnostic
tools validated in real-world or large-scale settings (11).

In conducting this narrative review, priority was given to literature published within the last five years, including randomized trials,
observational studies, and systematic reviews involving adult populations. Studies that involved the integration of AI models with
electronic health records (EHRs), wearable devices, or multi-omics data were also included, given their growing relevance in
personalized medicine (12,13). The review intentionally excludes Al applications limited to image-based specialties or those that do not
pertain to core internal medicine conditions. By consolidating the current evidence, this review seeks to support clinicians, policymakers,
and healthcare innovators in understanding the clinical applicability and limitations of Al in internal medicine. It emphasizes not only
the technological potential but also the translational challenges that must be addressed to ensure safe and effective implementation. In
doing so, the review contributes a timely synthesis of the evolving Al landscape in internal medicine and underscores the importance of
multidisciplinary collaboration in shaping its future.

THEMATIC DISCUSSION

Al in Diagnostic Enhancement of Internal Medicine Disorders

One of the most profound contributions of Al in internal medicine lies in its diagnostic capabilities, especially in analyzing complex,
multi-dimensional data. In diabetes management, Al-driven algorithms have proven instrumental in early diagnosis through pattern
recognition in glucose trends, retinal imaging, and EHRs. A deep learning model was capable of detecting diabetic retinopathy and
macular edema with an area under the curve (AUC) exceeding 0.9, matching expert-level accuracy and reducing the need for in-person
screening in primary care settings (11). Similarly, in hypertension, Al-enabled analysis of ambulatory blood pressure monitoring data
has improved diagnostic precision by differentiating between white-coat hypertension and true sustained hypertension, which is essential
for preventing overtreatment or undertreatment (12). In heart failure, AI applications leveraging echocardiographic and
electrocardiographic data have demonstrated predictive accuracies exceeding traditional scoring systems. A study reported that a
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convolutional neural network could detect asymptomatic left ventricular dysfunction with high sensitivity (13), thus offering a non-
invasive, accessible screening method. These Al tools often outperform traditional clinical models by integrating and learning from
unstructured data. However, limitations in external validation, varying dataset quality, and generalizability to diverse populations remain
significant concerns. Differences in model performance across ethnic groups and age categories underscore the need for equitable model
development and inclusive training datasets (14).

Predictive Modeling and Risk Stratification

Another major thematic domain in Al application is predictive analytics, which allows for early identification of high-risk patients and
personalized intervention strategies. In diabetes care, machine learning algorithms have been successfully used to predict complications
such as diabetic nephropathy and foot ulcers. A study using the Gradient Boosting Machine algorithm predicted the onset of diabetic
kidney disease with an AUC of 0.84 using longitudinal clinical data (15). In the case of hypertension, predictive models have aided in
anticipating adverse cardiovascular outcomes based on variables such as renal function, lifestyle factors, and comorbidities. Notably, an
Al tool that predicted major adverse cardiovascular events among hypertensive patients with 85% accuracy, facilitating earlier preventive
measures (16). Heart failure management has also benefitted from these predictive capabilities. Al-based risk stratification tools using
cardiac biomarkers, imaging data, and EHRs have shown better performance compared to traditional models like the Seattle Heart
Failure Model. These tools help in forecasting readmissions, disease progression, and response to specific treatments, enabling tailored
therapeutic pathways. However, inconsistency in definitions of "high risk" and a lack of consensus on clinically acceptable thresholds
remain barriers to standardized application across institutions (17).

Al-Driven Personalization of Treatment

Personalized medicine, enabled by Al, is emerging as a transformative approach in internal medicine, shifting care from a reactive to a
proactive paradigm. In diabetes management, algorithms using continuous glucose monitoring data have facilitated the development of
closed-loop insulin delivery systems, also known as artificial pancreas systems. These systems adjust insulin doses in real time based
on predicted glucose fluctuations, significantly improving glycemic control and reducing hypoglycemic episodes (18). In hypertensive
patients, Al tools have been used to recommend individualized antihypertensive regimens based on genotype, pharmacodynamic
profiles, and comorbidities. A randomized controlled trial demonstrated that Al-informed treatment plans achieved target blood pressure
more rapidly and with fewer medication adjustments than standard care (19). Heart failure treatment personalization is still evolving but
shows promise. Al has enabled phenotyping of heart failure with preserved ejection fraction (HFpEF) patients into distinct subgroups,
thereby identifying potential responders to specific therapies. Clustering techniques have revealed biologically distinct HFp EF profiles
that may benefit from targeted drug therapy, thus potentially addressing the historical challenge of heterogeneous treatment responses
in this population (20). Despite these advancements, real-world application is constrained by clinical inertia, lack of Al literacy among
healthcare providers, and insufficient integration with existing EHR systems.

Integration Challenges, Ethical Concerns, and Future Opportunities

While the technical potential of Al is robust, its clinical adoption in internal medicine remains slow due to several systemic and ethical
challenges. Data privacy concerns, particularly around the use of cloud-based platforms and secondary data use without consent, have
impeded widespread Al implementation. Furthermore, the ‘black box’ nature of many Al models leads to resistance among clinicians
who require transparency and interpretability to trust and act on algorithmic recommendations (21). There is also the concern of
automation bias, where clinicians may overly rely on Al outputs despite clinical incongruities. From a systems perspective, integration
into existing clinical workflows is often non-trivial, requiring substantial investment in infrastructure, training, and support. Regulatory
frameworks lag behind technological progress, leading to variability in Al tool quality and limited accountability for model performance.
Nonetheless, the growing body of evidence supporting Al's clinical utility continues to expand. Future research should focus on federated
learning models to enhance data privacy, development of interpretable Al systems, and robust clinical validation through large,
prospective, multi-center trials.
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CRITICAL ANALYSIS AND LIMITATIONS

Despite the growing body of literature highlighting the promise of artificial intelligence in internal medicine, critical examination reveals
several methodological and practical limitations that hinder the robustness and translational impact of existing findings. A recurring
issue across many studies is the limited scale and rigor of their design. Numerous investigations utilize small sample sizes that restrict
the statistical power necessary to draw generalizable conclusions. For instance, many predictive models in diabetes and hypertension
were validated on datasets from single institutions or specific geographic regions, thereby limiting their external validity. Moreover, a
significant proportion of the studies reviewed were retrospective in nature or based on observational data, which inherently restricts the
ability to infer causality or long-term clinical benefits from Al interventions (22). Randomized controlled trials—the gold standard for
assessing clinical efficacy—are notably scarce in this domain. While some trials have been conducted, particularly in Al-driven insulin
delivery systems for diabetes, they often involve highly selected patient populations and short follow-up durations, leaving uncertainty
regarding long-term safety and effectiveness (13). These design constraints make it challenging to fully assess how Al tools perform in
real-world clinical environments, where patient adherence, comorbidities, and healthcare system variability influence outcomes.

Methodological biases further compromise the interpretability and reliability of findings. Selection bias is common, with many studies
recruiting participants who are already engaged with digital health tools or electronic health records, thereby excluding technologically
marginalized populations. Such bias may overestimate the efficacy of Al-based interventions. Performance bias is another concern,
particularly in diagnostic and treatment personalization studies where blinding is either absent or not feasible due to the nature of the
intervention. This can lead to overestimation of outcomes due to the placebo effect or observer expectations (14,15). The issue of
publication bias cannot be overlooked. Positive and statistically significant results are more likely to be published, especially in high-
impact journals, while studies reporting null or negative findings are often underreported or relegated to less visible platforms. This
skew in the literature creates an inflated perception of Al efficacy and underrepresents the real challenges faced in implementation.
Moreover, the rapid pace of technological development and the pressure to showcase innovation may further contribute to selective
reporting and insufficient peer review rigor (16).

Variability in outcome measures also poses a significant barrier to the meaningful synthesis of findings. Definitions of diagnostic
accuracy, treatment success, and risk prediction often differ across studies, even for the same condition. For example, one study may
define successful blood pressure management based on systolic thresholds, while another uses composite cardiovascular outcomes.
These inconsistencies hinder meta-analytic comparisons and dilute the clarity of evidence regarding the effectiveness of Al interventions
(17). Furthermore, different machine learning algorithms use diverse input features, weighting mechanisms, and evaluation metrics,
leading to heterogeneous results that resist standardization. Generalizability remains a profound challenge. Many Al models are trained
on data from predominantly Western, urban, and tertiary care populations. This limits their applicability in rural settings, low- and
middle-income countries, or among ethnically diverse groups where healthcare access, disease burden, and social determinants differ
significantly. The underrepresentation of these populations in training datasets may lead to biased algorithms that perpetuate health
disparities, especially if implemented without proper recalibration or validation in local contexts (18). As a result, while Al tools may
perform admirably in controlled research environments, their real-world utility often remains uncertain. In sum, while the literature
offers promising insights into the potential of Al in internal medicine, it is fraught with design limitations, methodological biases, and a
lack of standardized outcome metrics. Without addressing these issues through more rigorous, inclusive, and transparent research
practices, the clinical integration of Al will continue to face skepticism and uneven adoption.

IMPLICATIONS AND FUTURE DIRECTIONS

The findings of this review underscore the transformative potential of artificial intelligence in enhancing the diagnosis, risk prediction,
and individualized management of common internal medicine disorders, with direct implications for clinical practice. As healthcare
systems shift toward precision medicine, Al tools can assist clinicians in making faster and more accurate diagnostic decisions,
identifying high-risk patients earlier, and tailoring treatment regimens with improved efficiency. For example, Al-enhanced algorithms
capable of detecting early signs of diabetic complications or predicting heart failure exacerbations may enable clinicians to intervene
preemptively, potentially reducing hospitalizations and improving long-term outcomes. Furthermore, the integration of Al into clinical
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workflows through decision-support systems can reduce cognitive burden on physicians, streamline resource use, and allow for more
patient-centered care strategies that are dynamically informed by real-time data inputs (12). From a policy and guideline development
perspective, the growing use of Al technologies calls for the establishment of standardized regulatory frameworks to ensure their safe
and effective implementation. At present, most Al-based tools operate under institution-specific protocols without uniform oversight.
Regulatory bodies and professional societies must collaborate to issue evidence-based guidelines that define acceptable performance
thresholds, validation standards, and ethical safeguards, particularly concerning algorithmic transparency and data privacy. These
standards are vital not only to foster clinician trust and patient safety but also to ensure that Al tools are implemented equitably across
diverse healthcare settings (13,14).

Despite the promising progress, several unanswered questions remain. There is a notable lack of clarity on the long-term clinical
effectiveness of many Al applications, particularly in non-acute and primary care settings where chronic diseases like diabetes and
hypertension are primarily managed. Additionally, the impact of Al-driven interventions on healthcare disparities remains
underexplored. As current algorithms are often trained on datasets derived from homogeneous populations, their performance in
underrepresented or socioeconomically disadvantaged groups is inadequately understood. This gap poses the risk of perpetuating
existing inequities in care unless future research prioritizes inclusivity and fairness in model development (15,16). To bridge these gaps,
future research must prioritize the design and execution of large-scale, multicenter randomized controlled trials with diverse populations
and long-term follow-up. Such trials should not only evaluate clinical outcomes but also assess implementation feasibility, cost-
effectiveness, and user acceptability among healthcare professionals and patients. Methodological improvements should include external
validation across varied care settings, standardization of outcome definitions, and the use of explainable Al frameworks to enhance
interpretability and trust. Moreover, studies should examine hybrid models where Al augments rather than replaces clinician judgment,
evaluating the synergistic effects of human-Al collaboration on patient care (21,22). Ultimately, this review contributes to a deeper
understanding of how Al is positioned to reshape the landscape of internal medicine. By guiding clinicians, policymakers, and
researchers toward targeted and responsible innovation, it lays the groundwork for more adaptive, equitable, and effective healthcare
delivery in the era of intelligent systems.

CONCLUSION

This narrative review highlights the expanding role of artificial intelligence in the diagnosis, prediction, and personalized management
of internal medicine disorders such as diabetes, hypertension, and heart failure. Across the reviewed literature, Al has demonstrated
strong potential to enhance diagnostic accuracy, enable early risk stratification, and support individualized treatment strategies through
sophisticated data analysis and predictive modeling. While the promise is evident, the current evidence base remains uneven, with most
studies limited by methodological weaknesses including small sample sizes, retrospective designs, and limited external validation.
Despite these limitations, the existing findings provide a cautiously optimistic foundation for future integration of Al into routine clinical
care. Clinicians are encouraged to remain informed about validated Al tools that can augment decision-making, while researchers should
prioritize rigorously designed, multicenter trials with diverse populations to improve generalizability and ethical applicability. Continued
collaboration between clinicians, data scientists, and policymakers is essential to ensure that Al developments translate into meaningful
improvements in patient care, equity, and system efficiency.
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