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Abstract 

Diabetes mellitus (DM) is a rapidly increasing global health issue that requires effective self-
management to prevent complications and improve quality of life. In recent years, advancements 
in generative artificial intelligence (GenAI) have created new opportunities to support DM self-
management by providing personalized care solutions. This study is designed as a systematic 
review. Numerous studies in the literature have examined the contributions of GenAI models to 
DM self-management, and reviewing these studies is essential to provide a general framework 
on this topic. The primary aim of this study is to systematically examine research that utilizes 
GenAI in DM management. This systematic review was conducted in accordance with PRISMA 
guidelines. A comprehensive literature search was carried out between February and October 
2024 across PubMed, Scopus, Web of Science, Google Scholar, Ulakbim, Türk Medline, and 
national databases. Using the keywords "diabetes," "generative artificial intelligence," and 
"diabetes self-management," studies published between 2018 and 2024 were identified. A total 
of 19 studies that met the inclusion criteria were analyzed in terms of the GenAI models used, 
application areas, and reported outcomes. Among the reviewed studies, GPT-based models were 
predominant, appearing in 53% of the research. In addition, models such as GAN, LSTM, 
WaveNet, GRU, Markov-Bayes, Google Bard, and Mobiguide were also utilized. Moreover, the 
findings of this study highlight that GenAI-based systems are widely adopted in DM self-
management and possess significant potential to facilitate this process. These systems not only 
provide information but also incorporate advanced support mechanisms that enhance patient 
monitoring and clinical decision-making processes. GenAI has made notable contributions to DM 
care, particularly by developing personalized care plans, offering tailored dietary and exercise 
recommendations, generating educational materials, predicting blood glucose (BG) levels, 
providing individualized guidance, and supporting clinical workflows. As GenAI continues to 
evolve and adapt to the specific contexts and demands of the medical field, its role in DM care is 
expected to become increasingly prominent. However, several challenges have been reported, 
including concerns over data security, privacy, misinformation generation, and suboptimal 
performance in detecting critical conditions such as hypoglycemia. Addressing these ethical, 
technical, and security-related limitations requires further research and technological 
advancements. Future studies should prioritize enhancing the reliability, usability, and diagnostic 
accuracy of GenAI applications to ensure their seamless integration into clinical practice. 
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1. Introduction 

Diabetes Mellitus (DM), a major contributor to multiple health issues, has emerged as an 
escalating public health problem, significantly impacting a substantial portion of the 
global population [1, 2]. The prevalence of DM is estimated to rise to 643 million by 2030 
and 783 million by 2045 [2, 3]. The primary objectives of DM management are to prevent 
or mitigate complications and preserve an optimal quality of life. Thus, effective long-
term self-management is essential for individuals living with DM as a chronic condition 
[4]. Individuals with diabetes face an increased risk of developing various complications 
if they fail to maintain optimal blood glucose (BG) control [5]. The progression of chronic 
complications not only diminishes quality of life but also has detrimental physical, 
psychological, and social effects on individuals, while substantially escalating the 
economic burden of DM on healthcare systems [3,6]. Maintaining optimal glycemic 
control is a cornerstone of DM management to mitigate the risk of acute and chronic 
complications. Nevertheless, through comprehensive DM management and strict 
metabolic control, the onset of these serious complications can be delayed, or in some 
cases, entirely prevented [1, 3, 5, 7]. Many factors that affect successful DM self-
management are modifiable and practical. Key behaviors, including healthy eating, 
regular physical activity, BG monitoring, adherence to prescribed medication regimens, 
developing healthy coping strategies, and problem-solving skills, are fundamental 
components of effective DM self-management [8]. Attaining optimal glycemic control in 
DM necessitates active participation in self-management efforts, which not only 
enhances the effectiveness of DM care but also fosters patient empowerment [1]. 

Each person is unique, and individuals with diabetes may have different preferences, 
values, and goals for their self-management. Therefore, creating a personalized 
management plan is essential. Such plans should consider various factors, including the 
individual’s age, cognitive abilities, work or school schedule, health beliefs, support 
systems, dietary habits, physical activity level, social situation, financial concerns, 
cultural factors, and literacy [9]. Furthermore, a comprehensive management approach 
should integrate factors such as DM history (including duration, complications, and 
current medication regimen), comorbidities, health priorities, other medical conditions, 
patient care preferences, and life expectancy [9, 10]. To facilitate this process, a DM care 
team plays an essential role in supporting individuals with diabetes. However, due to 
constraints such as time limitations, financial barriers, or other challenges, individuals 
with diabetes may encounter difficulties in regularly consulting a DM educator [11]. In 
these cases, a variety of strategies and techniques should be utilized to support self-
management efforts. Technology can play a pivotal role in this context, facilitating daily 
DM self-management activities, including blood glucose (BG) monitoring, physical 
activity, healthy eating, medication adherence, complication monitoring, and problem-
solving. Although the use of technology to support DM self-management is not a new 
concept, the diversity of technological strategies has expanded as individuals have 
become more tech-savvy, devices have become more accessible, and new technologies 
have emerged [12]. 

Recent advancements in artificial intelligence (AI) and machine learning (ML) techniques 
have become indispensable in addressing the complexities of DM management, 
empowering both patients and healthcare professionals in their daily management of DM 
[13]. AI refers to a set of techniques that enable computers to simulate human 
intelligence, encompassing ML as a subset. Often referred to as machine intelligence, 
AI involves the capacity of computer systems to learn from data inputs or historical 
information. The term 'AI' is commonly used to describe scenarios where a machine 
mimics cognitive functions of the human brain, such as learning and problem-solving 
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[14]. Within the healthcare sector, ML models have been effectively applied and are 
widely recognized as potent tools that enable computers to learn from data [15].  

ML is a subset of AI that encompasses techniques enabling machines to enhance their 
performance in tasks through experience, and includes deep learning (DL). DL, in turn, 
is a subset of ML that utilizes neural networks, enabling a machine to autonomously train 
itself to perform tasks. The hierarchical evolution of these technologies can be 
summarized as follows: AI, ML, and DL [16]. ML models leverage extensively pre-trained 
data to generate accurate and relevant outputs. In ML, users must define and supply 
algorithms with sufficient information to generate accurate predictions. In contrast, DL 
algorithms utilize artificial neural network architectures to autonomously process data, 
allowing them to learn and generate accurate predictions based on high-level features 
extracted from the data [17]. 

ML technology, referred to as GenAI, can generate new data based on the training 
dataset. Generative models produce data that closely resemble the original dataset. A 
distinctive feature of GenAI is its capability to perform unsupervised learning, meaning it 
can identify patterns from data without the need for explicitly labeled examples. Some 
GenAI models learn how real-world data is distributed and subsequently generate new 
datasets that are statistically similar to the original dataset (Figure 1) [18, 19].  

 
Figure 1: The development of AI and GenAI [19]. 

GenAI encompasses various models, including Generative Pre-trained Transformers 
(GPTs), Generative Adversarial Networks (GANs), Bayesian Networks (BNs), Artificial 
Neural Networks (ANNs), and Large Language Models (LLMs) (Figure 2) [20, 21, 22, 
23]. 
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Figure 2: Key Techniques and Models in GenAI [20, 21, 22, 23]. 

GenAI models are emerging as promising tools within the context of healthcare. These 
models can analyze an individual's genetic profile, lifestyle, and medical history to 
provide tailored predictions about treatment options. By considering factors that may 
influence an individual's response to medication, GenAI can aid in optimizing therapeutic 
efficacy and improving individual outcomes [24, 13, 25, 26]. By generating personalized 
scenarios and responses tailored to individual needs, GenAI can effectively address the 
unique needs of individuals [26]. The predictions generated by GenAI guide the 
adjustment and optimization of treatments, thereby enabling the provision of more 
personalized care. Furthermore, by addressing individuals' health concerns and 
anxieties, GenAI offers supportive responses that help patients feel more reassured and 
less isolated throughout their healthcare journey [27]. 

GenAI also demonstrates significant potential in the field of patient education. It can 
generate personalized educational materials tailored to patients' specific conditions, 
symptoms, or inquiries. For instance, GenAI can provide individuals with diabetes 
information on BG management, nutrition, exercise, and medication adherence. Through 
interactive dialogues, patients can pose questions and receive answers that enhance 
their understanding of their conditions. This feature is particularly valuable for patients 
who may feel hesitant or embarrassed to directly ask specific questions of healthcare 
professionals. Furthermore, GenAI can simplify complex medical concepts by generating 
visual materials, such as diagrams or infographics. For example, it can illustrate how a 
specific medication works within the body to enhance patient comprehension [27]. 
Furthermore, patients with different levels of education and health literacy can improve 
their health literacy through GenAI-generated content tailored to various reading levels 
[28]. For instance, GenAI can deliver medication adherence reminders through email or 
text messages and provide explanations regarding the importance of adhering to 
prescribed treatment plans. Moreover, to enhance accessibility for individuals whose 
primary language is not English, GenAI can generate educational materials in multiple 
languages [29]. 

By analyzing patient-specific data, GenAI can predict health outcomes, identify potential 
risks, and recommend personalized treatment plans. Its capacity to extract insights from 
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data presents significant potential for enhancing patient care processes [27]. Acting as 
a tool for patient engagement, education, and personalized interventions, GenAI 
provides a promising opportunity to improve DM management and transform healthcare 
delivery. 

A review of the literature indicates that the majority of studies on GenAI have been 
published in the past three years, highlighting its rapidly growing use in DM management. 
For example, recent studies have shown that ChatGPT can simplify health information 
for individuals with diabetes [30], predict disease risks [31], and support patients in 
achieving positive outcomes by aiding them in managing lifestyle behaviors [32]. 
Furthermore, GenAI's ability to exhibit human-like empathy is highly regarded by users, 
as it delivers responses that are comparable to those provided by physicians, thereby 
fostering a sense of trust and rapport among patients [33]. 

GenAI demonstrates substantial potential in monitoring treatment adherence in 
individuals with diabetes and is increasingly recognized as a transformative tool for the 
future of DM management and care. 

2. Materials-Methods 

2.1. Purpose, Significance, and Scope of the Study 

Purpose and Type of the Study 

This research was designed as a descriptive systematic review. Numerous studies in the 
existing literature have examined the contributions of GenAI models to DM self-
management, and reviewing these studies is essential for providing a comprehensive 
framework on this topic. The primary aim of this study is to systematically examine 
research that utilizes GenAI in DM management. 

Research Question 

What methods, applications, and outcomes have been reported in the current literature 
regarding the use of GenAI in DM self-management? 

2.2. Method and Analysis of the Study 
 
Studies on the use of GenAI in DM self-management, published between 2018 and 2024, 
were reviewed through searches conducted between February and October 2024 in the 
Scopus, Web of Science, PubMed, Ulakbim, Türk Medline, and Google Scholar 
databases. The searches were conducted using the keywords 'diabetes,' 'generative 
artificial intelligence,' and 'diabetes self-management,' either individually or in various 
combinations. 

In the study selection process, relevant keywords were used to search the databases in 
line with the research question. After applying the inclusion and exclusion criteria, the 
remaining studies were retrieved, and their titles and abstracts were screened. Studies 
that did not correspond to the research question were excluded, while the full texts of the 
remaining studies were evaluated in detail. Ultimately, those meeting the eligibility criteria 
were included in the final set of studies for this systematic review. 

All stages of the study—including article identification, screening, and selection—were 
conducted in accordance with the PRISMA (Preferred Reporting Items for Systematic 
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Reviews and Meta-Analyses) guidelines [34]. The PRISMA flow diagram, which outlines 
the study selection process, has been presented in Figure 3. 

 
 

Figure 3. Flow Diagram of the Study 
 
2.3 Inclusion and Exclusion Criteria 

Inclusion Criteria: 
 

• Studies addressing the use of GenAI in DM self-management. 

• Articles published in English or Turkish. 

• Research published between 2018 and 2024. 

• Original research articles (including observational studies, experimental studies, 
clinical studies, and reviews). 

• Studies with full-text availability. 

• Studies with sufficient methodological quality to be included in a systematic 
review in accordance with PRISMA guidelines. 

Exclusion Criteria: 

• Studies related to DM or GenAI that do not focus on DM management. 

• Abstracts, conference proceedings, commentaries, book chapters, editorial 
articles, and theses. 

• Articles requiring paid access. 

2.4. Data Collection 
 
In the initial stage of the review process, an evaluation form outlining the inclusion criteria 
was developed. Based on this form, database searches were systematically conducted. 
As a result of the screening process, a total of 19 studies published between 2018 and 
2024, focusing on the use of GenAI in DM management, were identified. All studies that 
met the inclusion criteria (n = 19) have been included in the review. 
 
In the second stage of the review, a structured checklist was developed, comprising the 
following components: study title, study type and design, sample group and size, year of 
publication, and study outcomes. In accordance with this checklist, the titles and 
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abstracts of all relevant articles identified through the database searches were 
independently reviewed by the author. No other individuals participated in the data 
collection phase of this study. 
 
3. RESULTS 

 
3.1. Characteristics of the Included Studies 

As a result of the review, a total of 19 studies conducted in Turkey between 2018 and 
2024 focusing on the use of GenAI in DM management were identified. Among these, 
14 (73%) were original research articles, 2 (11%) were review articles, 1 (5%) was a 
viewpoint article, and 2 (11%) were randomized controlled trials. 

3.2. Study Designs and Sample Characteristics 

The characteristics of the included studies are presented in detail across separate tables: 
research articles in Table 1, randomized controlled trials in Table 2, the viewpoint article 
in Table 3, and review articles in Table 4. 

Table 1. Descriptive Characteristics of the Research Articles on the Application of 
GenAI in DM Self-Management (n=14) 

Title of the 
Study 

Type of 
Study 

Theory/Model 
Used 

Sample Group Study 
Reference 

Study Findings 

Blood glucose 
prediction with 
deep neural 
networks using 
weighted decision 
level fusion. 

Research 
Article 

A fusion of Long Short-
Term Memory (LSTM), 
WaveNet, and Gated 
Recurrent Units (GRU) 
architectures. 
 

The study sample is 
derived from the 
expanded 
OhioT1DM dataset, 
which comprises the 
BG history of 12 
individuals with 
diabetes over an 
eight-week period 
and encompasses 
19 distinct data 
types, including 
administered insulin 
doses and 
physiological sensor 
readings. 

 

Dudukcu et 
al., 2021 
[35] 

The fusion performance 
of "LSTM + WaveNet + 
GRU" yielded more 
successful results in BG 
prediction. The predicted 
values are planned to be 
used for insulin dose 
calculations, with future 
development as a mobile 
application. 

Blood glucose 
prediction for type 
1 DM using 
generative 
adversarial 
networks 

Research 
Article 

A novel DL model using 
a modified GAN 
architecture for 
predicting BG levels in 
individuals with type 1 
diabetes (T1DM). 
 

BG data from 12 
individuals with 
T1DM over an eight-
week period. 
 

Zhu et al., 
2020 
[36] 
 

In this study, a novel DL 
model is proposed to 
predict future BG levels 
based on past 
continuous glucose 
monitoring 
measurements, meal 
intake, and insulin 
administration. When 
compared to the RNN 
(Recurrent Neural 
Network) prediction 
model, the GAN model 
demonstrated better 
validation performance 
and a smaller RMSE 
(Root Mean Square 
Error) for most of the 
contributors during the 
training process. 
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Using an 
optimized 
generative model 
to infer the 
progression of 
complications in 
type 2 diabetes 
patients 

Research 
Article 

Markov Jump Process 
and Bayesian network 

Longitudinal EHRs 
of 9,298 individuals 
with type 2 diabetes 
(T2DM) or 
prediabetes (2005–
2016, China). 

Wang et al., 
2022 
[37] 

The findings of this study 
demonstrated that the 
system could predict 
55.3% of individual 
complications and 31.8% 
of complication patterns 
of progressive T2DM at 
an early stage, allowing 
for appropriate 
management that could 
potentially delay or 
prevent these 
complications. 
 

The Future of 
Patient Education: 
AI-Driven Guide 
for Type 2 
Diabetes 

Research 
Article 

OpenAI's ChatGPT 70 T2DM-related 
questions, each 
asked three times. 

Hernandez 
et al., 2023 
[38] 

98.5% of responses 
aligned with care 
standards, outperforming 
traditional online search 
engines, with minimal 
inappropriate responses 
(1.5%), underscoring the 
need for continuous AI 
improvements. 
 

An AI Dietitian for 
Type 2 Diabetes 
Mellitus 
Management 
Based on Large 
Language and 
Image Recognition 
Models: Preclinical 
Concept 
Validation Study 

Research 
Article 

Creating an AI based 
nutritionist program 
using advanced 
language and image 
recognition models 
using ChatGPT and 
GPT 4.0 

206 individuals with 
T2DM and 26 
endocrinologists 

Sun et al., 
2023 

[39] 

Positive feedback from 
dietitians and accurate 
food recognition, 
enabling personalized 
meal analysis and dietary 
guidance. The model 
developed at the end of 
this study can identify 
ingredients from images 
of a patient's meal and 
provide nutritional 
guidance and diet 
recommendations. 
 

Building 
Trustworthy 
Generative 
Artificial 
Intelligence for 
Diabetes Care and 
Limb Preservation: 
A Medical 
Knowledge 
Extraction Case 

Research 
Article 

OpenAI's ChatGPT-4 
with a RAG 
architecture. 

NIH Diabetes Self-
Management 
Education Standards 
knowledge base, 
295 articles, 175 
questions. 

Mashatian 
et al., 2024 
[40] 
 

RAG model effectively 
delivers reliable medical 
information for self-
education and 
emphasizes the 
importance of content 
validation and prompt 
engineering. 

A Study on the 
Development of a 
Chatbot Using 
Generative AI to 
Provide Diets for 
Diabetic Patients 

Research 
Article 

OpenAI's ChatGPT Data from 10 dietary 
guidelines, adapted 
for personalized 
seasonal diet plans. 

Lee et al., 
2024 
[41] 

Facilitates personalized 
diets and supports 
elderly health 
management with 
enhanced services and 
datasets. 

Comparative 
evaluation of 
generative artificial 
intelligence 
systems for 
patient queries on 
age-related 
macular 
degeneration and 
diabetic macular 
edema 

Research 
Article 

ChatGPT-3.5, 
ChatGPT-4, Google 
Bard 

22 patient queries 
from 68 anti-VEGF-
treated individuals. 

Posa et al., 
2024 
[42] 

This study compared the 
effectiveness of three 
GenAI systems – Chat 
GPT-3.5, Chat GPT-4, and 
Google Bard – in providing 
clear and concise answers 
to patient questions about 
diabetic macular edema. 
GPT-4 was deemed most 
effective for patient 
communication due to its 
clear and simple language. 
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Artificial 
intelligence 
chatbots for the 
nutrition 
management of 
diabetes and the 
metabolic 
syndrome 
 

Research 
Article 

GPT-3.5-turbo0301 The total number 
of requests is 63, 
with 9 requests 
entered for each 
of the 7 conditions. 
 

Naja et al., 
2024 
[43] 

While ChatGPT provided 
human-like responses, 
significant gaps were 
identified, emphasizing that it 
cannot replace dietitian 
expertise. 

Appropriateness 
of Artificial 
Intelligence 
Chatbots in 
Diabetic Foot 
Ulcer 
Management 

Research 
Article 

ChatGPT (OpenAI) 
GPT-4 (OpenAI) 
GPT-4 Turbo (OpenAI), 
GoogleBard (Google 
LLC), 
BingAI Balanced-mode 
(Microsoft Corp.), 
Perplexity (Perplexity 
AI) and 
Claude-2'den 
(Anthropic) 
 

42 clinical questions 
on diabetic foot 
ulcers. 

Shiraishi et 
al., 2024 
[44] 

Chatbots showed 91.2% 
accuracy but inconsistent 
evidence levels. Claude-
2 had the highest 
reference accuracy; 
ChatGPT had the lowest. 
Variability and 
hallucinations highlight 
the need for cautious 
clinical use. 

Assessment of the 
information 
provided by 
ChatGPT 
regarding exercise 
for patients with 
type 2 diabetes: a 
pilot study 
 

Research 
Article 

ChatGPT (V.4.0) 14 common 
patient exercise 
questions 
reviewed by two 
DM care 
specialists. 
 

Chung and  
Chang, 
2024 
[45] 

ChatGPT can serve as 
supplementary 
educational material but 
may provide incomplete 
answers for certain 
exercise-related 
questions. 

Evaluation of 
ChatGPT-4 
Performance in 
Answering 
Patients' 
Questions About 
the Management 
of Type 2 
Diabetes 

Research 
Article 

ChatGPT-4 24 patient 
questions 

Gokbulut et 
al., 2024 
[46] 

It has been observed that, 
while answering a series of 
questions related to the 
pharmacological 
management of T2DM, no 
inaccurate information was 
identified, and responses 
were highly consistent and 
reliable. However, readability 
levels varied, with many 
responses being classified 
as difficult to read. 

Using Generative 
AI to Improve the 
Performance and 
Interpretability of 
Rule-Based 
Diagnosis of Type 
2 Diabetes 
Mellitus 

Research 
Article 

GPT Dataset of 768 
instances with 
eight predictors 
and one outcome 
class. 

Kopitar et 
al., 2024 
[47] 

This study, which explores 
the combination of 
association rule mining with 
GPT-based advanced 
natural language 
processing for classifying 
non-insulin-dependent DM, 
demonstrates that 
ChatGPT is effective in 
predicting diabetic and non-
diabetic conditions. 
However, further research 
is required to enhance 
diagnostic accuracy in DM 
classification. 
 

MobiGuide: 
guiding clinicians 
and chronic 
patients anytime, 
anywhere. 

Research 
Article 

MobiGuide 10 atrial fibrillation 
patients in Italy 
and 20 
gestational 
individuals with 
diabetes in Spain 

Peleg et al., 
2022 
[48] 

Higher adherence rates 
and improved health 
outcomes were observed, 
including better glycemic 
control, with enhanced 
clinician engagement and 
patient quality of life. 
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Table 2. Characteristics of Randomized Controlled Trials on the Use of Generative AI 
in Diabetes Management (n=2) 

Title of the Study Type of 
Study 

Theory/Model 

Used 

Sample 
Group 

Study 
Reference 

Study Findings 

Use of Voice-
Based 
Conversational 
Artificial 
Intelligence for 
Basal Insulin 
Prescription 
Management 
Among Patients 
With Type 2 
Diabetes 

Randomized 
Controlled 

Trial 

Alexa 32 adults 
with T2DM 
requiring 

initiation or 
adjustment 

of basal 
insulin 
therapy 

Nayak et 
al., 2023 

[49] 

In this randomized 
clinical trial of a voice-
based conversational 
AI application for 
autonomous basal 
insulin management in 
adults with T2DM, 
participants in the AI 
group demonstrated 
significantly greater 
improvements in the 
time required to 
achieve the optimal 
insulin dose, insulin 
adherence, glycemic 
control, and DM-related 
emotional distress 
compared to those in 
the standard care 
group. 
 

Decoding Type 2 
Diabetes Through 
Point-of-Care 
Testing, Cloud-
based Monitoring, 
and Generative 
Augmented 
Retrieval Model-
driven Virtual 
Diabetes 
Education: A 
Comprehensive 
Approach to 
Glycemic Control 

Randomized 
Controlled 

Trial 

AI-Powered 
Metabolic Coach 

Designed to 
Provide 

Personalized 
Recommendations 

The study 
sample 

consists of 
100 

individuals 
aged 

between 18 
and 65 who 
have been 
diagnosed 
with T2DM. 

Shaikh et 
al., 2024 

[50] 

Participants in the 
intervention group, who 
received guidance from 
an AI-powered 
metabolic coach 
designed to provide 
personalized 
recommendations, 
demonstrated superior 
outcomes in HbA1c 
improvement, plasma 
glucose control, and 
related parameters 
compared to the control 
group. 

 
Table 3. Characteristics of the Viewpoint Article on the Use of GenAI in DM 

Management (n=1) 

Title of the Study Type of 
Study 

Theory/Model 
Used 

Study 
Referen
ce 

Study Findings 

ChatGPT in diabetes 
care: An overview of 
the evolution and 
potential of generative 
artificial intelligence 
model like ChatGPT in 
augmenting clinical 
and patient outcomes 
in the management of 
diabetes. 

Viewpoint 
Article 

ChatGPT Dey, 
2023 
[51] 

It can provide personalized care, 
where individualized treatment plans, 
glucose monitoring, and medication 
reminders are generated based on 
personal patient data. However, 
ethical considerations and data 
security must be carefully addressed, 
and any obtained information should 
be verified by healthcare 
professionals. 
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Table 4. Characteristics of the Review Articles on the Use of GenAI in DM Management 
(n=2) 

Title of the Study Type of 
Study 

Theory/Model 
Used 

Study 
Reference 

Study Findings 

The Future of 
Diabetes Care: 
Navigating with 
Generative Language 
Models 

Review OpenAI's 
GPT-3 

Khan, 2023 
[52] 

This review concluded that generative 
language models can facilitate 
personalized care by creating customized 
treatment plans, glucose monitoring, and 
medication reminders based on individual 
patient data. However, ethical concerns 
and data security should be carefully 
considered, and any recommendations 
should be validated by healthcare 
professionals. 
 

Potential and Pitfalls 
of ChatGPT and 
Natural-Language 
Artificial Intelligence 
Models for Diabetes 
Education 

Review OpenAI's GPT Sng et al., 
2023 

[53] 

This review found that ChatGPT performs 
well in generating comprehensible and 
generally accurate responses to questions 
related to DM self-management and 
education. The application of large 
language models has the potential to 
alleviate some of the burden on individuals 
with diabetes, allowing those with 
adequate knowledge of their condition to 
focus on more complex self-management 
and educational tasks. However, it is 
important to acknowledge that ChatGPT is 
constrained by the datasets on which it 
was trained. These limitations may lead to 
errors, such as difficulties in distinguishing 
between different types of insulin or 
recognizing variations in BG measurement 
units. The review emphasizes that 
healthcare providers should exercise due 
diligence when assessing AI chatbots for 
clinical care enhancement and patient 
guidance, ensuring a thorough 
understanding of both the strengths and 
limitations of these models. 

 
Tables 1 through 4 reveal that the most commonly used GenAI models were GPT (53%), 
followed by Google Bard (6%), WaveNet (3.12%), Mobiguide (3.12%), BingAI Balanced-
mode (Microsoft Corp.) (3.12%), Perplexity AI (3.12%), Claude-2 (Anthropic) (3.12%), 
Alexa (3.12%), AI-Powered Metabolic Coach (3.12%), as well as GAN (3.12%), LSTM 
(3.12%), GRU (3.12%), Markov Jump Process (3.12%), RAG (3.12%), and Bayesian 
Network (3.12%). 

Thematic analysis of the included studies revealed the distribution of GenAI functions in 
DM self-management, which is presented in Table 5. When examining the areas in which 
GenAI models used in the studies included in the scope of this systematic review can be 
applied to DM self-management, it becomes evident that many models can serve 
common purposes. Additionally, this comparison highlights which model has previously 
been utilized for specific self-management actions. 
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Table 5. The Role of GenAI Applications in DM Self-Management Domains 

Self-Management Action Included Studies 

Personalized recommendations 
(e.g., nutrition, exercise, BG 
management) 1 

Shaikh et al., 2024 [50], Peleg et al., 2022 [48], Hernandez et al., 2023 [38], Sun et 
al., 2023 [39], Lee et al., 2024 [41], Naja et al., 2024 [43], Shiraishi et al., 2024 [44], 
Chung and  Chang, 2024 [45], Gokbulut et al., 2024 [46], Nayak et al., 2023 [49], 
Dey, 2023 [51], Khan, 2023 [52], Sng et al., 2023 [53]  

Provision of DM education and 
information 

Shaikh et al., 2024 [50], Hernandez et al., 2023 [38], Sun et al., 2023 [39], Mashatian 
et al., 2024 [40], Posa et al., 2024 [42], Shiraishi et al., 2024 [44], Chung and Chang, 
2024 [45], Gokbulut et al., 2024 [46], Nayak et al., 2023 [49], Dey, 2023 [51], Khan, 
2023 [52], Sng et al., 2023 [53]  

Early detection of complications 
and complication alerts 

Wang et al., 2022 [37], Mashatian et al., 2024 [40], Posa et al., 2024 [42], Shiraishi 
et al., 2024 [44], Chung and  Chang, 2024 [45], Gokbulut et al., 2024 [46], Dey, 2023 
[51], Sng et al., 2023 [53]  

Emotional support and stress 
management  

Mashatian et al., 2024 [40], Nayak et al., 2023 [49], Dey, 2023 [51] 

Insulin and medication 
management  

Shaikh et al., 2024 [50], Mashatian et al., 2024 [40], Gokbulut et al., 2024 [46], Nayak 
et al., 2023 [49], Dey, 2023 [51], Sng et al., 2023 [53] 

Continuous glucose monitoring, 
BG prediction2, and personalized 
analysis  

Dudukcu et al., 2021 [35], Zhu et al., 2020 [36], Mashatian et al., 2024 [40], Dey, 
2023 [51] 

Tracking DM progression and 
providing lifestyle 
recommendations  

Peleg et al., 2022 [48], Wang et al., 2022 [37], Dey, 2023 [51], Sng et al., 2023 [53] 

Communication with healthcare 
professionals/ decision support for 
healthcare providers  

Peleg et al., 2022 [48], Khan, 2023 [52] 

Prediction of future risks and early 
diagnosis 

Peleg et al., 2022 [48], Wang et al., 2022 [37], Posa et al., 2024 [42], Shiraishi et al., 
2024 [44], Chung and  Chang, 2024 [45], Gokbulut et al., 2024 [46], Kopitar et al., 
2024 [47], Dey, 2023 [51], Sng et al., 2023 [53]  

Improvements in HbA1C and BG 
levels 

Shaikh et al., 2024 [50], Lee et al., 2024 [41], Hernandez et al., 2023 [38], Sun et 
al., 2023 [39], Mashatian et al., 2024 [40], Gokbulut et al., 2024 [46], Nayak et al., 
2023 [49], Dey, 2023 [51]  

Alerts for necessary actions 
Peleg et al., 2022, [48], Hernandez et al., 2023 [38], Shaikh et al., 2024 [50], Posa 
et al., 2024 [42], Shiraishi et al., 2024 [44], Chung and  Chang, 2024 [45], Gokbulut 
et al., 2024 [46], Nayak et al., 2023 [49], Dey, 2023 [51], Sng et al., 2023 [53]  

1 Assessing dietary habits, physical activity, BG levels, and medication adherence based on individual characteristics, 
climate conditions, and variations in caloric intake. 
2 Predicting future BG levels based on historical continuous glucose monitoring (CGM) measurements, meal intake, and 
insulin administration. 

Table 5 presents a detailed summary of various DM self-management actions and the 
corresponding studies that contribute to these domains. Key areas frequently explored 
include personalized recommendations (e.g., nutrition, exercise, BG management) and 
DM education, underscoring the extensive application of GenAI-powered systems to 
improve daily self-management practices. Furthermore, key aspects that directly impact 
clinical management—such as early detection and alert systems for complications, 
insulin and medication management, continuous glucose monitoring, and BG 
prediction—have been extensively studied.  These findings suggest that GenAI-based 
systems provide more than simple information and guidance, offering an advanced 
support framework incorporating in-depth data analysis and patient monitoring. 
Moreover, the increasing focus on communication with healthcare professionals, 
decision support, risk prediction, and improvements in HbA1C and BG levels 
demonstrates the evolving role of AI-driven solutions in DM management. Such systems 
are anticipated to enhance both patient adherence to treatment and the optimization of 
clinical decision-making by healthcare professionals. In conclusion, the table highlights 
the diverse applications of GenAI in DM management, offering valuable insights into how 
these technologies can support both patients' self-management and healthcare 
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professionals' monitoring strategies. The expansion of GenAI’s role in DM self-
management, alongside its integration into clinical practice, represents a promising area 
for future research. 

According to the analysis of the studies included in this review, GenAI applications 
demonstrate considerable potential advantages in DM self-management. However, the 
studies also highlight several limitations of these applications, as presented in Table 6. 

Table 6: Potential Benefits and Limitations of GenAI in DM Self-Management 

Advantages Disadvantages 

Personalized guidance Collection and processing of patients' personal health 
data 
 

Real-time support Concerns regarding data security and privacy 
 

Integration of evidence-based best practices Resistance to the adoption of new Technologies 
 

High accuracy in predicting future BG levels Sometimes insufficient in detecting a small number of 
hypoglycemia events 
 

Providing reliable medical information for self-education 
and self-management of DM 
 

Lack of user trust in the system 

Proven improvements in DM self-management Requirement for comprehensive training and support to 
use the system effectively 
 

High accuracy of outputs as a result of being trained with 
accurate books and data sources 

Challenges due to insufficient technological 
infrastructure, especially in low-resource healthcare 
settings 
 

Ability to offer personalized solutions to complex problems Possibility of providing misinformation 

 
The studies highlight that GenAI plays a significant role in promoting active patient 
involvement in self-management processes. Key functionalities such as offering 
personalized guidance, delivering real-time support, and integrating evidence-based 
clinical guidelines are central to this enhanced participation. Furthermore, the ability of 
GenAI to predict future BG levels accurately and provide access to reliable medical 
information has made DM management more proactive and informed. The high accuracy 
of GenAI model outputs, ensured by training on high-quality and comprehensive 
datasets, further strengthens its effectiveness. Additionally, the robust capability of these 
systems to generate personalized solutions for complex challenges greatly enhances the 
overall effectiveness of DM self-management. Collectively, these factors contribute to 
scientifically validated improvements in DM self-care practices. 

Foremost among the concerns are data security and privacy, especially with regard to 
the collection and processing of patients' personal health information. Additionally, 
challenges such as resistance from healthcare professionals and patients to adopting 
new technologies, low user trust, and the need for extensive training and technical 
support complicate the implementation of GenAI solutions. Furthermore, certain models 
have been found inadequate in detecting critical conditions, such as hypoglycemia, while 
limited technological infrastructure in certain regions restricts the practical application of 
GenAI. The potential for GenAI to generate misinformation is also recognized as a 
significant risk factor. Consequently, while GenAI applications present substantial 
contributions to DM self-management, critical areas still require development to ensure 
these systems are more reliable, user-friendly, and ethically compliant (Table 6). 
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4. Discussion 

This review has examined examples of GenAI applications that have had the potential 
to facilitate and enhance DM management. The analyzed studies highlight the use of 
GenAI in DM care across various areas, including BG control strategies, detection of 
hypoglycemia and hyperglycemia, insulin bolus calculators, decision support systems, 
risk assessment, patient personalization, meal and exercise tracking, error detection, 
and lifestyle support [48, 49, 50, 52, 53]. DL and GenAI are advancing towards ushering 
in a new era in DM management. By providing personalized recommendations, 
simplifying monitoring and follow-up processes, and assisting in error prevention, GenAI 
significantly contributes to DM self-management [54, 55]. 

In a randomized controlled trial that has been conducted by Shaikh et al. [50], the 
effectiveness of an AI-powered metabolic coach designed to provide personalized 
recommendations has been evaluated over a 12-week period. The study has assessed 
the impact of the metabolic coach on various glycemic parameters, including HbA1c 
levels, plasma glucose, glycemic variability (which has been measured using the glucose 
management indicator score), and predicted postprandial glucose levels. The trial has 
included 100 individuals aged 18–65 years who have been diagnosed with T2DM and 
have been willing to utilize digital technology for health monitoring. In this study, in 
particular, the observed improvement in postprandial glucose regulation has 
demonstrated that the AI-driven metabolic coach has effectively guided individuals in 
managing postprandial glucose fluctuations and maintaining stable glycemic control 
throughout the day. Therefore, the study findings have indicated substantial 
improvements in both short-term and long-term glycemic control. As a result, participants 
with T2DM in the intervention group have demonstrated superior outcomes compared to 
the control group, including significant reductions in HbA1c levels, lower plasma glucose 
concentrations, and notable decreases in postprandial glucose levels. This AI-driven 
metabolic coach, which has employed a holistic approach, presents a comprehensive 
strategy for addressing multiple aspects of metabolic health in DM management. This 
study has underscored the potential of AI-driven interventions to provide an integrative 
approach to DM management. The utilization of AI has had the potential to drive 
significant advancements in personalized care by targeting multiple facets of metabolic 
health. Consequently, the positive outcomes that have been observed in this study 
highlight the transformative potential of AI in enhancing the metabolic health of 
individuals with diabetes through the delivery of personalized healthcare solutions. 
These findings have provided strong evidence supporting the integration of AI 
technologies into DM management strategies. 

Similarly, in a study conducted by Zhu et al. [36], a novel DL model has been developed 
utilizing a modified Generative Adversarial Network (GAN) architecture to predict future 
BG levels in individuals with T1DM, based on historical continuous glucose monitoring 
(CGM) measurements, meal intake, and insulin delivery. To train the model, BG-related 
data have been collected over eight weeks from 12 individuals with T1DM. The dataset 
included BG levels recorded every five minutes via CGM, insulin delivery data from 
insulin pumps, self-reported events (such as meals, work, sleep, psychological stress, 
and physical exercise) through a smartphone application, and physical activity data 
captured by a sensor band. The developed model has been found to provide appropriate 
treatment recommendations regardless of prediction error, demonstrating high clinical 
accuracy. For individuals with T1DM, maintaining BG within the target range is essential 
to prevent periods of hypoglycemia and hyperglycemia, which can lead to severe 
complications. Accurate BG prediction can reduce this risk and facilitate early 
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interventions to improve DM management. However, DM management remains 
challenging due to the complex nature of glucose metabolism and the wide range of 
lifestyle factors that can affect it. For this reason, the DL model developed by Zhu et al. 
[36], which incorporates personalized data to predict future BG levels, holds promise as 
an innovative tool for advancing DM management. 

In a study conducted by Dudukcu et al. [35], a fusion model has been developed using 
the extended OhioT1DM dataset, which includes historical BG data from 12 individuals 
with diabetes. The model has combined Long Short-Term Memory (LSTM), WaveNet, 
and Gated Recurrent Units (GRU) architectures, incorporating decision-level fusion of 
these models. The study has demonstrated that the fusion model incorporating 'LSTM + 
WaveNet + GRU' architecture has achieved superior performance in BG prediction. 
Dudukcu et al. [35] plan to utilize the prediction values generated by the fusion model in 
calculating the required insulin doses. If these efforts prove successful, the developed 
system is planned to be converted into a mobile application. This would provide 
individuals with diabetes access to more accurate BG prediction and insulin dosage 
guidance through a GenAI-powered DM management tool, offering the added 
convenience of mobile use. In another study by Peleg et al. [48], the Mobiguide 
application has been tested with 10 atrial fibrillation patients in Italy and 20 gestational 
individuals with diabetes in Spain. Additionally, Mashatian et al. [40] have developed an 
AI-based question-answering model using a Retrieval-Augmented Generation (RAG) 
architecture to address inquiries related to DM and diabetic foot care. In this study, 
Pinecone has been utilized as a vector database alongside GPT-4, developed by 
OpenAI. The NIH National Standards for Diabetes Self-Management Education have 
served as the foundation for training the model. A total of 58 keywords have been used 
to select 295 articles, and the model has been tested with 175 questions covering various 
topics. According to the results, the RAG model is considered a promising tool for 
delivering reliable medical information to the public for self-education and self-
management in the field of DM. 

In a study that has been conducted by Lee et al. [41], a chatbot using GenAI has been 
developed to provide dietary recommendations for individuals with diabetes. The chatbot 
has been trained using an additional dataset that has been produced expressly for the 
system, and it is based on OpenAI's ChatGPT model. This approach allows patients to 
access personalized diet plans that have been tailored to their physical needs, including 
options that have considered seasonal changes. When compared with existing 
applications, the system has demonstrated superior capabilities in managing the health 
status of elderly individuals by incorporating additional data sources and offering a wider 
range of services. As a result, through this system, a new chatbot has been made 
accessible, which has focused on dietary guidance, has assumed the role of an expert, 
and has performed precise caloric calculations to help individuals with diabetes manage 
their health effectively. 

In another study, Wang et al. [37] have developed a generative Markov-Bayes-based 
model, which has been based on previous GenAI models. In this study, longitudinal 
electronic health records from 9,298 individuals with T2DM or prediabetes, which have 
been collected from a large regional healthcare delivery network in China between 2005 
and 2016, have been utilized to generate 5,000 synthetic disease trajectories. The 
findings have shown that 55.3% of individual complications and 31.8% of complication 
patterns associated with progressive T2DM can be predicted early and appropriately 
managed, potentially delaying or preventing them through lifestyle modifications that 
reduce the risk of DM development or progression. 
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However, there are several limitations associated with the use of GenAI. These include 
the production of inaccurate or fabricated content, reliance on unreliable information 
sources, and the provision of incorrect answers to user queries. In addition, various 
practical challenges exist within clinical applications [56, 57]. These findings indicate that 
GenAI stands out for its role in facilitating DM self-management and delivering 
information on DM care, while highlighting the need for further improvement in critical 
areas such as emotional support and medication adherence. As GenAI continues to 
adapt and develop in response to the unique settings and requirements of the medical 
field, it is expected to play a more significant role in DM care [50]. Based on evidence-
based models that examine perceived usefulness and ease of use—key factors 
influencing the adoption of new technologies—these elements appear to be critical for 
the successful integration of GenAI into clinical practice [58]. 

 
5. Conclusion 

The findings of this systematic review demonstrate that GenAI technologies have gained 
increasing significance in DM self-management, offering powerful tools that support 
patients in managing their own care processes. The majority of the reviewed studies 
indicate that GenAI applications are being effectively utilized in various areas, such as 
providing personalized recommendations, delivering DM education, early detection of 
complications, and offering emotional support. GenAI-powered solutions have been 
shown to make significant contributions in critical aspects of DM management, including 
BG prediction, dietary management, exercise recommendations, insulin dose 
optimization, and the generation of patient education materials. However, the limitations 
highlighted in the literature are also noteworthy. Issues such as data security and privacy, 
ethical concerns, the risk of misinformation, challenges in predicting critical situations 
like hypoglycemia, and limited access to technology in low-resource healthcare settings 
have been identified as areas requiring further development for GenAI applications. 
Additionally, hesitations regarding technology adoption among healthcare professionals 
and patients, as well as the need for technical support and comprehensive training to 
ensure effective use of these systems, pose challenges to their implementation. 

Overall, the results of this review highlight the innovative solutions and potential benefits 
offered by GenAI in DM self-management, while also emphasizing the need for 
improvement to make these technologies more reliable, transparent, user-friendly, and 
ethically sound. In this context, there is a need for the development of larger datasets, 
increased interpretability of GenAI models, and more comprehensive evaluations of 
these systems. Future research is recommended to focus on developing strategies that 
enhance data security, accuracy, interpretability, and user satisfaction to strengthen the 
integration of GenAI applications into clinical practice. 
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