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ABSTRACT 

 

Diabetes Mellitus (DM) represents a major global 

health burden, with rapidly increasing prevalence, 

particularly in low- and middle-income countries. 

Effective glycemic monitoring is essential to prevent 

complications and optimize long-term outcomes. 

Continuous glucose monitoring (CGM) has emerged 

as a transformative technology, providing real-time 

insights into glucose variability, time-in-range, and 

hypoglycemic episodes that are not captured by 

conventional methods such as self-monitoring of 

blood glucose (SMBG) or glycated hemoglobin 

(HbA1c). Recent advancements in artificial 

intelligence (AI) have further enhanced the 

capabilities of CGM systems by enabling predictive 

analytics, personalized treatment strategies, and 

automated insulin delivery. AI-driven algorithms can 

analyze large-scale CGM datasets to identify 

glycemic patterns, forecast glucose excursions, and 

support clinical decision-making. The integration of 

machine learning models and closed-loop systems, 

often referred to as artificial pancreas technologies, 

represents a paradigm shift toward precision diabetes 

care. This narrative review explores the evolution of 

CGM technologies, their clinical utility in diabetes  

management, and the expanding role of AI in 

optimizing glycemic control. Evidence from clinical 

trials and real-world studies demonstrate that CGM, 

particularly when integrated with AI, improves 

HbA1c levels, reduces glycemic variability, and 

enhances patient quality of life. However, challenges 

related to cost, accessibility, data reliability, and 

patient adherence continue to limit widespread 

adoption, especially in resource-constrained settings. 

In conclusion, the convergence of CGM and AI holds 

significant promise for advancing personalized and 

predictive diabetes care. Future research should focus 
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on improving affordability, enhancing algorithm 

transparency, and evaluating long-term clinical 

outcomes to ensure equitable implementation across 

diverse populations. 
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1. Introduction 

 

Diabetes Mellitus (DM) is a global health concern 

with increasing incidence worldwide. In 2024, 

prevalence reached an estimated 589 million adults 

(ages 20–79), with a predicted rise to 853 million by 

2050. 81% of this disease burden is concentrated in 

low- and middle-income countries, highlighting a 

critical public health disparity1. The increasing 

prevalence of DM has not only increased the 

economic and emotional burden on patients but is 

also contributing to socioeconomic strain in the 

healthcare sector2,3. Complications like cardio-, 

cerebro-vascular conditions, blindness, nephropathy, 

neuropathy, renal failure, amputations, depression, 

suicide and death are associated with DM4,5. 

 Management and monitoring of diabetes has 

advanced significantly with the introduction of 

Continuous Glucose Monitoring (CGM)6. CGM 

systems have revolutionized diabetes management by 

providing real-time data on glucose levels, enabling 

better glycemic control and reducing the risk of DM-

associated complications. Unlike glycated 

hemoglobin (HbA1c), real-time or intermittently 

scanned CGM (isCGM) provides insight into 

glycemic variability, as well as postprandial 
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hyperglycemia, which are both closely linked to 

microvascular and macrovascular complications7. 

This has also led to a better understanding of 

individual metabolic responses to different food 

types, thereby optimising outcomes in patients with 

DM, and our understanding of metabolism in non-

diabetic individuals8. 

 Consequently, CGM has demonstrated clinical 

utility in predicting the risk of progression toward 

both Type 1 Diabetes (T1DM) and Type 2 Diabetes 

Mellitus (T2DM)9. Early detection and prediction of 

predisposition to the disease have therapeutic value, 

primarily by facilitating lifestyle modifications, 

which delay onset. 

 The integration of AI into CGM technology 

provides a pivotal opportunity to deliver precise, 

personalized, and predictive diabetes care10. Its 

capacity to identify complex glycemic patterns, 

analyse large-scale datasets, and generate accurate 

conclusions has unlocked diverse applications in 

healthcare. In the context of DM, AI-powered 

algorithms enhance CGM devices by offering 

predictive analytics, automated insulin delivery 

systems, and personalized treatment 

recommendations. 

Figure 1 also shows a diagram illustrating how an AI 

based closed-loop insulin delivery system works. 

These innovations with future advancements will 

help alleviate the burden of diabetic management and 

improve patients' quality of life 11,12. 

 

 

 
 

Figure 1. AI-based closed-loop insulin delivery system. 

Adapted from Medanki S, Dommati N, Bodapati HH, et 

al13. Artificial intelligence powered glucose monitoring 

and controlling system: Pumping module. World Journal 

of Experimental Medicine. 2024;14(1):87916, under the 

terms of the Creative Commons Attribution-

NonCommercial 4.0 International License (CC BY-NC 

4.0).  

 

This narrative review aims to explore the latest 

advancements in CGM technology and the pivotal 

role AI plays in enhancing DM management. By 

examining recent studies and technological 

breakthroughs, this paper highlights the synergistic 

potential of CGM and AI in optimizing clinical 

outcomes. 

 

2. Importance of Glucose Monitoring in DM 

Management 

 

2.1. Standard Diagnostic and Surveillance 

Methodologies  

 

Routine glucose monitoring is vital for the effective 

management of DM, it maintains glycemic control, is 

crucial for patients using insulin or sulfonylureas and 

is particularly useful during pregnancy, dietary 

changes, or before surgery, mitigating the risk of 

complications14-17. Among all monitoring methods, 

postprandial glucose tracking provides superior 

insight into overall glycemic status compared to 

fasting plasma glucose levels alone, primarily 

because postprandial glycemic spikes heavily drive 

cumulative hyperglycemia. Early diagnosis of DM is 

also a key factor in its management and prevention of 

complications. Various methods, such as regular 

HbA1c and blood glucose screening of at-risk 

patients, have been employed for this purpose. 

 The World Health Organization (WHO) 

diagnostic criteria establish fasting plasma glucose 

and 2-hour postprandial glucose levels as the 

diagnostic gold standards 18. Specifically, a 2-hour 

oral glucose tolerance test (OGTT) serves as the most 

sensitive diagnostic assay, where blood glucose levels 

exceeding 200 mg/dL confirm a diagnosis of DM19. 

Alternatively, cost-effectiveness and accuracy make 

HbA1c a preferred and a widely used alternative20.  

 For ongoing management, persistent self-

monitoring of blood glucose (SMBG) is strongly 

associated with reduced HbA1c levels21. In patients 

with T1DM, executing SMBG at least four times 

daily can lower HbA1c by approximately 1% 

compared to a single daily measurement22. While 

SMBG helps patients adjust insulin doses, manage 

diet and exercise, and make informed decisions about 

their treatment, its clinical success depends on proper 

interpretation and healthcare guidance to avoid 

frustration regarding elevated readings23,24. 

Healthcare costs, emergency visits, and chronic 
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complications can be reduced by comprehensive 

SMBG and HbA1c testing. 

 

2.2. Limitations of Capillary Blood Glucose 

Monitoring (SMBG) 

 

Traditional blood glucose monitoring methods have 

several limitations, notably procedural discomfort 

and pain, due to frequent finger pricks, which 

drastically reduce patient compliance, as well as only 

providing snapshot data25. Compared to emerging 

matrices, standard invasive methods are more 

accurate, but they remain costly, painful, and provide 

only intermittent measurements26. Furthermore, 

SMBG is susceptible to user error, manufacturing 

variability, and fluctuating environmental 

conditions27. Certain medications and extreme 

hematocrit values can also compromise reading 

accuracy28. Additionally, glycaemic excursions, 

including asymptomatic hypoglycemia and 

postprandial hyperglycemia, frequently evade 

detection via routine SMBG, as shown even among 

patients with optimal HbA1c concentrations29. 

Although SMBG is crucial for T1DM and insulin 

therapy, proper patient training is equally essential to 

minimize these inaccuracies30. Maximal efficacy of 

monitoring is crucial, as every 1% increase in HbA1c 

significantly raises healthcare costs due to DM-

related complications31. Despite its importance, 

patient adherence to monitoring remains a challenge. 

Behavioral interventions, such as patient education, 

problem-solving strategies, and motivational 

interviewing, have been shown to improve short-term 

adherence32. Literature reviews also recommend an 

increased emphasis on patient education regarding 

hypoglycemic symptoms compared to hyperglycemic 

symptoms for all individuals prescribed anti-diabetic 

medications.  

 To counter systemic issues, alternative methods 

such as sweat, saliva, tear fluid, and transdermal 

techniques have been explored. However, accuracy 

continues to be limited by analytical and pre-

analytical variables33. Research into non-invasive 

techniques, such as near-infrared spectroscopy, 

remains an active area of investigation but continues 

to face persistent challenges34-36. Alternative 

glycemic markers, such as fructosamine and glycated 

albumin, provide distinct measurement time frames 

but currently lack standardization and long-term 

longitudinal data37. 

 

2.3. The Transition to Continuous Glucose 

Monitoring (CGM)  

 

The clear limitations of conventional monitoring 

emphasize the need for advanced monitoring 

techniques. While SMBG provides discrete data 

points, and HbA1c remains the gold standard for 

long-term glycemic control, CGM offers continuous 

readings, allowing for trend analysis and therapeutic 

adjustments. Consequently, over the past two 

decades, CGM has gained substantial popularity and 

represents an important research area for DM 

management38. CGM systems provide real-time 

glucose data, including identifying glycemic 

variability (GV), time-in-range (TIR), hypoglycemic 

episodes and capture short-term fluctuations39. 

 Recent advances in wearable sensors and 

electrochemical biosensors offer promising, pain-free 

alternatives, however, further optimization of sensor 

accuracy is required30.  

 Widespread adoption was limited as early devices 

were expensive and required frequent calibrations. To 

bridge this gap, intermittently scanned CGM 

(isCGM), (historically termed flash CGM), emerged 

as a cost-effective, factory-calibrated alternative that 

eliminates manual user calibration. As technology 

progresses, CGM devices are expected to supplant 

traditional SMBG workflows, improving glycemic 

control and patient quality of life40,41. 

 

2.4. Types of CGM, Comparative Clinical Efficacy 

and Insights 

 

Real-Time CGM (rtCGM), intermittently scanned 

CGM (isCGM) & their Impact on Glycemic Control 

 

CGM is classified into intermittently scanned CGM 

(isCGM) and real-time CGM (rtCGM). While rtCGM 

continuously records glucose data every 5 minutes to 

a receiver or smartphone app, isCGM requires 

patients to actively scan the sensor throughout the day 

to retrieve data trends42. IsCGM also helps reduce 

HbA1c and manage glycemic variability through 

retrospective trend analysis. However, isCGM’s lack 

of immediate alerts limits its suitability for those 

needing immediate intervention. Research indicates 

that CGM systems with threshold user alert alarms 

significantly reduce the risk of severe 

hypoglycaemia43. 

 A randomised study evaluating 100 patients with 

T2DM who were not on insulin therapy compared the 
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efficacy of rtCGM against traditional SMBG by 

assessing HbA1c changes over a 12-week period. 

HbA1c decreased by 1.0% with rtCGM vs. 0.5% with 

SMBG44. Insulin initiation was lower in rtCGM users 

(6%) vs. SMBG (16%). The study concluded that 

rtCGM may improve HbA1c as a non-

pharmacological intervention without medication 

changes that could induce hypoglycaemia44. 

 CGM technology provides detailed glycemic 

variability (GV) analysis, allowing timely therapeutic 

adjustments (Figure 2). Moreover, insulin analogues, 

such as degludec, combined with CGM have been 

shown to reduce glucose variability 45. Parallel studies 

evaluating sodium-glucose cotransporter-2 (SGLT2) 

inhibitors, including canagliflozin and dapagliflozin, 

demonstrate reduced GV with CGM use46. Lastly, a 

meta-analysis by Chen et al. demonstrated that 

rtCGM is superior to Flash Glucose Monitoring 

(FGM; an early form of isCGM) for optimizing 

glycaemic control in patients with T1DM47. Clinical 

evidence supports the benefit of rtCGM to achieve 

improved glycaemic control, minimize extreme 

glucose fluctuations, and lower the incidence of 

severe hypoglycaemia 48-51. RtCGM, in particular, has 

also demonstrated increasing TIR, especially during 

high-risk activities like exercise51. 

 

 
- An initial postprandial glycemic spike following breakfast (11:00 am) 
- A distinct exercise-induced glucose decline (1:00 pm) 
- A second postprandial excursion following lunch (3:00 pm) 
- The third prominent postprandial spike following dinner (7:00 pm) 

 

Figure 2. Example of a CGM graph displaying Glycemic 

trends. Source: Created by the authors for illustrative 

purposes. 

 

3. Evolution of Continuous Glucose Monitoring 

(CGM) 

 

3.1. History of Glucose Monitoring Methods 

 

The history of glucose monitoring dates back to the 

19th century (Figure 3), with early methods focused 

on measuring glucose in urine. A key milestone was 

the introduction of Benedict’s copper reagent in 1908, 

followed by Clinitest in 1941 and Clinistix in 1956, 

which introduced enzymatic urine testing52. These 

methods were indirect and lacked immediate glucose 

data. 

 The conceptual foundation for enzyme-based 

glucose sensing was established by Clark and Lyons 

in 1962, who proposed the first enzyme electrode for 

glucose detection. Building on this principle, Ames 

introduced Dextrostix in 1965, a glucose oxidase–

based reagent strip that transformed blood glucose 

testing. Although the test was semi-quantitative and 

required large blood samples, it paved the way for 

future advancements. The introduction of blood 

glucose testing with Dextrostix in 1965 was followed 

by the Ames Reflectance Meter in 1970, the first 

glucose meter designed for use with Dextrostix in 

clinical settings, although its accuracy was limited. 

The Dextrometer, launched in 1980, made true home 

blood glucose monitoring more accessible53. 

 

3.2 First-Generation CGM Devices 

 

Conventional glucose monitoring methods were 

limited by the need for frequent finger pricks and their 

inability to provide continuous glucose data, 

prompting the development of CGM systems. CGM 

systems utilize the physiological equilibration 

between blood glucose and interstitial fluid in the 

subcutaneous tissue, enabling minimally invasive 

continuous monitoring.   

 First-generation CGM systems marked a 

significant step forward by using subcutaneous 

electrochemical sensors to measure interstitial 

glucose levels. One of the first retrospective 

subcutaneous CGM systems became commercially 

available in 1999. Concurrently, the GlucoWatch 

Biographer, approved in 2001, was one of the first 

transdermal devices to use reverse iontophoresis to 

extract glucose across the skin. Despite their 

innovation, early devices faced persistent challenges 

like skin irritation, frequent calibration needs, and 

limited accuracy, especially in hypoglycemic ranges. 

Early clinical trials demonstrated CGM’s ability to 

reveal glycemic patterns missed by SMBG, but 

accuracy remained a concern. Advances in sensor 

biocompatibility and calibration set the stage for 

modern CGM systems. Consequently, contemporary 

CGMs have transitioned from niche diagnostic 

devices into widely adopted, patient-facing tools. 
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Figure 3. Timeline of CGM Technological advancements 

 

3.3. Digital Integration and Automation of CGM 

 

Between 2006 and 2017, CGM technology 

transitioned from isolated diagnostic tools to 

integrated consumer and automated systems. In 2006, 

Medtronic launched the MiniMed Paradigm REAL-

Time, the first system to display CGM data directly 

on an insulin pump. Sensor wear time subsequently 

extended from three to seven days, and algorithmic 

advancements reduced the Mean Absolute Relative 

Difference (MARD) below 10%, aligning sensor 

accuracy with standard blood glucose meters. In 

2015, the Dexcom G5 Mobile introduced direct 

Bluetooth telemetry to smartphones, enabling real-

time remote monitoring for caregivers. These systems 

have advanced rtCGM technology with factory 

calibration, extended sensor life, and insulin pump 

integration, helping reduce hypoglycemic episodes 

and improve TIR in T1DM61. 

 This culminated in two major regulatory 

milestones: the 2016 approval of the Medtronic 

MiniMed 670G, the first commercial hybrid closed-

loop (HCLS) "artificial pancreas" system that 

automated insulin delivery based on sensor data, and 

the 2017 approval of the Abbott FreeStyle Libre, 

which introduced the is CGM. 

 

3.4. Non-Invasive and Implantable CGM 

 

Technological advances have led to implantable 

CGM systems, such as Eversense, featuring 

subcutaneous sensors with six-month lifespans and 

wireless data transmission. 

 Non-invasive CGM aims to measure glucose 

without penetrating the skin, using techniques like 

spectroscopy and electrochemical biosensors. Optical 

methods such as near-infrared spectroscopy are being 

explored for infection-free monitoring, though 

accuracy and environmental sensitivity remain a 

challenge62. 

 Table 1 compares the different methods used to 

monitor glucose levels. It shows that CGM systems 

provide more detailed and continuous glucose 

information than traditional SMBG, helping improve 

diabetes management and glycemic control. 

 

4. Evaluating CGM: Benefits and Limitations  

 

4.1. Patient-Centric Benefits for CGM 
 

Real-time glucose data empowers patients to make 

informed decisions about diet, exercise and 

medication. The integration of CGM with mobile 

apps and cloud platforms enhances patient-provider 

communication, enabling personalized care. 

Customizable alerts for hypo- and hyperglycemia 

improve adherence and reduce anxiety. 

 Table 2 summarizes important clinical trials 

comparing CGM with traditional glucose monitoring. 

Overall, these studies demonstrate that CGM 

improves blood sugar control by lowering HbA1c 

levels, minimizing hypoglycemia, and increasing 

CGM adoption reportedly rose from 6% in 2011 to 

38% in 2018 among T1DM patients67 
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Table 1. Comparison of glucose monitoring methods 

 

Method Invasiveness Cost Accuracy User experience Benefits 

Standard 

Blood glucose 

monitoring 

(SMBG) 

Minimally 

invasive 64 

Less cost 

Effective 
63 

Provides accurate 

glucose 

measurements when 

performed correctly, 

although accuracy 

may be affected by 

user technique and 

meter type64 

User Friendly 65 

Greater HbA1c control. 

Helps protect patients by 

immediately confirming 

hypoglycemia and 

hyperglycemia. 

Helps with patient self-

management education. 65 

rtCGM 

(Real time 

continuous 

glucose 

monitoring) 

More invasive 

Due to 

continuous 

sensor wear 65 

Higher 

cost than 

SMBG 63 

Accurate levels of 

glucose are depicted 
66 

User friendly devices 

can be placed on the 

arm, thigh or belly. 

Continuous readings 

are shown on the 

sensor 66 

Greater HbA1c control** 

and reduces hypoglycemia 

by alarming the patient 

continuously of low glucose 

levels. 66 

IsCGM 

(intermittently 

scanned 

continuous 

glucose 

monitoring) 

Less Invasive 
66 

More cost 

effective 

than 

rtCGM 66 

Same accuracy as 

rtCGM under most 

clinical conditions 
64 

Less user-friendly 

devices as they can be 

placed on the arm 

only. A scan is 

required in order for 

the glucose levels to 

be displayed 66 

Greater HbA1c control** 

but not efficient in reducing 

hypoglycemia as the sensor 

is required to be scanned 

manually. 66 

** Haskova et al discusses the efficacy of rtCGM and isCGM 

 

Table 2. Landmark studies Demonstrating the clinical efficacy of Continuous Glucose Monitoring 

(CGM) 

 

Study Year Study Design Population 
Sample 

Size 
Key Findings 

Deiss et al. 68 2006 

Randomized 

Controlled Trial 

(RCT) 

Type 1 Diabetes Mellitus 

(T1DM) 
156 

Frequent CGM use significantly 

improved HbA1c compared with 

SMBG, demonstrating the value of 

continuous monitoring.  

JDRF CGM study 

group 69 2008 Multicenter RCT 
T1DM patients aged 

equal to and >8 years 
322 

CGM significantly reduced HbA1c 

in adults and improved glycemic 

control without increasing severe 

hypoglycemia.  

Ehrhardt et al. 70 2011 RCT Insulin treated T2DM 100 

rtCGM users achieved greater 

HbA1c reduction than SMBG users 

despite no medication 

intensification.  

DIAMOND Trial 

(Beck et al.) 71 2017 RCT 

Adults with T1DM using 

multiple daily Insulin 

Injections 

158 

CGM resulted in significantly lower 

HbA1c and improved glycemic 

control compared with conventional 

monitoring.  

GOLD Trial 

(Lind et al.) 72 2017 RCT 
Adults with T1DM on 

multiple daily injections 
161 

CGM reduced HbA1c, increased 

TIR, and decreased hypoglycemic 

episodes compared with SMBG.  

Charleer et al 73 2020 
Prospective Real 

world Cohort Study 

Adults with T1DM using 

intermittently scanned 

CGM 

1905 

Long-term CGM use improved 

quality of life and glycemic 

outcomes under routine clinical 

practice.  

Wright et al.74 2021 
Retrospective 

Observational study 

T2DM patients using 

basal insulin or non 

insulin therapy 

1034 

isCGM use was associated with 

significant HbA1c reduction in 

routine clinical care.  
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4.2. Limitations and Challenges of CGM 

 

Despite its benefits, CGM has limitations in accuracy, 

cost, and accessibility. Sensor performance can be 

suboptimal in detecting hypoglycemia, particularly in 

patients with impaired hypoglycemic awareness. 

High costs and inconsistent insurance coverage 

hinder widespread adoption, especially in low-

resource settings. Modern CGM devices, such as 

Dexcom G775,76 and FreeStyle Libre 377,78, offer 

improved accuracy but vary in sensor metrics79. 

Integration with automated insulin delivery has 

enhanced patient outcomes, yet inpatient CGM use is 

not FDA-approved80,81. Limitations also include low 

patient literacy, alarm fatigue, interference from 

certain substances, high discontinuation rates, and 

inadequate reimbursement82. Moreover, CGM 

accessibility to low income and underdeveloped 

countries requires further improvement.  

 Patient adherence can be challenging due to device 

fatigue, discomfort or the psychological burden of 

constant monitoring. Patient education is also 

required to interpret glucose trends effectively.  

Addressing these barriers necessitates advances in 

sensor reliability, cost reduction and improved patient 

support. Telemedicine enhances DM management by 

providing continuous monitoring with remote 

consultations and has also proven effective for 

HbA1c monitoring83,84,85. However, it is limited by 

resource constraints, lack of awareness, accessibility 

and regulatory concerns86,87. 

 

5. Integration of Artificial Intelligence in 

Continuous Glucose Monitoring and Diabetes 

Management 

 
5.1. Integration of Artificial Intelligence in CGM  

 
Recent innovations focus on evaluating Artificial 

Intelligence (AI)-integrated digital health platforms 

for DM management. Combining AI with CGM is 

transforming care by enabling accurate glucose trend 

forecasting and personalized insulin dosing. AI 

models analyze real-time and historical CGM data to 

predict glucose fluctuations, facilitating timely 

actions such as insulin adjustments or dietary 

alterations88. 

 In an RCT by Lee et al., an AI-driven digital 

platform was evaluated in adults with T2DM. Over 

48 weeks, the intervention improved HbA1c metrics 

without escalating hypoglycemia risk, while also 

driving significant weight loss by week 24. When 

paired with CGM data and structured clinical 

feedback, patient outcomes improved significantly 

compared to standard care89. 

 In a neonatal context, Galdersi et al. conducted a 

retrospective study using CGM data linked to an AI-

derived Continuous Learning Artificial Intelligence 

Risk (CLAIR) index to assess glucose variability 

during the first 72 hours of life. The CLAIR index 

was the sole significant predictor of intraventricular 

hemorrhage (IVH) compared to traditional clinical 

variables, highlighting its potential as an early risk-

detection biomarker90. 

 

5.2. AI Algorithms in CGM Data Analysis     

 

AI algorithms are capable of processing complex 

datasets to uncover glucose patterns often missed by 

standard analyses. By integrating data from CGMs, 

insulin delivery systems, and digital health metrics, 

these models deliver individualized treatment 

recommendations. Derozie et al. emphasized that 

visualizing AI output enhances interpretability for 

both healthcare providers and patients alike. In their 

study, daily glucose readings were structured over 

time and clustered into similar glycemic patterns. 

These clusters revealed common daily glucose trends, 

establishing a baseline for more tailored DM 

management strategies91. AI applications in DM 

include complication prediction, diagnosis, improved 

prevention strategies and treatment response, with 

successful implementation for self-management and 

education92,93. 

 

5.3. Machine Learning for Personalized Management 

Using CGM   

 
Machine learning (ML) architectures excel at 

interpreting the rich data stream provided by CGM 

devices, which measure interstitial glucose levels at 

5-minute intervals. A meta-analysis of 46 studies 

evaluated ML models for glucose prediction across 

multiple forecasting horizons. The average root 

means square error (RMSE) for prediction horizons 

of 15, 30, 45, and 60 minutes was 18.88 mg/dL, 21.40 

mg/dL, 21.27 mg/dL, and 30.01 mg/dL, respectively, 

with neural network models (NNMs) demonstrating 

superior overall performance94. 

 For hypoglycemia prediction, pooled analysis 

yielded a positive likelihood ratio (PLR) of 8.3 and a 

negative likelihood ratio (NLR) of 0.31. For 
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detection, the PLR and NLR were 2.4 and 0.37, 

respectively. While ML models can accurately 

predict impending hypoglycemia, their sensitivity in 

capturing active, acute events remains a limitation94. 

 

5.4. Predictive Alerts for Glucose Excursions 

 
The Diabetes Control and Complications Trial 

(DCCT) definitively established that tight glucose 

control reduces microvascular complications in 

T1DM but increases the risk of severe 

hypoglycemia95. Consequently, optimizing HbA1c 

requires rigorous monitoring to avoid hypoglycemic 

events. 

 A pilot study (n=15) using a DexCom long-term 

CGM demonstrated that real-time monitoring helps 

reduce hypoglycemia risk. However, larger 

adequately powered trials are needed to confirm long-

term benefits on HbA1c96,97. Predictive alerts using 

ML show potential but often produce false positives 

due to the statistically relative rarity of hypoglycemic 

events. Improving model specificity and 

generalizability remains key for practical use. 

 

5.5. Closed-Loop Systems (Artificial Pancreas)  

 

Closed-loop systems, or the artificial pancreas (AP), 

automate glycemic management by synthesizing a 

CGM sensor, a control algorithm, and an insulin 

pump into a continuous feedback loop:  

• CGM Sensor: Continuously monitors interstitial 

glucose trends. 

• Control Algorithm: Processes real-time data to 

recommend insulin delivery. 

• Insulin Pump: Subcutaneously delivers the 

modulated insulin doses. 
A primary algorithmic approach utilizes Model 

Predictive Control (MPC), which anticipates future 

glucose levels and adjusts insulin, accordingly, 

improving stability and reducing hypo- or 

hyperglycemia risks 98. For instance, Control-IQ 

technology employs an MPC algorithm that predicts 

glucose levels 30 minutes in advance. The system 

upregulates insulin delivery upon anticipating 

hyperglycemia and suspends insulin administration if 

it predicts impending hypoglycemia99. 

 Concurrently, alternative models incorporate 

Proportional-Integral-Derivative (PID) controllers 

within the decision unit. These mathematical 

frameworks calculate the appropriate insulin dose, 

which is then automatically delivered by the pump 

which demonstrates adaptability in maintaining 

glucose control even during acute glycemic 

fluctuations100 (Table 3).  

 

6. Ethico-legal Considerations 

 

Determining liability for AI-driven clinical errors 

remains a complex legal challenge112-114. When 

machine learning algorithms recommend incorrect 

treatments that cause patient harm, liability is 

ambiguously distributed among healthcare providers, 

developers, and institutions. This opacity is 

compounded by the evolving nature of algorithms and 

human automation bias, where clinicians may over-

rely on AI. Furthermore, third-party cloud processing 

of CGM metrics demands strict compliance with 

GDPR and HIPAA regulations. Ethical frameworks 

must ensure that AI tools augment, rather than 

replace, human clinical judgment115,117,118. 

 

6.1. Data Security, Privacy, and Blockchain 

Integration 

 

To mitigate data breaches, AI-driven CGM platforms 

require robust encryption, access controls, and 

anonymization throughout their lifecycle. Integrating 

blockchain technology offers a decentralized, 

immutable ledger where CGM data transactions are 

encrypted and timestamped to prevent unauthorized 

tampering115. This supports secure, real-time data 

streaming and enables conditional data sharing. 

Blockchain enhances electronic health record (EHR) 

interoperability, feeding secure data into AI models 

for personalized clinical interventions while 

maintaining verifiable regulatory compliance115. 

 

6.2. Algorithmic Trust, Explainability, and Equity 

 

Fostering clinician and patient trust requires 

explainable AI techniques to make complex 

algorithmic decision-making transparent. Algorithms 

must also account for patient demographic 

differences to ensure equitable treatment. Because 

over 75% of global diabetes deaths occur in LMICs, 

mitigating data underrepresentation is vital to avoid 

compounding healthcare inequities116. Federated 

learning addresses this bias by enabling multi-

institutional model training without exchanging raw 

patient data, while adversarial debiasing further 

reduces demographic disparities. 
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6.3. Medical Society Endorsements and Technical 

Standards 

 

Medical and technical societies are actively 

establishing consensus guidelines to bridge 

implementation gaps: 

• Diabetes Technology Society (DTS): Advocates 

for rigorous cybersecurity standards (e.g., IEEE 

2621) using security-by-design frameworks, 

memory protections, and continuous threat 

monitoring via the Malware Information Sharing 

Platform (MISP)118. 

• ADA and EASD: Recognize AI’s expanding role 

through joint consensus reports and expert 

reviews, though formal, standalone clinical 

guidelines are still maturing. 

• European Diabetes Forum (EUDF): Emphasizes 

that AI-driven clinical decision support systems 

(CDSS) can minimize clinical inertia, providing 

a clear roadmap for safe integration and strategic 

governance in primary care118. 
 

7. Future Directions 
 

Ongoing advancements in digital technology, 

connectivity, and data analytics is shifting the 

management of DM toward seamless, real-time, and 

minimally invasive CGM systems119, 120, 121. However, 

several critical questions remain. These include 

determining HCLS potential to replace traditional 

insulin therapies as the gold standard of care122. 

Large-scale investigations must assess the cost-

effectiveness, clinical reliability, long-term patient 

adherence, and real-world implementation of these 

systems. 

 CGM is now increasingly used in patients with 

chronic renal failure and coronary 

atherosclerosis123,124. Artificial intelligence (AI) is 

also playing a vital role; AI-driven nutritional 

 

Table 3. Current and Emerging AI Applications in CGM80 

Current Applications in CGM101 

Applications Characteristics Benefits User Experience 

Dexcom G5 101 

Earliest CGM device used to 

provide real time accurate glucose 

levels. It requires calibration. 

Provides real time alerts and 

saves up the record for 7 days 

in the sensor. 

Confirmatory fingersticks are 

required prior to treatment and 

have less sensor life. 

Dexcom G6 101 Latest generation which does not 

require calibration. 

Real time accurate results and 

can store the data in the 

sensor for 10 days. 

Cost-effective and thinner 

transmitter making it highly user 

friendly. 

FreeStyle Libre 14 

day102 

Factory Calibrated and thus 

decreasing the errors due to 

physiological lag time between 

blood and interstitial glucose levels. 

Disposable sensors and single 

readers can scan and activate 

multiple devices in the office. 

No alerts are provided by the 

sensor which has a life of 14 

days. 

FreeStyle Libre 2 103 Similar characteristics except that it 

provides hyperglycemic alerts. 
Thinnest CGM device 

User friendly as it provides both 

spectrums of sugar levels. 

Emerging AI Applications in CGM-104 

Medtronic 670G 104 

First FDA approved artificial 

pancreas system that provides basal 

insulin delivery after every 5 

minutes. 

Reduces HbA1c levels and 

improves the time in target 

range 105. 

Discontinuation is higher due to 

sensor issues, availability issues 

and preference for injections 106 

Tandem T 107 

Use a calibration free Dexcom G6 

sensor which provides extended 

bolts upto 2 hours. 

Improvements in 

hypoglycemia, mean glucose 

and HbA1c along with 

increased percentage time in 

target levels 108 

Device related treatment 

satisfaction and improved 

emotional wellbeing. 

Omnipod 5 109 Tubeless insulin delivery system 

which has no bolus automation. 

Greater reduction in HbA1c 

levels 110 

Not as user friendly as the 

algorithm is adjusted after every 3 

days. 

iLet Bionic Pancreas 
111 

Closed loop system that delivers 

insulin based on body weight and 

meal requirement 

Greater reduction A1c as 

compared to hybrid loop 

system but no difference in 

hypoglycemia. 

User friendly as it only requires 

carbohydrates amount and 

estimates the user's insulin need 

and delivery. However, it is 

expensive. 
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platforms optimize personalized dietary choices, 

while algorithms for diabetic kidney disease (DKD) 

synthesize complex genetic and clinical biomarkers 

to tailor patient-specific interventions125,126. Notably, 

recent investigations evaluating ChatGPT for 

nutritional guidance have exposed critical gaps in 

structured dietary interventions, highlighting the need 

for medically validated AI frameworks.  

 Wearable CGM devices, including smartwatches 

and wristbands, offer real-time, non-invasive glucose 

monitoring and are compatible with mobile 

applications127,128. While most commercial CGM 

systems rely on the traditional glucose-oxidase 

electrochemical principle, newer OECT-based CGM 

designs enhance precision and device longevity129,130. 

Future integration directions also lie in combining AI, 

CGM hardware, and transcutaneous auricular vagus 

nerve stimulation (taVNS); a novel non-

pharmacological intervention for glycemic control131.  

This multimodal approach could enable real-time 

neuromodulation while minimizing medication 

dependence across a broader patient demographic132. 

 

8. Conclusion 

 

This narrative review aims to evaluate and 

summarize the evolution of CGM technology and the 

significant role of AI in DM management. The 

review found that CGM provides a more 

comprehensive glucose profile as compared to 

SMBG, improving glycemic control and patient 

quality of life. It is of particular benefit in alerting 

patients of asymptomatic hypoglycemia and 

postprandial hyperglycemia with acceptable HbA1c 

levels. 

We further highlight the use of Machine learning 

models, digital platforms and devices that enhance 

self-management and treatment. The evolution of 

hybrid closed-loop insulin delivery systems (the 

artificial pancreas) has revolutionized DM care by 

optimizing insulin delivery and reducing patient 

intervention127,128. 

  However, limitations like cost, ethico-legal 

considerations and perception of inaccuracy remain. 

Future research should explore the cost effectiveness, 

patient adherence, reliability and real-world 

implementation of these systems, particularly in 

diverse populations. Additionally, we need to explore 

algorithms in AI and CGM technology which can 

improve the early detection and timely management 

of complications. However, challenges like high cost 

of CGM devices and their accessibility in low-income 

regions must also be addressed for widespread 

adoption129. 

 

Acknowledgements 

We acknowledge the support of our institute CMH 

Lahore Medical College & Institute of Dentistry, 

Lahore. No funding of any kind was taken for this 

study. 

 

Autor contribution 

US, UB, SK were involved in conceptualization and 

administration, All authors were involved in writing 

the original draft and interpretation of data. Literature 

search: US, FYS, SC, HI Substantial revisions to the 

final draft performed by HI, FYS, SC, US. 

Mentorship by SIAS. Images and tables designed by 

FYS. All authors have read and approved the final 

manuscript. 

 

Conflict of Interest 

The author(s) declared no potential conflicts of 

interest with respect to the research, authorship, 

and/or publication of this article. 

 

AI use statement 

The author(s) declare that no Generative AI was used 

in the creation of this manuscript. 

 

Publisher’s note  

All claims expressed in this article are solely those of 

the authors and do not necessarily represent those of 

their affiliated organizations, or those of the 

publisher, the editors and the reviewers. Any product 

that may be evaluated in this article, or claim that may 

be made by its manufacturer, is not guaranteed or 

endorsed by the publisher. 

 

References 
 

1. Magliano DJ, Boyko EJ; Diabetes Atlas 11th Edition 

Scientific Committee. IDF Diabetes Atlas. 11th ed. 

Brussels: International Diabetes Federation; 2025. 

Available from: amazonaws.com 

2. Hruby A, Hu FB. The Epidemiology of Obesity: A Big 

Picture. Pharmacoeconomics. 2015;33(7):673-689. 

doi:10.1007/s40273-014-0243-x    

3. Chen, S., Cao, Z., Chen, W., et al. The global 

macroeconomic burden of diabetes mellitus. Nature 

Medicine. 2026;32:126–138. https://doi.org/10.1038/ 

s41591-025-04027-5  



Artificial Intelligence–Enhanced Continuous Glucose Monitoring 

discoveries-reports.com 12 

4.  Lu Y, Wang W, Liu J, Xie M, Liu Q, Li S. Vascular 

complications of diabetes: A narrative review. 

Medicine (Baltimore). 2023 Oct 6;102(40):e35285. 

doi: 10.1097/MD.0000000000035285. 

5. Sher L. Depression and suicide in patients with 

diabetes. Braz J Psychiatry. 2023 Mar 13;45(1):84. doi: 

10.47626/1516-4446-2022-2680. PMID: 35809260; 

PMCID: PMC9976919.  

6. Olczuk D, Priefer R. A history of continuous glucose 

monitors (CGMs) in self-monitoring of diabetes 

mellitus. Diabetes Metab Syndr. 2018;12(2):181-187. 

doi:10.1016/j.dsx.2017.09.005  

7. Liu Z, Fu C, Wang W, Xu B. Prevalence of chronic 

complications of type 2 diabetes mellitus in outpatients 

- a cross-sectional hospital based survey in urban 

China. Health Qual Life Outcomes. 2010;8:62. 

Published 2010 Jun 26. doi:10.1186/1477-7525-8-62  

8.  Klonoff DC, Nguyen KT, Xu NY, Gutierrez A, 

Espinoza JC, Vidmar AP. Use of Continuous Glucose 

Monitors by People Without Diabetes: An Idea Whose 

Time Has Come?. J Diabetes Sci Technol. 

2023;17(6):1686-1697. 

doi:10.1177/19322968221110830  

9. Danne T, Nimri R, Battelino T, et al. International 

Consensus on Use of Continuous Glucose Monitoring. 

Diabetes Care. 2017;40(12):1631-1640. 

doi:10.2337/dc17-1600      

10. Montaser E, Brown SA, DeBoer MD, Farhy LS. 

Predicting the Risk of Developing Type 1 Diabetes 

Using a One-Week Continuous Glucose Monitoring 

Home Test With Classification Enhanced by Machine 

Learning: An Exploratory Study. J Diabetes Sci 

Technol. 2024;18(2):257-265. 

doi:10.1177/19322968231209302  

11.   Li Z, Tong L, Wang L, et al. Role of artificial 

intelligence in the management of patients with 

diabetes mellitus: A review. J Diabetes Res. 2020; 

2020:3207649. 

12.   Shashaj B, Bedogni G, Graziani MP, et al. Artificial 

intelligence in diabetes care: a scoping review of 

current applications and future challenges. Diabetes 

Metab Res Rev. 2021;37(6): e3436. 

13. Medanki S, Dommati N, Bodapati HH, et al. Artificial 

intelligence powered glucose monitoring and 

controlling system: Pumping module. World J Exp 

Med. 2024;14(1):87916. Published 2024 Mar 20. 

doi:10.5493/wjem.v14.i1.87916        

14. Worth C, Hoskyns L, Salomon-Estebanez M, Nutter 

PW, Harper S, Derks TGJ, Beardsall K, Banerjee I. 

Continuous glucose monitoring for children with 

hypoglycemia: Evidence in 2023. Front Endocrinol 

(Lausanne). 2023 Jan 23; 14:1116864. 

doi:10.3389/fendo.2023.1116864. PMID: 36755920; 

PMCID: PMC9900115. 

15. Oliver N, Reddy M, Leelarathna L. Continuous glucose 

sensor accuracy: beyond the headline metric. Lancet 

Diabetes Endocrinol. 2024 Oct 14: S2213-

8587(24)00245-6. doi:10.1016/S2213-8587(24)00245-

6. Epub ahead of print. PMID: 39419044. 

16. Charleer S, De Block C, Van Huffel L, Broos B, Fieuws 

S, Nobels F, et al. Quality of life and glucose control 

after 1 year of nationwide reimbursement of 

intermittently scanned continuous glucose monitoring 

in adults living with type 1 diabetes (FUTURE): A 

prospective observational real-world cohort study. 

Diabetes Care. 2020;43(2):389–97. 

doi:10.2337/DC19-1610. 

17. Wright EE, Kerr MSD, Reyes IJ, Nabutovsky Y, Miller 

E. Use of flash continuous glucose monitoring is 

associated with A1C reduction in people with type 2 

diabetes treated with basal insulin or noninsulin 

therapy. Diabetes Spectr. 2021;34(2):184. 

doi:10.2337/DS20-0069. 

18. American Diabetes Association. Standards of medical 

care in diabetes—2023. Diabetes Care. 2023;46(Suppl 

1): S1–S312. 

19. International Diabetes Federation. IDF Diabetes Atlas, 

10th edition. Brussels, Belgium: IDF; 2021. 

20. World Health Organization. Global report on diabetes. 

Geneva: WHO; 2016. 

21. Nathan DM, Buse JB, Davidson MB, et al. Medical 

management of hyperglycemia in type 2 diabetes: a 

consensus algorithm for the initiation and adjustment of 

therapy: a consensus statement of the American 

Diabetes Association and the European Association for 

the Study of Diabetes. Diabetes Care. 2009;32(1):193-

203. doi:10.2337/dc08-9025  

22. International Hypoglycaemia Study Group. 

Minimizing hypoglycemia in diabetes. Diabetes Care. 

2017;40(12):1557–1562. 

23. Ceriello A, Ihnat MA. 'Glycaemic variability': a new 

therapeutic challenge in diabetes and the critical care 

setting. Diabet Med. 2010;27(8):862-867. 

doi:10.1111/j.1464-5491.2010.02967.x  

24. Beck RW, Riddlesworth T, Ruedy K, et al. Effect of 

Continuous Glucose Monitoring on Glycemic Control 

in Adults With Type 1 Diabetes Using Insulin 

Injections: The DIAMOND Randomized Clinical Trial. 

JAMA. 2017;317(4):371–378. 

doi:10.1001/jama.2016.19975  

25. Rodbard D. Continuous Glucose Monitoring: A 

Review of Successes, Challenges, and Opportunities. 



Artificial Intelligence–Enhanced Continuous Glucose Monitoring 

discoveries-reports.com 13 

Diabetes Technol Ther. 2016;18 Suppl 2(Suppl 2):S3-

S13. doi:10.1089/dia.2015.0417  

26. Leelarathna L, Choudhary P, Wilmot EG, et al. Hybrid 

closed-loop therapy: Where are we in 2021?. Diabetes 

Obes Metab. 2021;23(3):655-660. 

doi:10.1111/dom.14273  

27. Heinemann L, Schoemaker M, Schmelzeisen-Redecker 

G, et al. Benefits and Limitations of MARD as a 

Performance Parameter for Continuous Glucose 

Monitoring in the Interstitial Space. J Diabetes Sci 

Technol. 2020;14(1):135-150. 

doi:10.1177/1932296819855670  

28. Riddell MC, Gallen IW, Smart CE, et al. Exercise 

management in type 1 diabetes: a consensus statement. 

Lancet Diabetes Endocrinol. 2017;5(5):377-390. 

doi:10.1016/S2213-8587(17)30014-1  

29. Tauschmann M, Thabit H, Bally L, et al. Closed-loop 

insulin delivery in suboptimally controlled type 1 

diabetes: a multicentre, 12-week randomised trial. 

Lancet.  

30. El-Khatib FH, Balliro C, Hillard MA, et al. Home use 

of a bihormonal bionic pancreas versus insulin pump 

therapy in adults with type 1 diabetes: a multicentre 

randomised crossover trial. Lancet. 

2017;389(10067):369-380. doi:10.1016/S0140-

6736(16)32567-3  

31. Weisman A, Bai JW, Cardinez M, Kramer CK, Perkins 

BA. Effect of artificial pancreas systems on glycaemic 

control in patients with type 1 diabetes: a systematic 

review and meta-analysis of outpatient randomised 

controlled trials. Lancet Diabetes Endocrinol. 

2017;5(7):501-512. doi:10.1016/S2213-

8587(17)30167-5  

32. Bally L, Thabit H, Hartnell S, et al. Closed-Loop 

Insulin Delivery for Glycemic Control in Noncritical 

Care. N Engl J Med. 2018;379(6):547-556. 

doi:10.1056/NEJMoa1805233  

33. Battelino T, et al. ISPAD Clinical Practice Consensus 

Guidelines 2022: Continuous glucose monitoring in 

children and adolescents. Pediatr Diabetes. 

2022;23(8):873–889. 

34. Brown SA, Kovatchev BP, Raghinaru D, et al. Six-

Month Randomized, Multicenter Trial of Closed-Loop 

Control in Type 1 Diabetes. N Engl J Med. 

2019;381(18):1707-1717. 

doi:10.1056/NEJMoa1907863  

35. Bekiari E, Kitsios K, Thabit H, et al. Artificial pancreas 

treatment for outpatients with type 1 diabetes: 

systematic review and meta-analysis. BMJ. 

2018;361:k1310. Published 2018 Apr 18. 

doi:10.1136/bmj.k1310  

36. Doyle FJ 3rd, Huyett LM, Lee JB, Zisser HC, Dassau 

E. Closed-loop artificial pancreas systems: engineering 

the algorithms. Diabetes Care. 2014;37(5):1191-1197. 

doi:10.2337/dc13-2108  

37. Russell SJ, El-Khatib FH, Sinha M, et al. Outpatient 

glycemic control with a bionic pancreas in type 1 

diabetes. N Engl J Med. 2014;371(4):313-325. 

doi:10.1056/NEJMoa1314474  

38. Bergenstal RM, Garg S, Weinzimer SA, et al. Safety of 

a Hybrid Closed-Loop Insulin Delivery System in 

Patients With Type 1 Diabetes. JAMA. 

2016;316(13):1407-1408. 

doi:10.1001/jama.2016.11708  

39. Reddy N, Verma N, Dungan K. Monitoring 

Technologies- Continuous Glucose Monitoring, 

Mobile Technology, Biomarkers of Glycemic Control. 

[Updated 2023 Jul 8]. In: Feingold KR, Anawalt B, 

Blackman MR, et al., editors. Endotext [Internet]. 

South Dartmouth (MA): MDText.com, Inc.; 2000-. 

Available from: 

https://www.ncbi.nlm.nih.gov/books/NBK279046/ 

40. Battelino T, Danne T, Bergenstal RM, et al. Clinical 

Targets for Continuous Glucose Monitoring Data 

Interpretation: Recommendations From the 

International Consensus on Time in Range. Diabetes 

Care. 2019;42(8):1593-1603. doi:10.2337/dci19-0028  

41. Lind M, Polonsky W, Hirsch IB, et al. Continuous 

Glucose Monitoring vs Conventional Therapy for 

Glycemic Control in Adults With Type 1 Diabetes 

Treated With Multiple Daily Insulin Injections: The 

GOLD Randomized Clinical Trial. JAMA. 

2017;317(4):379-387. doi:10.1001/jama.2016.19976  

42. Boughton CK, et al. Closed-loop insulin delivery in 

adults with type 1 diabetes: Meta-analysis of individual 

participant data. Lancet Diabetes Endocrinol. 

2020;8(2):130–140. 

43. Bekiari E, Kitsios K, Thabit H, et al. Artificial pancreas 

treatment for outpatients with type 1 diabetes: 

systematic review and meta-analysis. BMJ. 

2018;361:k1310. Published 2018 Apr 18. 

doi:10.1136/bmj.k1310  

44. Kowalski A. Pathway to artificial pancreas systems 

revisited: moving downstream. Diabetes Care. 

2015;38(6):1036-1043. doi:10.2337/dc15-0364  

45. Juvenile Diabetes Research Foundation Continuous 

Glucose Monitoring Study Group, Tamborlane WV, 

Beck RW, et al. Continuous glucose monitoring and 

intensive treatment of type 1 diabetes. N Engl J Med. 

2008;359(14):1464-1476. 

doi:10.1056/NEJMoa0805017  



Artificial Intelligence–Enhanced Continuous Glucose Monitoring 

discoveries-reports.com 14 

46. Battelino T, et al. Consensus on use of continuous 

glucose monitoring: Update 2020. Diabetes Care. 

2020;43(8):1867–1877. 

47. O'Connor S, et al. Artificial intelligence in continuous 

glucose monitoring and diabetes management: A 

narrative review. Front Endocrinol (Lausanne). 2021; 

12:669473. 

48. Kudva YC, et al. Approaches to using time in range for 

diabetes management and clinical trials. Diabetes Care. 

2022;45(1): e9–e11. 

49. Bekiari E, et al. Artificial pancreas systems for people 

with type 1 diabetes: An update. Cochrane Database 

Syst Rev. 2021;4:CD012618. 

50. Ziegler R, et al. Real-time continuous glucose 

monitoring in children and adolescents with type 1 

diabetes: Results from a randomized controlled trial. 

Diabetes Care. 2011;34(3):513–518. 

51. Wadwa RP, et al. Clinical use of continuous glucose 

monitoring in pediatrics. Diabetes Technol Ther. 

2018;20(Suppl 2): S13–S20. 

52. Clarke SF, Foster JR. A history of blood glucose meters 

and their role in self-monitoring of diabetes mellitus. Br 

J Biomed Sci. 2012;69(2):83-93. PMID: 22872934.  

53. Diabetes Control and Complications Trial Research 

Group; Nathan DM, Genuth S, Lachin J, Cleary P, 

Crofford O, Davis M, Rand L, Siebert C. The effect of 

intensive treatment of diabetes on the development and 

progression of long-term complications in insulin-

dependent diabetes mellitus. N Engl J Med. 1993 Sep 

30;329(14):977-86. doi: 

10.1056/NEJM199309303291401.  

54. Tonyushkina K, Nichols JH. Glucose meters: a review 

of technical challenges to obtain accurate results. J 

Diabetes Sci Technol. 2009;3(4):971-980. 

doi:10.1177/193229680900300446   

55. Role of Continuous Glucose Monitoring in Diabetes 

Treatment. Arlington (VA): American Diabetes 

Association; 2018 Aug. Available from: 

https://www.ncbi.nlm.nih.gov/books/NBK538971/ 

doi: 10.2337/db20181  

56. Didyuk O, Econom N, Guardia A, Livingston K, Klueh 

U. Continuous glucose monitoring devices: past, 

present, and future focus on the history and evolution 

of technological innovation. J Diabetes Sci Technol. 

2021;15(3):676-683. doi:10.1177/1932296819899394  

57. Kesavadev J, Saboo B, Krishna MB, Krishnan G. 

Evolution of insulin delivery devices: from syringes, 

pens, and pumps to DIY artificial pancreas. Diabetes 

Ther. 2020;11(6):1251-1269. doi:10.1007/s13300-020-

00831-z   

58. Fu HNC, Wyman JF, Peden-McAlpine CJ, Draucker 

CB, Schleyer T, Adam TJ. App design features 

important for diabetes self-management as determined 

by the self-determination theory on motivation: content 

analysis of survey responses from adults requiring 

insulin therapy. JMIR Diabetes. 2023;24(8): e38592. 

doi:10.2196/38592  

59. FDA authorizes first interoperable insulin pump 

intended to allow patients to customize treatment 

through their individual diabetes management devices. 

US Food and Drug Administration. February 14, 2019. 

May 2024 was accessed. https://www.fda.gov/news-

events/press-announcements/fda-authorizes-first-

interoperable-insulin-pump-intended-allow-patients-

customize-treatment-through 

60. FDA clears first over-the-counter continuous glucose 

monitor. US Food and Drug Administration. March 5, 

2024. Accessed March 2024. 

https://www.fda.gov/news-events/press-

announcements/fda-clears-first-over-counter-

continuous-glucose-monitor 

61. Hirsch IB. Introduction: History of Glucose 

Monitoring. In: Role of Continuous Glucose 

Monitoring in Diabetes Treatment. Arlington (VA): 

American Diabetes Association; 2018 Aug. Available 

from: 

https://www.ncbi.nlm.nih.gov/books/NBK538968/ 

doi: 10.2337/db20181-1 

62. Wu J, Liu Y, Yin H, Guo M. A new generation of 

sensors for non-invasive blood glucose monitoring. Am 

J Transl Res. 2023 Jun 15;15(6):3825-3837. PMID: 

37434817; PMCID: PMC10331674. 

63. Isitt JJ, Roze S, Sharland H, Cogswell G, Alshannaq H, 

Norman GJ, Lynch PM. Cost-Effectiveness of a Real-

Time Continuous Glucose Monitoring System Versus 

Self-Monitoring of Blood Glucose in People with Type 

2 Diabetes on Insulin Therapy in the UK. Diabetes 

Ther. 2022 Dec;13(11-12):1875-1890. doi: 

10.1007/s13300-022-01324-x. Epub 2022 Oct 19. 

PMID: 36258158; PMCID: PMC9663778. 

64. Olansky L, Kennedy L. Finger-stick glucose 

monitoring: issues of accuracy and specificity. 

Diabetes Care. 2010 Apr;33(4):948-9. doi: 

10.2337/dc10-0077. PMID: 20351231; PMCID: 

PMC2845057.  

65. Klonoff DC. Benefits and limitations of self-

monitoring of blood glucose. J Diabetes Sci Technol. 

2007 Jan;1(1):130-2. doi: 

10.1177/193229680700100121. PMID: 19888392; 

PMCID: PMC2769614. 

66.  Hásková A, Radovnická L, Petruželková L, Parkin 

CG, Grunberger G, Horová E, Navrátilová V, Kádě O, 



Artificial Intelligence–Enhanced Continuous Glucose Monitoring 

discoveries-reports.com 15 

Matoulek M, Prázný M, Šoupal J. Real-time CGM Is 

Superior to Flash Glucose Monitoring for Glucose 

Control in Type 1 Diabetes: The CORRIDA 

Randomized Controlled Trial. Diabetes Care. 2020 

Nov;43(11):2744-2750. doi: 10.2337/dc20-0112. Epub 

2020 Aug 28. PMID: 32859607; PMCID: 

PMC7576432. 

67. Hanson K, Kipnes M, Tran H. Comparison of Point 

Accuracy Between Two Widely Used Continuous 

Glucose Monitoring Systems. J Diabetes Sci Technol. 

2024 May;18(3):598–607. 

doi:10.1177/19322968231225676. Epub 2024 Jan 8. 

PMID: 38189290; PMCID: PMC11089878. 

68. Elbalshy M, Haszard J, Smith H, Kuroko S, Galland B, 

Oliver N, Shah V, de Bock MI, Wheeler BJ. Effect of 

divergent continuous glucose monitoring technologies 

on glycaemic control in type 1 diabetes mellitus: A 

systematic review and meta-analysis of randomised 

controlled trials. Diabet Med. 2022 Aug;39(8): e14854. 

doi: 10.1111/dme.14854. Epub 2022 Apr 25. PMID: 

35441743; PMCID: PMC9542260.  

69. Juvenile Diabetes Research Foundation Continuous 

Glucose Monitoring Study Group, Tamborlane WV, 

Beck RW, Bode BW, et al. Continuous glucose 

monitoring and intensive treatment of type 1 diabetes. 

N Engl J Med. 2008;359(14):1464-1476. 

doi:10.1056/NEJMoa0805017  

70. Poolsup N, Suksomboon N, Kyaw AM. Systematic 

review and meta-analysis of the effectiveness of 

continuous glucose monitoring (CGM) on glucose 

control in diabetes. Diabetol Metab Syndr. 2013 Jul 23; 

5:39. doi: 10.1186/1758-5996-5-39. PMID: 23876067; 

PMCID: PMC3728077. 

71. Beck RW, Riddlesworth T, Ruedy K, et al. Effect of 

Continuous Glucose Monitoring on Glycemic Control 

in Adults With Type 1 Diabetes Using Insulin 

Injections: The DIAMOND Randomized Clinical Trial. 

JAMA. 2017;317(4):371-378. 

doi:10.1001/jama.2016.19975  

72. Lind M, Polonsky W, Hirsch IB, et al. Continuous 

Glucose Monitoring vs Conventional Therapy for 

Glycemic Control in Adults With Type 1 Diabetes 

Treated With Multiple Daily Insulin Injections: The 

GOLD Randomized Clinical Trial. JAMA. 

2017;317(4):379–387. doi:10.1001/jama.2016.19976 

73. Charleer S, De Block C, Bolsens N, et al. Sustained 

Impact of Intermittently Scanned Continuous Glucose 

Monitoring on Treatment Satisfaction and Severe 

Hypoglycemia in Adults with Type 1 Diabetes 

(FUTURE): An Analysis in People with Normal and 

Impaired Awareness of Hypoglycemia. Diabetes 

Technol Ther. 2023;25(4):231-241. 

doi:10.1089/dia.2022.0452  

74. Wright EE Jr, Kerr MSD, Reyes IJ, Nabutovsky Y, 

Miller E. Use of Flash Continuous Glucose Monitoring 

Is Associated With A1C Reduction in People With 

Type 2 Diabetes Treated With Basal Insulin or 

Noninsulin Therapy. Diabetes Spectr. 2021;34(2):184-

189. doi:10.2337/ds20-0069  

75. American Diabetes Association. 7. Diabetes 

Technology: Standards of Medical Care in Diabetes-

2020. Diabetes Care. 2020;43(Suppl 1):S77-S88. 

doi:10.2337/dc20-S007  

76. Kompala T, Neinstein AB. Analysis of "Accuracy of a 

14-Day Factory Calibrated Continuous Glucose 

Monitoring System with Advanced Algorithm in 

Pediatric and Adult Population with Diabetes". J 

Diabetes Sci Technol. 2022 Jan;16(1):78–80. 

doi:10.1177/1932296820967004. Epub 2020 Oct 21. 

PMID: 33084373; PMCID: PMC8875038. 

77. Morales-Dopico L, MacLeish SA. Expanding the 

horizon of continuous glucose monitoring into the 

future of pediatric medicine. Pediatr Res. 2024 Sep 21. 

doi:10.1038/s41390-024-03573-x. Epub ahead of print. 

PMID: 39306610. 

78. Piet A, Jablonski L, Daniel Onwuchekwa JI, Unkel S, 

Weber C, Grzegorzek M, Ehlers JP, Gaus O, Neumann 

T. Non-Invasive Wearable Devices for Monitoring 

Vital Signs in Patients with Type 2 Diabetes Mellitus: 

A Systematic Review. Bioengineering. 2023; 

10(11):1321. 

https://doi.org/10.3390/bioengineering10111321  

79. Laha S, Rajput A, Laha SS, Jadhav R. A Concise and 

Systematic Review on Non-Invasive Glucose 

Monitoring for Potential Diabetes Management. 

Biosensors (Basel). 2022;12(11):965. Published 2022 

Nov 3. doi:10.3390/bios12110965  

80. Bent B, Cho PJ, Wittmann A, et al. Non-invasive 

wearables for remote monitoring of HbA1c and glucose 

variability: proof of concept. BMJ Open Diabetes Res 

Care. 2021;9(1):e002027. doi:10.1136/bmjdrc-2020-

002027  

81. Andellini M, Castaldo R, Cisuelo O, Franzese M, 

Haleem MS, Ritrovato M, Pecchia L, Schiaffini R. Are 

the variations in ECG morphology associated with 

different blood glucose levels? Implications for non-

invasive glucose monitoring for T1D paediatric 

patients. Diabetes Res Clin Pract. 2024 Jun; 

212:111708. doi: 10.1016/j.diabres.2024.111708. Epub 

2024 May 14. PMID: 38754787. 

82. Anhalt H. Limitations of Continuous Glucose Monitor 

Usage. Diabetes Technol Ther. 2016 Mar;18(3):115-7. 

doi: 10.1089/dia.2016.0011. PMID: 26983025 



Artificial Intelligence–Enhanced Continuous Glucose Monitoring 

discoveries-reports.com 16 

83. Mullur RS, Hsiao JS, Mueller K. Telemedicine in 

Diabetes Care. Am Fam Physician. 2022 Mar 

1;105(3):281-288. PMID: 35289580.  

84. Aberer F, Hochfellner DA, Mader JK. Application of 

Telemedicine in Diabetes Care: The Time is Now. 

Diabetes Ther. 2021;12(3):629-639. 

doi:10.1007/s13300-020-00996-7  

85. Lee PA, Greenfield G, Pappas Y. The impact of 

telehealth remote patient monitoring on glycemic 

control in type 2 diabetes: a systematic review and 

meta-analysis of systematic reviews of randomised 

controlled trials. BMC Health Serv Res. 

2018;18(1):495. Published 2018 Jun 26. 

doi:10.1186/s12913-018-3274-8  

86. Ramessur R, Raja L, Kilduff CLS, et al. Impact and 

Challenges of Integrating Artificial Intelligence and 

Telemedicine into Clinical Ophthalmology. Asia Pac J 

Ophthalmol (Phila). 2021;10(3):317-327. 

doi:10.1097/APO.0000000000000406  

87. Morales-Dopico L, MacLeish SA. Expanding the 

horizon of continuous glucose monitoring into the 

future of pediatric medicine. Pediatr Res. 

2024;96(6):1464-1474. doi:10.1038/s41390-024-

03573-x  

88.  Lagarde WH, Barrows FP, Davenport ML, Kang M, 

Guess HA, Calikoglu AS. Continuous subcutaneous 

glucose monitoring in children with type 1 diabetes 

mellitus: a single-blind, randomized, controlled trial. 

Pediatr Diabetes. 2006 Jun;7(3):159-64. doi: 

10.1111/j.1399-543X.2006.00162. x. PMID: 

16787523. 

89. Lee YB, Lee S, Cho JH, et al. Effect of a Digital Health 

Glucose Monitoring System on HbA1c and Weight in 

Adults with Type 2 Diabetes: A Randomized 

Controlled Trial. Diabetes Obes Metab. 

2021;23(12):2661-2671. 

90. Galderisi A, Bizzarri C, Zallocco F, et al. Continuous 

Learning AI Risk Index from CGM Predicts 

Intraventricular Hemorrhage in Neonates. Front 

Pediatr. 2020; 8:45. 

91. Deroij B, Zwinderman AH, et al. Data Visualization 

and Clustering of Daily Glycemic Patterns Using AI 

Approaches. Diabetes Technol Ther. 2019;21(8):460-

467. 

92. Singla R, Singla A, Gupta Y, Kalra S. Artificial 

intelligence/machine learning in diabetes care. Indian J 

Endocrinol Metab. 2019;23(4):495. doi: 

10.4103/ijem.IJEM_228_19. 

93. Ling J, Ng JKC, Chan JCN, Chow E. Use of 

Continuous Glucose Monitoring in the Assessment and 

Management of Patients With Diabetes and Chronic 

Kidney Disease. Front Endocrinol (Lausanne). 

2022;13:869899. Published 2022 Apr 22. 

doi:10.3389/fendo.2022.869899  

94. Sun Q, Jankovic M, Bally L, Kulkarni K. A Systematic 

Review of Machine Learning for Predicting Glycemic 

Outcomes in Diabetes Management. NPJ Digit Med. 

2018; 1:10. 

95. Diabetes Control and Complications Trial Research 

Group; Nathan DM, Genuth S, Lachin J, Cleary P, 

Crofford O, Davis M, Rand L, Siebert C. The effect of 

intensive treatment of diabetes on the development and 

progression of long-term complications in insulin-

dependent diabetes mellitus. N Engl J Med. 1993 Sep 

30;329(14):977-86. doi: 

10.1056/NEJM199309303291401.  

96. Garg SK, Schwartz S, Edelman SV. Improved 

Glycemic Control through Real-Time Continuous 

Glucose Monitoring. Diabetes Care. 2004;27(3):734-

738. 

97. Bode BW, Gross TM, Thornton KR, Mastrototaro JJ. 

Continuous glucose monitoring used to adjust diabetes 

therapy improves glycosylated hemoglobin: a pilot 

study. Diabetes Res Clin Pract. 1999;46(3):183-190. 

doi:10.1016/s0168-8227(99)00113-8  

98. Hovorka R. Continuous glucose monitoring and 

closed-loop systems. Diabet Med. 2006;23(1):1-12. 

doi:10.1111/j.1464-5491.2005.01672.x  

99. Breton MD, Kovatchev BP. Impact of Control-IQ 

Artificial Pancreas System on Glycemic Outcomes. 

Diabetes Care. 2020;43(3):608-615. 

100. Doyle FJ 3rd, Huyett LM, Lee JB, Zisser HC, Dassau 

E. Closed-loop artificial pancreas systems: engineering 

the algorithms. Diabetes Care. 2014;37(5):1191-1197. 

doi:10.2337/dc13-2108  

101. Reddy N, Verma N, Dungan K. Monitoring 

Technologies- Continuous Glucose Monitoring, 

Mobile Technology, Biomarkers of Glycemic Control. 

[Updated 2023 Jul 8]. In: Feingold KR, Anawalt B, 

Blackman MR, et al., editors. Endotext. South 

Dartmouth (MA): MDText.com, Inc.; 2000-. Available 

from: 

https://www.ncbi.nlm.nih.gov/books/NBK279046/ 

102. FreeStyle Libre User Manual. 

https://freestyleserver.com/Payloads/IFU/2017_sep/A

RT38553-001_rev-C-Web.pdf. Accessed June 29, 

2023. 

103. https://www.freestylelibre.us/system-

overview/freestyle-libre- 

2.html?msclkid=4cedd02409fe16f5d98e8f09162393b

1. Site accessed June 29, 2023. 



Artificial Intelligence–Enhanced Continuous Glucose Monitoring 

discoveries-reports.com 17 

104. Christiansen MP, Garg SK, Brazg R, et al. Accuracy 

of a Fourth-Generation Subcutaneous Continuous 

Glucose Sensor. Diabetes Technol Ther. 

2017;19(8):446-456. doi:10.1089/dia.2017.0087  

105. Bergenstal RM, Garg S, Weinzimer SA, et al. 

Safety of a Hybrid Closed-Loop Insulin Delivery 

System in Patients With Type 1 Diabetes. JAMA. 

2016;316(13):1407-1408. 

doi:10.1001/jama.2016.11708  

106. Messer LH, Berget C, Vigers T, et al. Real world 

hybrid closed-loop discontinuation: Predictors and 

perceptions of youth discontinuing the 670G system in 

the first 6 months. Pediatr Diabetes. 2020;21(2):319-

327. doi:10.1111/pedi.12971   

107. Brown SA, Kovatchev BP, Raghinaru D, et al. Six-

Month Randomized, Multicenter Trial of Closed-Loop 

Control in Type 1 Diabetes. N Engl J Med. 

2019;381(18):1707-1717. 

doi:10.1056/NEJMoa1907863   

108. Pinsker JE, Müller L, Constantin A, et al. Real-

World Patient-Reported Outcomes and Glycemic 

Results with Initiation of Control-IQ Technology. 

Diabetes Technol Ther. 2021;23(2):120-127. 

doi:10.1089/dia.2020.0388  

109.https://www.myomnipod.com/healthcareproviders/ab

out-omnipod/innovation. Site accessed January 

01,2024. 

110. Brown SA, Forlenza GP, Bode BW, et al. 

Multicenter Trial of a Tubeless, On-Body Automated 

Insulin Delivery System With Customizable Glycemic 

Targets in Pediatric and Adult Participants With Type 

1 Diabetes. Diabetes Care. 2021;44(7):1630-1640. 

doi:10.2337/dc21-0172  

111. Bionic Pancreas Research Group, Russell SJ, Beck 

RW, et al. Multicenter, Randomized Trial of a Bionic 

Pancreas in Type 1 Diabetes. N Engl J Med. 

2022;387(13):1161-1172. 

doi:10.1056/NEJMoa2205225   

112. Basuli D, Kavcar A, Roy S. From bytes to nephrons: 

AI's journey in diabetic kidney disease. J Nephrol. 2024 

Aug 12. doi:10.1007/s40620-024-02050-2. PMID: 

39133462. 

113. Naja F, Taktouk M, Matbouli D, Khaleel S, Maher 

A, Uzun B, Alameddine M, Nasreddine L. Artificial 

intelligence chatbots for the nutrition management of 

diabetes and the metabolic syndrome. Eur J Clin Nutr. 

2024 Oct;78(10):887–96. doi:10.1038/s41430-024-

01476-y. Epub 2024 Jul 26. PMID: 39060542. 

114. Yoon S, Goh H, Lee PC, Tan HC, Teh MM, Lim 

DST et al. Assessing the utility, impact, and adoption 

challenges of an artificial intelligence-enabled 

prescription advisory tool for type 2 diabetes 

management: qualitative study. JMIR Hum Factors. 

2024 Jun 13;11: e50939. doi:10.2196/50939. PMID: 

38869934; PMCID: PMC11211700. 

115. Joo M. It's the AI's fault, not mine: Mind perception 

increases blame attribution to AI. PLoS One. 2024 Dec 

18;19(12):e0314559. doi: 

10.1371/journal.pone.0314559. PMID: 39693294; 

PMCID: PMC11654982.  

116. Zhang K, Qi Y, Wang W, Tian X, Wang J, Xu L, 

Zhai X. Future horizons in diabetes: integrating AI and 

personalized care. Front Endocrinol (Lausanne). 2025 

Mar 27;16:1583227. doi: 

10.3389/fendo.2025.1583227. PMID: 40213102; 

PMCID: PMC11983400. 

117. Pham T. Ethical and legal considerations in 

healthcare AI: innovation and policy for safe and fair 

use. R Soc Open Sci. 2025 May 14;12(5):241873. doi: 

10.1098/rsos.241873. PMID: 40370601; PMCID: 

PMC12076083.  

118. Bemporad J, De Domenico F, Pozzilli P. Algor-

Ethics in Diabetes Care: Mapping the Route. Diabetes 

Metab Res Rev. 2026 Feb;42(2):e70139. doi: 

10.1002/dmrr.70139. PMID: 41709519; PMCID: 

PMC12917293.  

119. Bano A, Künzler J, Wehrli F, Kastrati L, Rivero T, 

Llane A, Valz Gris A, Fraser AG, Stettler C, Hovorka 

R, Laimer M, Bally L; CORE‐MD investigators. 

Clinical evidence for high-risk CE-marked medical 

devices for glucose management: A systematic review 

and meta-analysis. Diabetes Obes Metab. 2024 

Oct;26(10):4753–66. doi:10.1111/dom.15849. Epub 

2024 Aug 14. PMID: 39143655. 

120. Mackenzie SC, Sainsbury CAR, Wake DJ. Diabetes 

and artificial intelligence beyond the closed loop: a 

review of the landscape, promise, and challenges. 

Diabetologia. 2024 Feb;67(2):223–35. 

doi:10.1007/s00125-023-06038-8. Epub 2023 Nov 18. 

PMID: 37979006; PMCID: PMC10789841. 

121. Li J, Huang J, Zheng L, Li X. Application of 

Artificial Intelligence in Diabetes Education and 

Management: Present Status and Promising Prospect. 

Front Public Health. 2020;8:173. Published 2020 May 

29. doi:10.3389/fpubh.2020.00173  

122. American Diabetes Association Professional 

Practice Committee. 9. Pharmacologic Approaches to 

Glycemic Treatment: Standards of Care in Diabetes-

2024. Diabetes Care. 2024 Jan 1;47(Suppl 1): S158-

S178. doi: 10.2337/dc24-S009. Erratum in: Diabetes 

Care. 2024 Jul 1;47(7):1238. doi: 10.2337/dc24-er07a. 

PMID: 38078590; PMCID: PMC10725810. 



Artificial Intelligence–Enhanced Continuous Glucose Monitoring 

discoveries-reports.com 18 

123. Kataoka Y, Kitahara S, Funabashi S, et al. The 

effect of continuous glucose monitoring-guided 

glycemic control on progression of coronary 

atherosclerosis in type 2 diabetic patients with coronary 

artery disease: The OPTIMAL randomized clinical 

trial. J Diabetes Complications. 2023;37(10):108592. 

doi:10.1016/j.jdiacomp.2023.108592  

124. Vettoretti M, Cappon G, Facchinetti A, Sparacino 

G. Advanced Diabetes Management Using Artificial 

Intelligence and Continuous Glucose Monitoring 

Sensors. Sensors. 2020; 20(14):3870. 

https://doi.org/10.3390/s20143870  

125. Jyotismita Chaki, S. Thillai Ganesh, S.K Cidham, 

S. Ananda Theertan,Machine learning and artificial 

intelligence based Diabetes Mellitus detection and self-

management: A systematic review,Journal of King 

Saud University - Computer and Information Sciences, 

Volume 34, Issue 6, Part B, 2022,Pages 3204-

3225,ISSN 1319-1578, 

https://doi.org/10.1016/j.jksuci.2020.06.013. 

(https://www.sciencedirect.com/science/article/pii/S13

19157820304134) 

126. Lee YB, Kim G, Jun JE, Park H, Lee WJ, Hwang 

YC, Kim JH. An integrated digital health care platform 

for diabetes management with AI-based dietary 

management: 48-week results from a randomized 

controlled trial. Diabetes Care. 2023 May 1;46(5):959–

66. doi:10.2337/dc22-1929. PMID: 36821833. 

127. Ahmed A, Aziz S, Abd-Alrazaq A, Farooq F, 

Sheikh J. Overview of Artificial Intelligence-Driven 

Wearable Devices for Diabetes: Scoping Review. J 

Med Internet Res. 2022;24(8):e36010. Published 2022 

Aug 9. doi:10.2196/36010  

 

 

 

 

 

 

 

 

 

 

 

 

 

128. Cappon G, Acciaroli G, Vettoretti M, Facchinetti A, 

Sparacino G. Wearable Continuous Glucose 

Monitoring Sensors: A Revolution in Diabetes 

Treatment. Electronics. 2017; 6(3):65. 

https://doi.org/10.3390/electronics6030065  

129. Bai J, Liu D, Tian X, et al. Coin-sized, fully 

integrated, and minimally invasive continuous glucose 

monitoring system based on organic electrochemical 

transistors. Sci Adv. 2024;10(16):eadl1856. 

doi:10.1126/sciadv.adl1856  

130. Ellahham S. Artificial Intelligence: The Future for 

Diabetes Care. Am J Med. 2020;133(8):895-900. 

doi:10.1016/j.amjmed.2020.03.033  

131. Dankwa-Mullan I, Rivo M, Sepulveda M, Park Y, 

Snowdon J, Rhee K. Transforming Diabetes Care 

Through Artificial Intelligence: The Future Is Here. 

Popul Health Manag. 2019;22(3):229-242. 

doi:10.1089/pop.2018.0129  

132. Guan Z, Li H, Liu R, et al. Artificial intelligence in 

diabetes management: Advancements, opportunities, 

and challenges. Cell Rep Med. 2023;4(10):101213. 

doi:10.1016/j.xcrm.2023.101213  

133. Contreras I, Vehi J. Artificial intelligence for 

diabetes management and decision support: literature 

review. J Med Internet Res. 2018;20(5): e10775. 

134. Guan Z, Li H, Liu R, Cai C, Liu Y, Li J, et al. 

Artificial intelligence in diabetes management: 

advancements, opportunities, and challenges. Cell Rep 

Med. 2023;4(10):101213. 

 

This article is an Open Access article distributed under the 

terms of the Creative Commons Attribution License, which 

permits unrestricted use, distribution, and reproduction in 

any medium, provided the original work is properly cited 

and it is not used for commercial purposes; 2026, Shoaib 

U. et al., Applied Systems and Discoveries Journals. 

 


