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Abstract

Diabetes mellitus is a rapidly growing global health challenge, with over 589 million affected
individuals and a projected prevalence exceeding 853 million by 2050. The complexity of its
management, involving continuous monitoring, multifactorial interventions, and long-term
complication prevention, has highlighted the need for innovative approaches. Artificial intelligence
(AI), encompassing machine learning (ML), deep learning (DL), and natural language processing
(NLP), is increasingly applied in diverse domains of diabetes care. Al supports early diagnosis,
individualized treatment, prediction of complications, and patient engagement through digital
health platforms. Moreover, Al-driven closed-loop insulin delivery systems represent a paradigm
shift toward personalized, automated glucose regulation. This narrative review synthesizes the
current evidence regarding the applications, benefits, and limitations of Al in diabetes management.
Emphasis is given to diagnostic prediction models, glycemic control, complication surveillance,
digital coaching, and integration into healthcare systems. Challenges such as data heterogeneity,
algorithmic bias, and regulatory frameworks are critically analyzed. Future perspectives include
federated learning, multimodal precision diabetology, and ethical frameworks for equitable
implementation. The integration of Al into clinical practice offers transformative potential, but
requires rigorous validation, patient-centered design, and interdisciplinary collaboration.

Keywords: artificial intelligence; diabetes; monitoring; diabetes care

Introduction

Diabetes mellitus (DM) is among the foremost causes of global morbidity, mortality, and
disability-adjusted life years (DALYs) [1]. The International Diabetes Federation (IDF) reported that
in 2024 approximately 589 million adults aged 20-79 years are living with diabetes globally, with
projections estimating that number will rise to 853 million by 2050 [2]. This escalating burden reflects
both demographic shifts and rising exposure to metabolic risk factors. The pathophysiology of
diabetes is inherently complex, involving genetic predisposition, insulin resistance, pancreatic 3-cell
dysfunction, inflammation, and environmental influences; accordingly, the disease demands not just
precise diagnosis but sustained, multifaceted management to forestall acute events (e.g.
hyperglycemia, ketoacidosis) and long-term complications (e.g. microvascular and macrovascular)

13].
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Despite decades of therapeutic advances, including new insulin analogues, incretin therapies,
and glucose sensor technologies, achieving glycemic targets remains a difficult challenge. In many
settings, fewer than 50 % of individuals with diabetes consistently attain guideline-recommended
HbAc thresholds, exposing them to elevated risk of complications [4]. This gap underscores the need
for adjunctive strategies to enhance personalization and responsiveness in care.

Concurrently, modern healthcare systems are generating ever-larger volumes of data. Electronic
health records (EHRs), continuous glucose monitoring (CGM) streams, wearable sensors, imaging
data, and multi-omic platforms are producing dense, high-dimensional datasets that exceed
traditional analytic capacity. In this milieu, artificial intelligence (AI), defined as computational
systems that mimic human intelligence in problem-solving and decision-making [5], and
encompassing machine learning (ML), deep learning (DL), and related methods, offers a compelling
paradigm. Al can discern subtle, non-linear patterns across heterogeneous data modalities, enabling
earlier detection of risk, more individualized therapeutic recommendations, and prediction of
complications before clinical manifestation [6].

This review undertakes a comprehensive, narrative synthesis of Al applications in diabetes care.
We critically appraise evidence across domains including early detection, glycemic management,
complication forecasting, patient engagement, and health system integration, while highlighting
current limitations and proposing future directions. Our goal is to map both the promise and the
challenges of Al in diabetology, guiding researchers and clinicians toward responsible, effective
translation.

Methods

This study was designed as a narrative review and conducted in accordance with the Scale for
the Assessment of Narrative Review Articles (SANRA), which provides a structured framework to
enhance methodological rigor and transparency [7]. The SANRA criteria emphasize justification of
the review’s importance, comprehensive literature search, critical appraisal of sources, scientific
reasoning, appropriate presentation, and balanced referencing. Adhering to these principles, we
aimed to provide a coherent and scientifically grounded synthesis of the current state of knowledge
regarding the application of Al in diabetes management.

To ensure a broad and representative coverage of the field, a comprehensive search strategy was
developed. The primary databases selected were PubMed, Scopus, and Web of Science, as they
collectively encompass biomedical, clinical, and interdisciplinary scientific literature. The time frame
was restricted to January 2018 through September 2025, thereby capturing the most recent and
clinically relevant developments in the rapidly evolving field of Al-driven healthcare.

A combination of controlled vocabulary terms and free-text keywords was employed. The

Vi

search strategy incorporated terms such as “artificial intelligence,” “machine learning,” “deep learning,”
“natural language processing,” “diabetes mellitus,” “prediction,” “diagnosis,” “management,” and
“complications.” Boolean operators and database-specific filters were used to maximize sensitivity
while maintaining focus on relevant domains.

The inclusion criteria comprised: (1) peer-reviewed original research articles, (2) systematic or
scoping reviews, and (3) translational or clinical studies that reported real-world applications of Al
in diabetes care. We intentionally prioritized studies that demonstrated clinical or healthcare-related
outcomes, as opposed to purely computational or algorithmic advances. The exclusion criteria were
defined as (1) theoretical Al frameworks without clinical validation or applicability, and (2) articles
published in languages other than English, to ensure interpretability and accuracy of analysis.

Following retrieval, the identified literature was screened by relevance, with emphasis on
methodological soundness, novelty, and translational significance. A qualitative synthesis was then
performed, whereby findings were organized into thematic domains reflecting the main application
areas of Al in diabetes: early diagnosis and risk prediction, glycemic control and insulin delivery,
patient engagement and treatment adherence, prediction and prevention of complications, health
system integration and limitations, challenges, and future perspectives.
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This thematic grouping allowed for a coherent discussion of how Al technologies are shaping
different facets of diabetes care, while also highlighting common opportunities and challenges across
domains.

Results

A comprehensive search retrieved 1180 records (Figure 1). After removing 220 duplicates, 960
records remained for title and abstract screening. Of these, 790 were excluded as they did not meet
the eligibility criteria. The full text of 170 articles was assessed, and 103 were excluded due to reasons
such as theoretical without clinical validation, insufficient methodological rigor, or irrelevance to the
study aim, non-English upon inspection, retracted at full-text. Ultimately, 67 studies were included
in the review.

{ Identification of studies via databases and registers }
=
-g Records removed before screening:
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=
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=
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Figure 1. PRISMA flow diagram illustrating the study selection process.

Early Diagnosis and Risk Prediction

Timely identification of individuals at high risk for type 2 diabetes (T2D) is the cornerstone of
preventive diabetology, enabling targeted lifestyle and pharmacological interventions before
glycaemia crosses diagnostic thresholds [8]. Traditional scores such as FINDRISC, typically built on
logistic regression with a limited set of clinical and anthropometric variables, remain useful for low-
cost screening; yet their discriminative performance is modest and varies across populations [9].
Contemporary evaluations confirm that while FINDRISC is practical, its accuracy is outperformed
by newer models that learn from richer data modalities [10,11].

Al expands both the breadth and the granularity of risk information by integrating high-
dimensional features, ranging from longitudinal electronic health records (EHRs) to lifestyle traces
and multi-omics, thereby capturing non-linear interactions that elude conventional approaches [12].
In longitudinal cohorts, machine-learning classifiers such as random forests and gradient-boosting
machines consistently equal or surpass regression baselines for incident T2D prediction, often with
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area under the receiver operating characteristic curve (AUC) values around 0.80-0.90 when trained
on routinely collected EHR variables [13,14]. These gains have been replicated across settings and
summarized in recent systematic reviews, underscoring the translational maturity of ML for
prediabetes and T2D risk prediction [15].

A parallel success story comes from ophthalmic imaging. Deep convolutional neural networks
(CNNSs) trained on retinal fundus photographs detect diabetic retinopathy (DR) with sensitivities and
specificities that match or exceed expert graders, and the first prospective, pivotal trial of an
autonomous DR-diagnosis system in primary care demonstrated high diagnostic accuracy without
clinician over-read, an important precedent for point-of-care risk stratification workflows [16]. These
results have since been validated across multiethnic datasets and, more recently, in real-world
evaluations showing productivity gains when autonomous Al is embedded in care pathways [17].

Risk stratification is also moving “beyond the clinic” through passive, continuous phenotyping
[18]. Wearables provide dense streams of activity, sleep, and heart-rate variability data that reflect
insulin sensitivity and autonomic tone. Emerging studies demonstrate that ML models trained on
such digital biomarkers can estimate interstitial glucose dynamics non-invasively and predict insulin
resistance or dysglycemia when combined with basic demographics and routine laboratory values,
opening the door to scalable, low-burden screening in the general population and to digitally
delivered prevention programs [19]. Although several reports are early-phase and some remain
preprints, peer-reviewed work now supports the feasibility of deriving glucose-related signals from
wrist-worn sensors [20].

All together, these advances suggest a shift from static, questionnaire-based scoring toward
dynamic, multimodal risk modeling. In practice, the near-term pathway is hybrid: established scores
(e.g., FINDRISC) for broad triage, followed by Al-enhanced models that fuse EHR, imaging, and
wearable data to refine individual risk and trigger tailored interventions. As these systems are
externally validated across ancestries and care settings, and as deployment studies continue to report
operational and equity outcomes, the promise of earlier, more precise prevention appears
increasingly attainable.

Table 1. Selected studies applying Al to diabetes prediction and diagnosis.

Al Application Data Source Performance | Key Findings | Reference
Approach Metrics
Random | T2DM risk | Electronic AUC  0.85- | Outperformed | Duan et
Forest prediction health records | 0.90 traditional al. 2025
(EHR) logistic [21]
regression;

captured non-
linear
interactions in
longitudinal

data
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Gradient | T2DM incident | EHR with | AUC  0.80- | Consistently Lv et al
Boosting | prediction routine clinical | 0.90 equaled or | 2023 [13]
Machine variables surpassed
regression
baselines
across diverse
populations
Deep DR screening Retinal fundus | Sensitivity Autonomous | Abramoff
CNN photographs 91%, diagnosis et al. 2018
(fundus Specificity without [17]
images) comparable to | clinician over-
expert read; validated
graders in primary
care settings
Machine | Prediabetes/insulin | Wrist-worn AUC not | Non-invasive | Huang et
Learning | resistance Sensors + | specified; glucose al. 2025
(wearable | screening demographics | feasibility dynamics [19]
data) + labs demonstrated | estimation;
enables
scalable
population
screening
Gradient | Gestational Clinical  and | AUCO0.87 Early Liu et al.
Boosting | diabetes risk anthropometric identification | 2022 [22]
variables enables
targeted
prenatal
interventions
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Random | T2DM  diagnosis | Tailored High Personalized Navarro-
Forest + | and prognosis heterogeneous | accuracy feature Cerdan et
ML feature subsets | (specific selection al. 2025
values vary | improved [14]
by subset) model
performance
across
populations

Glycemic Control and Insulin Delivery

Al has become a cornerstone in the evolution of insulin delivery systems, underpinning the
development of closed-loop “artificial pancreas” technologies [23]. These systems integrate
continuous glucose monitoring (CGM) with algorithm-driven insulin pumps to achieve real-time
glucose regulation. Unlike traditional hybrid closed-loop approaches that rely on pre-set parameters,
reinforcement learning models continuously update insulin dosing strategies by adapting to
glycemic variability induced by meals, exercise, stress, and circadian rhythms [24]. Recent trials
demonstrate that such adaptive algorithms improve glycemic control without increasing
hypoglycemia risk, marking an important step toward autonomous glucose regulation [25].

Beyond hardware integration, Al also informs decision support tools embedded in smartphone
applications. These platforms employ machine-learning algorithms to deliver individualized insulin
titration advice and bolus recommendations, outperforming conventional rule-based calculators.
Clinical studies indicate that Al-guided bolus support not only improves adherence but also reduces
glycemic excursions in both type 1 and insulin-treated type 2 diabetes [26].

A critical metric in modern diabetology, time in range (TIR), has been optimized through Al-
based CGM analytics. Machine learning models that detect and predict glucose trends can
proactively recommend micro-adjustments, extending TIR and lowering glycemic variability beyond
what is achievable through clinician-only interventions [27]. The overall functioning of this Al-driven
closed-loop “artificial pancreas” system is illustrated in Figure 2.
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Figure 2. Schematic representation of Al-driven closed-loop “artificial pancreas” system. CGM devices collect

real-time glycemic variability inputs, reflecting fluctuations due to diet, activity, and physiological factors, which

are processed by Al algorithms to predict glucose trends and optimize insulin dosing.

Patient Engagement and Treatment Adherence

Self-management lies at the heart of effective diabetes care: patients must constantly balance
diet, medication, physical activity, glucose monitoring, and psychosocial stress [28]. In this complex
daily endeavor, Al offers promising tools to augment engagement, sustain adherence, and detect
early signs of burnout.

One major avenue is mHealth chatbots powered by NLP. These virtual assistants operate 24/7,

a

offering tailored reminders (e.g. “take your insulin,” “check glucose”), motivational messages, and
lifestyle suggestions in conversational formats. A recent randomized trial of an Al chatbot in type 2
diabetes showed improved health literacy and engagement compared to control arms
[29]. Moreover, systematic reviews of chatbots in chronic disease management report modest but
consistent improvements in physical activity, diet, and sleep, interventions that are tangential but
relevant to glycemic control [30].

Complementing chatbots, Al-driven digital coaching platforms dynamically personalize
behavioral advice by continuously analyzing user data streams (e.g. activity, glucose trends, sleep).
In a recent clinical trial combining Al coaching and sensor data, over 70 % of participants with type
2 diabetes achieved HbA1c < 6.5 % within 12 months while reducing pharmacotherapy burden [31]. A
meta-analysis of conversational agent interventions in diabetes care also documented mean HbAlc
reductions of roughly —0.49 % [32]. These results suggest that Al coaching goes beyond passive
support, actively tailoring interventions to individual responses in real time.

Finally, Al can help psychological monitoring and support. Using sentiment analysis and
natural language processing of patient-reported text (e.g. journal entries, chatbot conversations),
algorithms can flag users at risk of diabetes distress, burnout, or disengagement. In one feasibility
study, an automated conversational agent delivered psychoeducational support over three weeks
and achieved a statistically greater reduction in diabetes distress compared to self-help book controls
(mean DDS reduction ~0.305) in a 156-participant sample [33]. Another study implementing a self-

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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compassion chatbot in diabetes care showed promising reductions in distress and boosts in resilience
and self-efficacy [34].

Together, these Al modalities (mHealth chatbots, adaptive coaching, and sentiment-based
psychological support) form a synergistic framework for enhancing self-management, sustaining
motivation, and supporting emotional well-being in people with diabetes (Figure 3). Continuous
evaluation in controlled trials, attention to usability, and safeguarding privacy will be essential as
these tools mature.

[ N\
| oigital monitoring |
\ )

Figure 3. - Al-powered self-management in diabetes. The figure depicts how mobile health (mHealth) chatbots,
wearable sensors, and Al-driven coaching systems integrate continuous behavioral and physiological data to
support personalized feedback, motivation, and emotional well-being. These interconnected components form

an adaptive digital ecosystem that empowers patients in daily diabetes self-care.

Prediction and Prevention of Complications

Diabetic patients suffer of different complications, because of the disease [1,35]. The vascular
complications are the most dangerous [36]. Al offers powerful new pathways to detect micro- and
macrovascular complications of diabetes earlier and more sensitively than traditional clinical
markers. In renal disease, for example, machine learning models applied to urinary proteomic data,
which quantify peptide patterns excreted in the urine, have been shown to predict progressive loss
of kidney function more accurately than conventional markers like albuminuria or estimated
glomerular filtration rate (eGFR) [37,38]. A recent large-scale proteomic study in diabetic patients
established a protein risk score that significantly enhances prediction of chronic kidney disease
progression over baseline clinical variables [39]. Likewise, explainable ML approaches combining
serum metabolite features have achieved AUCs up to 0.966 in screening for diabetic nephropathy,
demonstrating the potential to flag high-risk individuals well before overt clinical decline [40].

In the domain of neuropathy, Al applications remain emergent but promising [41,42]. For
instance, an optimized Al algorithm applied in diabetic populations has shown capability to screen
for diabetic peripheral neuropathy (DPN) risk, potentially enabling more targeted evaluation and
early intervention [43]. Although robust, controlled, large-scale trials are still limited, the potential to
detect subclinical nerve dysfunction prior to symptom onset is compelling when combined with
nerve conduction studies or other electrophysiological testing [44].

Cardiovascular comorbidities might be detected using Al-enhanced electrocardiogram (ECG)
analysis [45]. Deep learning models trained on standard 12-lead ECGs have been validated to
distinguish patients with angiographically confirmed coronary artery disease with high accuracy,
suggesting that noninvasive ECGs might flag silent ischemia or elevated cardiovascular risk in
diabetic populations [46]. In this retrospective study, an AI-ECG model outperformed traditional risk
factors and allowed localization of obstructed vessels from ECG patterns alone.

The application of Al in diabetes foot ulcers (DFUs) management is another important aspect of
its potential usefulness in medicine. The pathophysiology of DFUs is complex, mostly originating
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from a combination of peripheral neuropathy, which diminishes protective sensation, and peripheral
arterial disease, which impairs perfusion [47]. This dual pathology renders the foot highly susceptible
to injury from repetitive mechanical stress or unnoticed trauma [48]. Two of the most prominent
applications of Al in this field are the analysis of thermal imaging and data from smart insoles.

Thermal imaging analysis: Before an ulcer manifests on the skin's surface, underlying
inflammatory processes in the subcutaneous tissue cause a localized increase in temperature. Using
thermal cameras to capture temperature distribution maps of the plantar surface, Al algorithms can
analyze these images to identify "hotspots", areas with statistically significant temperature elevations.
This process enables the early detection of pre-ulcerative inflammation, facilitating timely medical
intervention before irreversible tissue damage occurs [49,50].

Smart insole data analysis: Abnormal and sustained mechanical pressure is a primary risk factor
for DFU development. Smart insoles, embedded with pressure sensors, continuously collect real-time
data on plantar pressure distribution as the patient ambulates. This complex data stream is then
processed by Al models to identify abnormal peak pressure points or excessively prolonged loading
times. The system can provide immediate alerts to the patient via a connected device, prompting
them to offload the high-risk area. Furthermore, this longitudinal data provides clinicians with
objective insights into a patient's gait and lifestyle, enabling personalized interventions such as
custom footwear design and tailored offloading strategies [51].

Together, these Al-driven methods advance the paradigm from reactive diagnosis toward
proactive surveillance offer complementary windows into early microvascular and macrovascular
damage in diabetes, as summarized in Table 2. Ongoing validation, rigorous prospective trials, and
integration with multimodal clinical data will be vital to translate these tools into routine clinical
practice.

Table 2. AI Applications in Diabetes Complication Prediction and Detection.

Complicati | Al Data Modality | Performance Clinical | Validatio | Referen
on Technique Utility n Status | ce
Diabetic Gradient Urinary AUC0.88 Predicts | Large- Massy
Nephropat | Boosting peptide progressi | scale et al
hy on patterns ve proteomic | 2022
proteomic kidney validation | [38]
data function
loss more
accuratel
y  than
albumin
uria or
eGFR
alone
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Diabetic
Nephropat

hy

Explainabl
e ML
(metabolo

mics)

Serum
metabolite

profiles

AUC 0.966

Flags
high-risk
individu
als before
overt
clinical
decline;
interpret
able
predictio

ns

Peer-
reviewed
screening

study

Yin et
al. 2024

[41]

Chronic
Kidney

Disease

Proteomic

risk scoring

Large-scale
plasma

proteomics

Significantly
enhanced
prediction over
clinical

variables

Protein
biomarke
s
improve
risk
stratificat
ion in
diabetic
populati

ons

Large
cohort

validation

Ye et al.
2024

[40]

Diabetic
Peripheral
Neuropath

y (DPN)

Optimized
Al

algorithm

Clinical +
electrophysiol

ogical data

Screening
capability

demonstrated

Enables
targeted
early
intervent
ion

before

Pilot
study

phase

Sartore
et al.
2025

[44]
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d vessels | correlatio | 2022

non- n [47]
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y

Diabetic Deep CNN | Fundus Accuracy >90%, | Point-of-

Retinopath photography | Sensitivity/Spec | care

y ificity =~ match | autonom

expert graders | ous
screening

; reduces

Health System Integration

Al is progressively being woven into the healthcare systems to support and enhance diabetes
care at multiple levels. One of the most mature applications lies in clinical decision support systems
(CDSS). In the context of diabetes, Al-based CDSS modules analyze patient-specific data, such as
demographics, comorbidities, glucose trends, and medication history, to generate therapeutic
recommendations aligned with ADA/EASD guidelines. For example, a recent study described an Al-
based CDSS aimed at optimizing basal insulin titration in type 2 diabetes; it demonstrated improved
glycemic outcomes and better adherence to evidence-based therapy protocols compared to
conventional approaches [53]. A separate usability evaluation documented how clinicians and staff
adapted an Al CDSS for diabetes management in real settings, offering insights into challenges and
facilitators for adoption [54].

At the population health level, predictive analytics powered by AI help stratify large patient
cohorts to flag those at high risk of hospitalization, emergency visits, or deterioration. By anticipating
adverse events, health systems can allocate resources more efficiently and apply preventive
interventions before crises occur. A commentary on Al and population health underlines how such
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systems can shift the focus from reactive to proactive care delivery [55]. In diabetes care specifically,
this approach allows more effective scheduling of outreach, intensified monitoring, or case
management for patients with unstable control or progressive complication risk.

In parallel, telemedicine platforms are being synergized with Al tools to enhance virtual diabetes
clinics. Al algorithms can triage incoming messages and alerts (e.g. severe glucose excursions,
alarming symptoms) by urgency and relevance, reducing clinician burden and improving response
efficiency (Figure 4). Moreover, remote monitoring systems that integrate Al-driven trend detection
can flag deviations needing intervention, enabling more timely teleconsultations. Analyses of Al
outside hospital settings highlight this potential to extend continuous care beyond traditional clinical
boundaries [56].

Predictive glucose monitoring
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Figure 4. Al-enabled virtual diabetes clinic.

These system-level Al integrations (clinical decision support, predictive population
stratification, and telemedicine augmentation) hold promises to make diabetes care more efficient,
proactive, and scalable. Their real-world impact will depend on rigorous validation, integration with
workflows, and user acceptance.

Limitations, Challenges, and Future Perspectives

While Al promises to transform diabetes care, its real-world deployment is hindered by
significant limitations and ethical challenges that must be carefully investigated. One major obstacle
is data heterogeneity and still limited generalizability. Many Al algorithms are developed on single-
population cohorts or single-site datasets, which restricts their external applicability. For example, in
a recent scoping review of Al models for type 2 diabetes risk prediction, only a minority of studies (5
out of 40) conducted external validation beyond their training population, raising concerns about
reproducibility across diverse settings [57]. Without such validation, models may perform poorly
when applied to new populations with different demographics, comorbidity profiles, or practice
patterns.

Algorithmic bias is closely related. When minority groups or underrepresented subpopulations
are not adequately represented in training data, Al systems may perpetuate or even amplify existing
health disparities. Recent surveys on fairness in Al healthcare emphasize the risk that biased
algorithms could systematically under-predict risk in marginalized groups, leading to missed
interventions [58].

Integration barriers remain daunting. Embedding AI into clinical workflows requires
interoperability with electronic health record (EHR) systems, standard data formats, and seamless
clinician interfaces, challenges often underestimated in pilot studies. Additionally, clinicians face
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“alert fatigue” and usability hurdles when Al tools force new workflows or generate excessive false
alerts. A review of Al adoption barriers in healthcare highlights that usability, training, and
institutional readiness are major inhibitors to successful integration [59].

The fields of regulation and ethics are still evolving [60]. The lack of clear frameworks for
accountability, liability, auditability, and certification of Al medical tools slows adoption. Some
proposals suggest embedding “Al passports,” audit trails, and continuous performance monitoring
to mitigate risks. Explainability constraints exacerbate this: many high-performance Al models are
“black boxes,” limiting clinician trust. Critics argue that explainable Al is no panacea; transparent
explanations can mislead, oversimplify, or instill false confidence if poorly designed [61].

Finally, patient trust and privacy concerns pose critical barriers. People may hesitate to enroll in
Al-driven interventions if they perceive data misuse, algorithmic opacity, or lack of human oversight.
Without clear explanations and strong data protections, acceptance will lag [62]. The challenges are
summarized in Table 3.

Table 3. Challenges in Al for Diabetes and Mitigation Strategies.

Challenge/Barrier Description/Risks Proposed Mitigation Strategies
Data heterogeneity | Many Al models are developed | Use multicenter datasets and external
and limited | on homogeneous, single-center or | validation cohorts. Adopt domain
generalizability demographically narrow | adaptation/transfer learning

datasets. =~ Without  external | techniques to adjust models to new
validation, their performance | populations. =~ Promote federated
may degrade in new populations. | learning  across institutions to
preserve  data  privacy = while
diversifying training data
Algorithmic ~ bias | Underrepresentation of minority, | Proactively oversample or include
and equity socioeconomically diverse populations in training. Use
disadvantaged, or rare | fairness-aware learning or debiasing
subpopulations can lead to biased | techniques. = Rigorous  subgroup
predictions and unequal | performance reporting and audits
outcomes.
Integration and | Al tools often fail to harmonize | Develop standards-based APIs and
interoperability with electronic health record | data models (e.g. HL7 FHIR). Co-
barriers (EHR) systems or existing clinical | design Al interfaces with clinicians to
workflows; clinician adoption
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may be hindered by usability and

alert fatigue.

fit workflow. Implement human-

centered design and usability testing

Regulation, Regulatory frameworks for Al | Establish audit trails and transparent
accountability and | medical tools are nascent. | performance logging. Use
ethics Questions of liability, auditability, | explainability =~ tools and model
and post-market monitoring | provenance records. Engage
remain unresolved. regulators, ethicists, and stakeholders
early in development
Patient trust, | Black-box Al and concerns over | Integrate explainable AI  (XAI)
explainability —and | data misuse reduce patient and | approaches to provide interpretable
privacy clinician acceptance. insights. ~ Use  privacy-enhancing

d0i:10.20944/preprints202510.0990.v1

technologies (e.g. differential privacy,
secure aggregation). Provide clear
informed

consent, transparent

communication

Looking forward, several strategies may help overcome these hurdles. Federated learning
allows decentralized model training across institutions without centralizing patient-level data,
preserving privacy while enhancing generalizability [63]. Multimodal AI, which fuses genomic,
metabolomic, microbiome, imaging, and clinical data, may push the frontier of precision diabetology
by modeling interactions across biological scales [64,65]. To build confidence, explainable Al (XAI)
methodologies must be embedded throughout development to elucidate reasoning in clinician-
usable forms [66,67]. Ethical frameworks that emphasize equity, accountability, and patient
empowerment should guide deployment. Importantly, the field must move toward prospective,
large-scale randomized clinical trials that test not only accuracy, but clinical effectiveness, safety, and
system-level impact. Only through rigorous validation and transparent, patient-centric design Al can
fulfill its promise in diabetes care.

Limitations of the study: The principal limitations of this narrative review are several. First, its
non-systematic methodology inherently allows for selection bias and may lead to incomplete or
uneven coverage of relevant literature, as narrative reviews lack fixed protocols and transparency in
study selection. Second, the narrative synthesis approach limits reproducibility and prevents formal
evidence grading or risk-of-bias assessment common in systematic reviews. Third, many of the
concepts and models discussed lack robust external validation across diverse populations,
constraining generalizability. Fourth, the exclusion of non-English publications may have led to
omission of important findings published in other languages. Finally, by not conducting a
quantitative meta-analysis, the review cannot produce pooled effect sizes or formally assess
heterogeneity among studies.

Conclusion
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Artificial intelligence offers unprecedented opportunities to transform diabetes care. By enabling
earlier diagnosis, personalized therapy, optimized glycemic control, and proactive complication
prevention, Al has the potential to reduce the burden of disease and improve quality and quantity of
life. Nonetheless, challenges related to validation, fairness, and regulation must be addressed to
ensure safe and equitable implementation. Interdisciplinary collaboration among clinicians, data
scientists, policymakers, and patients will determine whether Al fulfills its promise as a cornerstone
of future diabetology.
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The following abbreviations are used in this manuscript:
ADA American Diabetes Association
Al Artificial Intelligence
AUC Area Under the ROC Curve
CAD Coronary Artery Disease
CDSS Clinical Decision Support System
CGM Continuous Glucose Monitoring
CNN Convolutional Neural Network
CVD Cardiovascular Disease
DALY(s) Disability-Adjusted Life Year(s)
DFU Diabetic Foot Ulcer
DL Deep Learning
DM Diabetes Mellitus
DPN Diabetic Peripheral Neuropathy
DR Diabetic Retinopathy
EASD European Association for the Study of Diabetes
ECG Electrocardiogram
eGFR Estimated Glomerular Filtration Rate
EHR(s) Electronic Health Record(s)
FINDRISC Finnish Diabetes Risk Score
FL Federated Learning
GBDT / GBM Gradient Boosted Decision Trees / Gradient Boosting Machine
GDM Gestational Diabetes Mellitus
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HbAlc Hemoglobin Alc
HL7 FHIR (Health Level Seven) Fast Healthcare Interoperability Resources
IDF International Diabetes Federation
mHealth Mobile Health
ML Machine Learning
NLP Natural Language Processing
PCA Principal Component Analysis
RF Random Forest
RL Reinforcement Learning
ROC Receiver Operating Characteristic
SANRA Scale for the Assessment of Narrative Review Articles
T2D / T2DM Type 2 Diabetes (Mellitus)
TIR Time In Range
XAI Explainable Artificial Intelligence
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