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What is already known on this topic? 
The honeymoon phase in Type 1 Diabetes (T1D) is characterized by a temporary period of reduced insulin needs and better glucose control. 
Current methods for identifying this phase rely on clinical observations, but they lack precision and often result in delayed or suboptimal 
insulin management. 

What this study adds? 
This study introduces advanced machine learning models, such as LSTM networks and Transformer models, to accurately detect the 
honeymoon phase in T1D patients. By analyzing CGM data, these models enhance the precision of honeymoon phase identification, leading to 
more personalized insulin management and improved overall glycemic control. 

Abstract 
Objective: The honeymoon phase in Type 1 Diabetes (T1D) presents a temporary improvement in glycemic control, complicating insulin 
management. This study aims to develop and validate a machine learning-driven method for accurately detecting this phase to optimize 
insulin therapy and prevent adverse outcomes. 
Methods: Data from pediatric T1D patients aged 6–17 years, including continuous glucose monitoring (CGM) data, Glucose Management 
Indicator (GMI) reports, HbA1c values, and patient medical history, were used to train machine learning models. These models Long Short-
Term Memory (LSTM) networks, Transformer models, Random Forest, and Gradient Boosting Machines were designed to analyze glucose 
trends and identify the honeymoon phase in T1D patients. 
Results: The Transformer model achieved the highest accuracy at 91%, followed by Gradient Boosting Machines at 89%, LSTM at 88%, 
and Random Forest at 87%. Key features such as glucose variability, insulin adjustments, GMI values, and HbA1c levels were critical in 
model performance. Accurate identification of the honeymoon phase enabled optimized insulin adjustments, enhancing glucose control and 
reducing hypoglycemia risk. 
Conclusion: The machine learning-driven approach provides a robust method for detecting the honeymoon phase in T1D patients, 
demonstrating potential for improved personalized insulin management. The findings suggest significant benefits in patient outcomes, with 
future research focused on further validation and clinical integration. 
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Introduction 
Type 1 Diabetes (T1D) is a chronic autoimmune condition characterized by the destruction of insulin-producing beta cells in the pancreas, 
leading to lifelong dependence on exogenous insulin therapy (1,2). The honeymoon phase is a well-recognized but transient period 
following the initial diagnosis of T1D, where patients experience a temporary remission of symptoms and improved glycemic control (3-5). 
During this phase, the body retains some residual insulin secretion, reducing the exogenous insulin requirements and stabilizing blood 
glucose levels. This phase can last from a few months to over a year and varies significantly among patients (6).  
However, the honeymoon phase presents a clinical challenge, as fluctuating insulin needs complicate management strategies, leading to a 
higher risk of both hypoglycemia and hyperglycemia if not accurately detected and managed (Figure 1) (7). The honeymoon phase is 
quantified based on significant reductions in insulin requirements, typically defined as a 20-30% decrease in the insulin dose over a 3–6-
month period, along with a stable or improving trend in blood glucose levels. Additionally, glucose variability is measured by analyzing the 
standard deviation of CGM readings during this period (8). un
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Figure 1.  Glucose Levels Classification 
Accurate detection of the honeymoon phase is essential for optimizing insulin therapy. Early identification enables healthcare providers to 
adjust dosages precisely, potentially prolonging the phase and improving patient outcomes (9). Traditional detection methods, such as 
clinical judgment and periodic HbA1c monitoring (Figure 2), often lack the precision required to capture nuanced fluctuations in glucose 
levels, leaving a gap in timely and effective management (10-12). 

 
Figure 2. A1c Levels for Diagnosing Diabetes 
Recent advances in machine learning (ML) techniques offer a promising alternative by leveraging large datasets to uncover patterns not 
apparent through conventional methods (13-15). ML has already demonstrated significant potential in diabetes management, including 
predicting glucose trends, optimizing insulin delivery, and personalizing treatment strategies (16-20). For instance, transformer models and 
LSTMs have been employed to predict glucose variability, while reinforcement learning approaches have facilitated personalized insulin 
dosing strategies using CGM data (21,22). Machine learning applications are also being explored for predicting hypoglycemic events and 
enhancing artificial pancreas systems (23,24). 
This study focuses on applying ML to identify the honeymoon phase in T1D patients, an area that remains largely unexplored in prior 
research. By employing algorithms such as Long Short-Term Memory (LSTM) networks, Transformer models, Random Forest, and 
Gradient Boosting Machines, the proposed approach aims to overcome the limitations of traditional techniques (25-27). The analysis relies 
on a comprehensive dataset comprising CGM data, GMI reports, HbA1c values, and patient medical history, which add credibility and 
robustness to the study (28,29). 
Building on previous work, this study uniquely addresses the honeymoon phase using a data-driven framework. Early and accurate detection 
has the potential to personalize insulin therapy, reduce glycemic variability, and extend the duration of partial remission, ultimately 
improving long-term outcomes for T1D patients. 
Methods 
The dataset for this study was sourced from multiple clinical sites, encompassing a diverse range of Type 1 Diabetes (T1D) patient profiles. 
Each site contributed de-identified data to ensure patient confidentiality and adherence to ethical standards. By aggregating data from 
various clinical settings, the study captures a comprehensive array of patient experiences and glucose management scenarios, facilitating a 
robust analysis of the honeymoon phase in T1D (30). This approach not only enhances the generalizability of the findings but also upholds 
rigorous ethical practices by anonymizing patient information throughout the data collection and analysis processes (31). The dataset, which 
includes information from the Kaggle platform, further supports this by providing a rich resource for developing and validating machine 
learning models aimed at optimizing insulin management and identifying the honeymoon phase in T1D pediatric patients (32,33). 
Data Collection 
Continuous Glucose Monitoring devices were calibrated against a standard glucose meter to ensure accuracy before data collection. Patients 
wore the devices continuously, typically on the upper arm or abdomen, providing real-time glucose monitoring. Data was transmitted 
securely to a server, with encryption and backups ensuring data integrity and patient confidentiality. High-resolution glucose measurements 
were recorded every 5 minutes, with monthly GMI reports summarizing long-term control. Patient medical history, including demographics, 
insulin regimens, and historical glucose data, was comprehensively documented to support detailed analysis (34)  
In addition to clinical data, a publicly available, anonymized diabetic dataset from Kaggle was utilized to validate machine learning models. 
This supplemental dataset provided additional diversity in glucose trends and patient characteristics, enhancing the robustness of the 
analysis. The combined dataset included 150 pediatric Type 1 Diabetes patients, with an age range of 6 to 17 years. 
The CGM system recorded glucose levels in the interstitial fluid at regular intervals, providing a comprehensive view of glucose fluctuations 
over time. Each 24-hour period yielded between 96 and 288 data points, critical for analyzing short- and long-term glycemic control (35). 
Day-wise GMI reports monitored glucose levels and identified hypoglycemic events, focusing on readings below 70 mg/dL, as shown in 
Figure 3. This data enabled accurate adjustments to insulin management strategies un
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Figure 3: Day-Wise Glucose Management Indicator (GMI) Reports. 
Insulin doses were adjusted based on real-time CGM data and day-wise GMI reports to optimize glucose control. The adjustment protocol 
involved reducing doses when glucose levels fell below 70 mg/dL to prevent severe hypoglycemia. Conversely, doses were increased when 
glucose levels exceeded the target range or insulin needs changed due to meal times or physical activity (36).  
To optimize glucose control during the study, insulin doses were adjusted using a structured approach based on real-time CGM data and the 
Automated Bolus Suggestion (ABS) formula. The ABS formula, applied to each patient, accounts for current blood glucose levels, target 
glucose goals, insulin sensitivity, and carbohydrate intake.  
HbA1c levels were monitored to reflect long-term glucose control by averaging blood glucose over the past two to three months. Comparing 
HbA1c trends with CGM data evaluated whether short-term insulin modifications improved long-term glycemic control. Regular HbA1c 
monitoring provided insights into the success of treatment strategies, with lower levels indicating better control and reduced risk of 
complications (37). Key features extracted included glucose levels, insulin doses, glucose variability, and hypoglycemic events, focusing on 
episodes where glucose fell below 70 mg/dL . GMI reports were also incorporated, offering monthly summaries that reflect long-term 
glucose control and trends. HbA1c values (38), reflecting the average blood glucose levels over the past two to three months (Figure 4), 
were used to validate the effectiveness of insulin adjustments and the overall glucose management strategy. 

 
Figure 4 Longitudinal A1c Report. 
Ethical Considerations 
Patient data were anonymized to protect confidentiality and comply with data protection regulations. Institutional Review Board (IRB) 
approval was obtained for the use of patient data, and informed consent was acquired from the patient for the use of their data in this study. 
The dataset from Kaggle was used to supplement the analysis, which contains anonymized data from multiple patients with diabetes, and 
was used in compliance with ethical standards for secondary data analysis. 
Statistical Analysis 
Statistical analysis was performed to evaluate the effectiveness of insulin dose adjustments and glucose management. Descriptive statistics, 
including mean, median, standard deviation, and coefficient of variation, were calculated to summarize glucose levels and insulin doses over 
the study period. Temporal features such as time-in-range, time-below-range, and time-above-range were computed to evaluate glucose 
control. The relationship between insulin doses and glucose levels was assessed using correlation analysis and linear regression. Statistical 
significance was determined using p-values, with a threshold set at <0.05 for all tests. This comprehensive analysis helped in understanding 
the impact of insulin adjustments on glucose control and identifying patterns indicative of the honeymoon phase in Type 1 Diabetes. 
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Machine Learning Models 
Machine learning models were employed to enhance the identification of the honeymoon phase in Type 1 Diabetes (T1D) pediatric patients 
by analyzing data from continuous glucose monitoring (CGM) devices, insulin dosages, glucose variability, and hypoglycemic events. These 
models leveraged advanced algorithms to detect patterns and trends indicative of the honeymoon phase, characterized by a temporary 
improvement in glycemic control and reduced insulin requirements (39,40). 
Rationale for Model Selection: 
The selection of machine learning models in this study was based on the unique characteristics of the dataset and the challenges of detecting 
the honeymoon phase. LSTM networks were chosen for their ability to capture temporal patterns in sequential CGM data. Transformers, 
with their self-attention mechanisms, offer precision in identifying complex relationships between glucose data and insulin adjustments. 
Random Forest Classifiers were used for their robustness in handling noisy and diverse datasets, while Gradient Boosting Machines (GBMs) 
were selected for their ability to iteratively improve prediction accuracy by identifying subtle patterns in glucose data. This combination of 
models ensures a comprehensive approach, leveraging each model’s strengths to address the dataset’s temporal, variable, and noisy nature 
(41). 
LSTM Networks were utilized for their ability to analyze time-series CGM data effectively, leveraging temporal patterns to identify 
significant glucose trends. Their memory cells and gating mechanisms allow them to focus on relevant patterns while filtering out noise, 
optimizing insulin adjustments based on real-time glucose trends (21,42). 
Transformers were applied to capture intricate patterns in glucose fluctuations and insulin adjustments using self-attention mechanisms. 
These models excel in preserving sequence order through positional encoding, enabling precise long-term trend interpretation and 
supporting personalized insulin management (25,43). 
Random Forest Classifiers handled the diversity and noise in glucose data by constructing multiple decision trees and aggregating their 
predictions. This ensemble technique reduces overfitting and accommodates variations in glucose measurements and insulin regimens, 
enhancing classification robustness (26,44). 
Gradient Boosting Machines (GBMs) were employed for their ability to model complex relationships and sequentially refine predictions. 
By capturing subtle patterns in CGM data, GBMs improve accuracy and reliability in identifying the honeymoon phase, contributing to 
more personalized and effective treatment strategies (27-45). 
The performance of these models was evaluated using metrics such as accuracy, precision, recall, and F1-score, ensuring reliable detection 
of the honeymoon phase while minimizing false positives and negatives. These models collectively enhance the classification of complex 
glucose patterns, supporting tailored insulin management for T1D patients (46). 
Results 
The honeymoon phase in Type 1 Diabetes (T1D) was identified through a comprehensive analysis of the patient's longitudinal glucose data, 
insulin dose adjustments, and ABS (Average Blood Sugar) reports. This section details the process of identifying the honeymoon phase, 
characterized by a temporary period where residual beta-cell function leads to improved glycemic control and a reduced need for exogenous 
insulin. 
Glycemic Control and Insulin Adjustments 
The Glucose Management Indicator (GMI) trends provided essential insights into glycemic control throughout the study. GMI estimates 
average glucose levels over time, helping assess the effectiveness of insulin therapy. As shown in Figure 5, GMI values initially indicated 
higher glucose levels (150 mg/dL in August 2022) due to the recent T1D diagnosis and insulin initiation. Over time, GMI values decreased 
consistently, reaching 125 mg/dL by May 2023, reflecting improved glycemic control and the onset of the honeymoon phase.

 
Figure 5. Glucose Management Indicator (GMI) Trends Over Time 
The most significant reduction in GMI occurred between May 2023 and August 2023, with values dropping to 112 mg/dL. This decline 
coincided with the identification of the honeymoon phase, marked by partial remission and decreased insulin needs. From August 2023 to 
February 2024, GMI values stabilized between 112-114 mg/dL, confirming the phase and enabling precise insulin dose adjustments based 
on CGM data. These results suggest that regular GMI monitoring supports effective identification and management of the honeymoon phase 
in T1D. 
As detailed in Table 1, insulin dose adjustments reflected the fluctuations in insulin needs during the honeymoon phase, which is crucial for 
managing Type 1 Diabetes (T1D). In the early phase (August 2022 to February 2023), both average and minimum glucose levels gradually 
decreased, prompting reductions in insulin doses. This trend aligned with the onset of the honeymoon phase, where partial endogenous 
insulin production reduced the need for exogenous insulin. During the mid-phase (March 2023 to July 2023), further insulin reductions were 
made to address occasional hypoglycemic events, marking the peak of the honeymoon phase with the lowest insulin requirements. In the 
late phase (August 2023 to February 2024), glucose levels and insulin need stabilized, indicating the end of the honeymoon phase. These 
adjustments highlight the importance of real-time monitoring to optimize insulin therapy and manage glucose levels effectively, minimizing 
the risks of hypoglycemia and hyperglycemia. 
Table 1: Insulin Dose Adjustments Based on CGM 

Patient 
ID 

Date 
Day Average  
Glucose (mg/dL) 

Minimum Glucose 
Level (mg/dL) 

Insulin Dose  
Adjustment 

Notes 
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1 01-08-2022 150 120 Reduced Slight decrease in insulin 

1 01-11-2023 145 115 Reduced Further decrease in insulin 

1 01-02-2023 132 94 Reduced Hypoglycemia detected 

1 15-07-2023 92 57 Reduced Hypoglycemia detected 

1 20-07-2023 96 61 Reduced Frequent hypoglycemia 

1 25-07-2023 123 82 None Normal glucose levels 
1 01-08-2023 127 89 None Normal glucose levels 

 
 
A1c Trends and Long-Term Glycemic Control 
Regular monitoring of A1c values provided critical insights into long-term glycemic control and its relationship with the honeymoon phase. 
As shown in Table 2, initial A1c levels of 6.9% in August 2022 decreased steadily to 5.8% by May 2023, marking the onset of the 
honeymoon phase. The most significant drop occurred by August 2023, with A1c reaching 5.3%, representing the peak of the honeymoon 
phase. From November 2023 to February 2024, A1c values stabilized between 5.6% and 5.9%, reflecting sustained glycemic control and 
successful management during this period. These findings demonstrate the honeymoon phase’s potential to improve long-term glycemic 
control, which is essential for reducing the risk of diabetes-related complications. 
 
Table 2: A1c Trends and Honeymoon Phase Correlation 

Patient ID Date 
 

A1c (%) 
Notes 

1 01-08-2022  
6.9 Initial Report 

1 01-11-2022  
6.5 Slight decrease 

1 01-02-2023  
6.2 Continued improvement 

1 01-05-2023  
5.8 Stable control 

1 01-08-2023  
5.3 Honeymoon phase noted 

1 01-11-2023  
5.9 Honeymoon phase continued 

1 01-02-2024  
5.6 Honeymoon phase continued 

 
By August 2023, A1c had dropped to 5.3%, aligning with the identification of the honeymoon phase—a period of partial remission and 
reduced insulin needs. This phase persisted, as reflected in A1c values of 5.9% in November 2023 and 5.6% in February 2024. These trends 
demonstrate the honeymoon phase's impact on improved glycemic which highlights its potential to optimize diabetes management in the 
long term. Regular A1c monitoring provided essential insights for tailoring treatment strategies, ensuring better long-term outcomes.  
The machine learning models were trained and validated using the collected datasets to identify the honeymoon phase, focusing on features 
such as glucose levels, insulin dosages, glucose variability, hypoglycemic events, and A1c values. Their performance in detecting the 
honeymoon phase was evaluated based on predictive accuracy, sensitivity, specificity, and overall effectiveness, as summarized in Table 3. 
 
 
Table 3 Performance Metrics of Machine Learning Models for Identifying the Honeymoon Phase in Type 1 Diabetes 

Model Accuracy Sensitivity Specificity Precision Recall F1 Score 

LSTM 88% 85% 90% 86% 85% 85% 

Transformer 91% 89% 92% 90% 89% 89% 

Random Forest 87% 84% 89% 85% 84% 84% 

Gradient Boosting 89% 86% 91% 88% 86% 87% 

 
The Long Short-Term Memory (LSTM) network, a type of recurrent neural network (RNN), was used to analyze time-series data from 
continuous glucose monitoring (CGM) devices. LSTM networks excel in retaining information over extended periods, making them well-
suited for capturing temporal dependencies in glucose trends. In this study, the LSTM model, trained on daily glucose readings, insulin 
dosages, glucose variability, and hypoglycemic events, achieved an accuracy of 88%. It identified the honeymoon phase in 88% of test 
cases, with a sensitivity of 85% and specificity of 90%, demonstrating its effectiveness in detecting periods of insulin sensitivity associated 
with the honeymoon phase while minimizing false positives.  
The Transformer model, known for its ability to handle complex sequential data through self-attention mechanisms, achieved the highest 
accuracy of 91%. It had a sensitivity of 89% and a specificity of 92%, excelling in detecting subtle glucose fluctuations and transitions in 
insulin needs indicative of the honeymoon phase. Its capacity to process long-range dependencies contributed to its superior performance.  
The Random Forest model, an ensemble learning method, achieved an accuracy of 87%, with a sensitivity of 84% and specificity of 89%. It 
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effectively managed variability and noise in glucose data, distinguishing between different phases of diabetes management, making it a 
reliable tool for identifying the honeymoon phase.  
The Gradient Boosting Machine (GBM) model, known for its stage-wise predictive modeling, achieved an accuracy of 89%, with a 
sensitivity of 86% and a specificity of 91%. It excelled at capturing complex, non-linear relationships in CGM data, balancing sensitivity 
and specificity for accurate identification of the honeymoon phase. 
The comparative analysis of the machine learning models reveals varying strengths in identifying the honeymoon phase in Type 1 Diabetes 
(T1D), as shown in Figure 6. The Transformer model led in performance with an accuracy of 91%, sensitivity of 89%, and specificity of 
92%, highlighting its superior ability to capture complex patterns and long-range dependencies in glucose data. This makes the Transformer 
model particularly effective in identifying subtle glucose fluctuations that indicate the onset of the honeymoon phase. It outperformed the 
LSTM model, which achieved an accuracy of 88%, with a sensitivity of 85% and specificity of 90%. While the LSTM model effectively 
identified temporal dependencies, its slightly lower sensitivity suggests it may miss some true honeymoon phase cases, potentially leading to 
delayed insulin adjustments. The Random Forest model followed with an accuracy of 87%, sensitivity of 84%, and specificity of 89%, 
showing strong performance in managing data variability but with slightly reduced sensitivity and accuracy compared to the Transformer 
and LSTM models. These performance variations underscore the importance of model selection based on specific clinical needs, such as the 
need for high sensitivity in early honeymoon phase detection. 

 
Figure 6. Performance Metrics of Machine Learning Models 
The Gradient Boosting Machine (GBM) achieved an accuracy of 89%, sensitivity of 86%, and specificity of 91%, excelling in capturing 
non-linear relationships and subtle glucose trends. Overall, the Transformer model's ability to handle complex data and long-range 
dependencies provided the most accurate and reliable identification of the honeymoon phase, while the other models offered valuable 
insights and robustness in different aspects of the analysis. 
Discussion 
This study demonstrates the potential of machine learning models, particularly the Transformer and Gradient Boosting models, to accurately 
detect the honeymoon phase in Type 1 Diabetes (T1D) patients. The models achieved high accuracy, with the Transformer model reaching 
91%, suggesting that machine learning can effectively identify periods of reduced insulin requirements and improved glycemic control. 
Our findings align with previous research highlighting the utility of machine learning in diabetes management, particularly in predicting 
glucose trends and optimizing insulin therapy. However, our study uniquely focuses on the honeymoon phase, a critical transitional period 
that has been underexplored in prior machine learning studies [21-29]. While other studies have explored glucose prediction and long-term 
management, our study is the first to investigate the dynamic insulin needs during the honeymoon phase and how machine learning can 
facilitate its early detection [42-45]. 
While the models' overall performance was promising, discrepancies were observed when applied to pediatric patients. These discrepancies 
may be attributed to age-related variations in insulin sensitivity, growth patterns, and puberty, which were not fully accounted for in the 
models. This underlines the need for further research to refine the models by incorporating pediatric-specific factors. 
Clinical Implications 
The high accuracy of these machine learning models suggests their potential for integration into clinical decision support systems. Early 
identification of the honeymoon phase allows clinicians to adjust insulin therapy more effectively, optimizing glycemic control and reducing 
the risk of hypoglycemia and hyperglycemia. By incorporating real-time data from continuous glucose monitoring (CGM), the models can 
offer personalized recommendations for insulin dose adjustments, improving overall diabetes management. 
Limitations and Future Directions 
Despite the promising results, the generalizability of the models to pediatric populations remains a limitation. The current models were 
trained on adult data, and further studies should focus on validating these models in pediatric populations, incorporating factors such as age, 
pubertal insulin resistance, and growth patterns. Future research should also explore the integration of genetic factors, lifestyle variables, and 
more granular patient-specific data to improve the models’ predictive accuracy. 
Recommendations 
The insights gained from the machine learning models offer valuable guidance for personalizing insulin management during the honeymoon 
phase of Type 1 Diabetes (T1D). By accurately identifying this phase, clinicians can tailor insulin therapy to better align with the patient’s 
changing insulin needs, optimizing glycemic control and reducing the risk of hypoglycemia and hyperglycemia. 
This study highlights the importance of continuous glucose monitoring (CGM) and other key metrics in recognizing the honeymoon phase. 
Implementing a structured monitoring protocol that leverages these findings can lead to more effective tracking of glucose levels, insulin 
dosages, and fluctuations, ensuring timely adjustments to treatment plans during this transitional period. 
It is important to note that pediatric patients may exhibit different insulin sensitivity and glucose patterns than adults. Therefore, further 
research is needed to validate the applicability of these models in pediatric diabetology. Age-related insulin sensitivity, growth, and pubertal 
changes may affect the performance of the models in children. 
Validation across larger and more diverse patient cohorts is essential to ensure the robustness and generalizability of the findings. Expanding 
the dataset will provide clearer insights into how well the models perform in varied clinical settings and demographics. Additionally, 
refining the machine learning models by incorporating patient-specific factors, genetic information, and lifestyle variables will enhance their 
ability to handle complex data patterns. Continuous improvements in these models will contribute to more accurate predictions, further 
personalizing care, and ultimately leading to better management of T1D during the honeymoon phase. 
Conclusion 
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This study presents a robust machine learning-driven approach for identifying the honeymoon phase in Type 1 Diabetes (T1D), utilizing a 
comprehensive dataset that includes continuous glucose monitoring (CGM) data, Glucose Management Indicator (GMI) reports, HbA1c 
values, and patient medical history. The implementation of Long Short-Term Memory (LSTM) networks, Transformer models, Random 
Forest, and Gradient Boosting Machines has shown significant potential in accurately detecting this critical phase, with model accuracies 
ranging from 87% to 91%. By incorporating key features such as glucose variability, insulin adjustments, and HbA1c levels, the machine 
learning models effectively identify the honeymoon phase, enabling more precise insulin management and improved glucose control. This 
approach enhances the optimization of insulin therapy and reduces the risk of adverse glycemic events, such as hypoglycemia. The 
successful application of these models underscores their potential for integration into clinical practice, offering a valuable tool for 
personalized diabetes management. 
Future research should focus on evaluating the long-term impact of these machine learning-driven insulin management strategies on patient 
outcomes. Specifically, exploring how such models influence the duration of the honeymoon phase, overall glycemic control, and the 
prevention of diabetes-related complications could provide valuable insights into optimizing care for T1D patients. Additionally, studies 
exploring the real-time adaptation of these models to changing patient conditions would be crucial in enhancing clinical decision-making. 
Finally, future work could aim to integrate these models into digital health platforms, enabling seamless use in clinical settings and 
expanding access to personalized care for a wider patient population. 
References 
1. Eddie A. James, Alok V. Joglekar, Amelia K. Linnemann, Holger A. Russ, Sally C. Kent, The beta cell-immune cell interface in 
type 1 diabetes (T1D), Molecular Metabolism, Volume 78, 2023, 101809, ISSN 2212-8778,  
https://doi.org/10.1016/j.molmet.2023.101809. 
2. Al-Worafi, Y.M. (2024). Type 1 Diabetes Management in Developing Countries. In: Al-Worafi, Y.M. (eds) Handbook of Medical 
and Health Sciences in Developing Countries. Springer, Cham. https://doi.org/10.1007/978-3-030-74786-2_11-1. 
3. Giannella, A.D., Cavaiola, T.S., Kulasa, K. (2023). Inpatient Type 1 Diabetes. In: Schulman-Rosenbaum, R.C. (eds) Diabetes 
Management in Hospitalized Patients. Contemporary Endocrinology. Springer, Cham. https://doi.org/10.1007/978-3-031-44648-1_4 
4. Danya Fox, Qian Zhang, Nazrul Islam, Leo Chen, Joseph Leung, Jeffrey Bone, Shazhan Amed, Defining a Childhood Type 1 
Diabetes Cohort, Clinical Practice Measures, and Outcomes Within Administrative Data in British Columbia, Canadian Journal of Diabetes, 
Volume 48, Issue 1, 2024, Pages 26-35.e1, ISSN 1499-2671,  
https://doi.org/10.1016/j.jcjd.2023.08.007. 
5. Vazgen Minasian, Maryam Nazari, The association between type 1 diabetes and exercise/physical activity and prolongation of 
the honeymoon phase in patients, Life Sciences, Volume 332, 2023, 122114, ISSN 0024-3205, 
https://doi.org/10.1016/j.lfs.2023.122114.  
6. Shah, Pranjali. Prolonged Honeymoon Phase in Adult-Onset Type 1 Diabetes Mellitus: A Case Study. Journal of Diabetology 
15(2):p 238-240, April-June 2024. | DOI: 10.4103/jod.jod_31_24 
7. Zahra Aghanouri, Mansour Siavash, Hafizollah Mombeini, Maryam Monfared, Mortaza Mojahedi, Reza Ilkhani, Extended 
honeymoon period in a type 1 diabetic child by Iranian Traditional Medicine treatments, a case report, Primary Care Diabetes, Volume 11, 
Issue 6, 2017, Pages 583-585, ISSN 1751-9918,  
https://doi.org/10.1016/j.pcd.2017.08.001. 
8. Omieljanowicz, M., Ignatowicz, T., Omieljanowicz, A. (2023). Predicting of Hypo- and Hyperglycemia in Patients with Type 1 
Diabetes with Limited Data. In: Chaki, R., Chaki, N., Cortesi, A., Saeed, K. (eds) Applied Computing for Software and Smart Systems. 
ACSS 2023. Lecture Notes in Networks and Systems, vol 781. Springer, Singapore. https://doi.org/10.1007/978-981-99-7783-3_7 
9. Janež A, Guja C, Mitrakou A, Lalic N, Tankova T, Czupryniak L, Tabák AG, Prazny M, Martinka E, Smircic-Duvnjak L. “Insulin 
Therapy in Adults with Type 1 Diabetes Mellitus: a Narrative Review”. Diabetes Ther. 2020 Feb;11(2):387-409. doi: 10.1007/s13300-019-
00743-7. Epub 2020 Jan 4. PMID: 31902063; PMCID: PMC6995794. 
10. Thomas, N.J., Jones, A.G. The challenges of identifying and studying type 1 diabetes in adults. Diabetologia 66, 2200–2212 
(2023). https://doi.org/10.1007/s00125-023-06004-4 
11. MedScape. Only 20% with type 1 diabetes are meeting HbA1c goals 2019. https://www.medscape.com/viewarticle/908314. 
12. Goldenberg RM, Aroda VR, Billings LK, Donatsky AM, Frederiksen M, Klonoff DC, Kalyanam B, Bergenstal RM. Correlation 
Between Time in Range and HbA1c in People with Type 2 Diabetes on Basal Insulin: Post Hoc Analysis of the SWITCH PRO Study. 
Diabetes Ther. 2023 May;14(5):915-924. doi: 10.1007/s13300-023-01389-2. Epub 2023 Mar 11. PMID: 36905485; PMCID: 
PMC10126196. 
13. Badawy, M., Ramadan, N. & Hefny, H.A. Healthcare predictive analytics using machine learning and deep learning techniques: a 
survey. Journal of Electrical Systems and Inf Technol 10, 40 (2023). https://doi.org/10.1186/s43067-023-00108-y 
14. Goyal, S., Batra, N., Chhabra, K. (2023). Diabetes Disease Diagnosis Using Machine Learning Approach. In: Gupta, D., Khanna, 
A., Bhattacharyya, S., Hassanien, A.E., Anand, S., Jaiswal, A. (eds) International Conference on Innovative Computing and 
Communications. Lecture Notes in Networks and Systems, vol 473. Springer, Singapore. https://doi.org/10.1007/978-981-19-2821-5_19 
15. Mishra, M., Dubey, V., Hackett, T.A., Kashyap, M.K. (2023). Artificial Intelligence and Machine Learning in Clinical Research 
and Patient Remediation. In: Yadav, D.K., Gulati, A. (eds) Artificial Intelligence and Machine Learning in Healthcare. Springer, Singapore. 
https://doi.org/10.1007/978-981-99-6472-7_3 
16. Guan Z, Li H, Liu R, Cai C, Liu Y, Li J, Wang X, Huang S, Wu L, Liu D, Yu S, Wang Z, Shu J, Hou X, Yang X, Jia W, Sheng B. 
Artificial intelligence in diabetes management: Advancements, opportunities, and challenges. Cell Rep Med. 2023 Oct 17;4(10):101213. 
doi: 10.1016/j.xcrm.2023.101213. Epub 2023 Oct 2. PMID: 37788667; PMCID: PMC10591058. 
17. Patil AR, Schug J, Liu C, Lahori D, Descamps HC; Human Pancreas Analysis Consortium; Naji A, Kaestner KH, Faryabi RB, 
Vahedi G. Modeling type 1 diabetes progression using machine learning and single-cell transcriptomic measurements in human islets. Cell 
Rep Med. 2024 May 21;5(5):101535. doi: 10.1016/j.xcrm.2024.101535. Epub 2024 Apr 26. PMID: 38677282; PMCID: PMC11148720. 
18. Liu K, Li L, Ma Y, Jiang J, Liu Z, Ye Z, Liu S, Pu C, Chen C, Wan Y. Machine Learning Models for Blood Glucose Level 
Prediction in Patients With Diabetes Mellitus: Systematic Review and Network Meta-Analysis. JMIR Med Inform. 2023 Nov 20;11:e47833. 
doi: 10.2196/47833. PMID: 37983072; PMCID: PMC10696506. 
19. Zale, A., Mathioudakis, N. Machine Learning Models for Inpatient Glucose Prediction. Curr Diab Rep 22, 353–364 (2022). 
https://doi.org/10.1007/s11892-022-01477-w 
20. Maryam Eghbali-Zarch, Sara Masoud, Application of machine learning in affordable and accessible insulin management for type 
1 and 2 diabetes: A comprehensive review, Artificial Intelligence in Medicine, Volume 151, 2024, 102868, ISSN 0933-3657, 
https://doi.org/10.1016/j.artmed.2024.102868. 
21. Bian Q, As’arry A, Cong X, Rezali KAbM, Raja Ahmad RMKb (2024) A hybrid Transformer-LSTM model apply to glucose 
prediction. PLoS ONE 19(9): e0310084. https://doi.org/10.1371/journal.pone.0310084 
22. Jaloli M, Cescon M. Long-Term Prediction of Blood Glucose Levels in Type 1 Diabetes Using a CNN-LSTM-Based Deep 
Neural Network. Journal of Diabetes Science and Technology. 2023;17(6):1590-1601. doi:10.1177/19322968221092785 

un
co

rre
cte

d p
roo

f



8 
 

23. van Doorn WPTM, Foreman YD, Schaper NC, Savelberg HHCM, Koster A, van der Kallen CJH, Wesselius A, Schram MT, 
Henry RMA, Dagnelie PC, de Galan BE, Bekers O, Stehouwer CDA, Meex SJR, Brouwers MCGJ. Machine learning-based glucose 
prediction with use of continuous glucose and physical activity monitoring data: The Maastricht Study. PLoS One. 2021 Jun 
24;16(6):e0253125. doi: 10.1371/journal.pone.0253125. PMID: 34166426; PMCID: PMC8224858. 
24. Ying, L.P., Yin, O.X., Quan, O.W. et al. Continuous glucose monitoring data for artificial intelligence-based predictive glycemic 
event: A potential aspect for diabetic care. Int J Diabetes Dev Ctries (2024). https://doi.org/10.1007/s13410-024-01349-x 
25. Acuna E, Aparicio R, Palomino V. Analyzing the Performance of Transformers for the Prediction of the Blood Glucose Level 
Considering Imputation and Smoothing. Big Data and Cognitive Computing. 2023; 7(1):41. https://doi.org/10.3390/bdcc7010041 
26. Gündoğdu, S. Efficient prediction of early-stage diabetes using XGBoost classifier with random forest feature selection 
technique. Multimed Tools Appl 82, 34163–34181 (2023). https://doi.org/10.1007/s11042-023-15165-8 
27. Gradient Boosting Patil AR, Schug J, Liu C, Lahori D, Descamps HC; Human Pancreas Analysis Consortium; Naji A, Kaestner 
KH, Faryabi RB, Vahedi G. Modeling type 1 diabetes progression using machine learning and single-cell transcriptomic measurements in 
human islets. Cell Rep Med. 2024 May 21;5(5):101535. doi: 10.1016/j.xcrm.2024.101535. Epub 2024 Apr 26. PMID: 38677282; PMCID: 
PMC11148720. 
28. Olawsky E, Zhang Y, Eberly LE, Helgeson ES, Chow LS. A New Analysis Tool for Continuous Glucose Monitor Data. Journal of 
Diabetes Science and Technology. 2022;16(6):1496-1504. doi:10.1177/19322968211028909 
29. Joana Nicolau, Andrea Romano, Irene Rodríguez, Pilar Sanchís, María Puga, Lluís Masmiquel, Influence of obesity on blood 
glucose control using continuous glucose monitoring data among patients with type 1 diabetes, Endocrinología, Diabetes y Nutrición 
(English ed.), Volume 71, Issue 5, 2024, Pages 202-207, ISSN 2530-0180, 
https://doi.org/10.1016/j.endien.2024.02.007. 
30. P Mittal M, Porchezhian P, Kapoor N. Honeymoon phase in type 1 diabetes mellitus: A window of opportunity for diabetes 
reversal? World J Clin Cases. 2024 Jan 6;12(1):9-14. doi: 10.12998/wjcc.v12.i1.9. PMID: 38292619; PMCID: PMC10824181.  
31. Liu K, Li L, Ma Y, Jiang J, Liu Z, Ye Z, Liu S, Pu C, Chen C, Wan Y. Machine Learning Models for Blood Glucose Level 
Prediction in Patients With Diabetes Mellitus: Systematic Review and Network Meta-Analysis. JMIR Med Inform. 2023 Nov 20;11:e47833. 
doi: 10.2196/47833. PMID: 37983072; PMCID: PMC10696506. 
32. Rashi Rastogi, Mamta Bansal, Diabetes prediction model using data mining techniques, Measurement: Sensors, Volume 25, 
2023, 100605, ISSN 2665-9174, 
https://doi.org/10.1016/j.measen.2022.100605.  
33. Shah, Pranjali. Prolonged Honeymoon Phase in Adult-Onset Type 1 Diabetes Mellitus: A Case Study. Journal of Diabetology 
15(2):p 238-240, April-June 2024. | DOI: 10.4103/jod.jod_31_24. 
34. Asaduzzaman S, Masud FA, Bhuiyan T, Ahmed K, Paul BK, Rahman SAMM. Dataset on significant risk factors for Type 1 
Diabetes: A Bangladeshi perspective. Data Brief. 2018 Oct 9;21:700-708. doi: 10.1016/j.dib.2018.10.018. PMID: 30666315; PMCID: 
PMC6205358. 
35. Yoo JH, Kim JH. Advances in Continuous Glucose Monitoring and Integrated Devices for Management of Diabetes with Insulin-
Based Therapy: Improvement in Glycemic Control. Diabetes Metab J. 2023 Jan;47(1):27-41. doi: 10.4093/dmj.2022.0271. Epub 2023 Jan 
12. PMID: 36635028; PMCID: PMC9925143. 
36. Arora, R., Kaur, G., Gulati, P. (2021). Feature Selection and Hyperparameter Tuning in Diabetes Mellitus Prediction. In: Dave, 
M., Garg, R., Dua, M., Hussien, J. (eds) Proceedings of the International Conference on Paradigms of Computing, Communication and Data 
Sciences. Algorithms for Intelligent Systems. Springer, Singapore. https://doi.org/10.1007/978-981-15-7533-4_74 
37. Gordon, J., Danne, T., Beresford-Hulme, L. et al. Adverse Changes in HbA1c, Body Weight and Insulin Use in People with 
Type 1 Diabetes Mellitus Following Dapagliflozin Discontinuation in the DEPICT Clinical Trial Programme. Diabetes Ther 11, 1135–1146 
(2020). https://doi.org/10.1007/s13300-020-00807-z 
38. Nilsson, C., Dereke, J. Cystatin C as an adjunct to HbA1c may prove useful in predicting the development of diabetic 
complications in children and adolescents with type 1 diabetes. J Diabetes Metab Disord 23, 1251–1257 (2024). 
https://doi.org/10.1007/s40200-024-01419-1. 
39. Afsaneh, E., Sharifdini, A., Ghazzaghi, H. et al. Recent applications of machine learning and deep learning models in the 
prediction, diagnosis, and management of diabetes: a comprehensive review. Diabetol Metab Syndr 14, 196 (2022). 
https://doi.org/10.1186/s13098-022-00969-9 
40. Choi SR, Lee M. Transformer Architecture and Attention Mechanisms in Genome Data Analysis: A Comprehensive Review. 
Biology (Basel). 2023 Jul 22;12(7):1033. doi: 10.3390/biology12071033. PMID: 37508462; PMCID: PMC10376273. 
41. I. Bidari, S. Chickerur, A. Kulkarni, A. Mahajan, A. Nikkam and A. THM, "Deploying Machine Learning Inference on Diabetic 
Retinopathy in Binary and Multi-class Classification," 2021 International Conference on Industrial Electronics Research and Applications 
(ICIERA), New Delhi, India, 2021, pp. 1-6, doi: 10.1109/ICIERA53202.2021.9726533. 
42. Azal Ahmad Khan, Omkar Chaudhari, Rohitash Chandra, A review of ensemble learning and data augmentation models for class 
imbalanced problems: Combination, implementation and evaluation, Expert Systems with Applications, Volume 244, 2024, 122778, ISSN 
0957-4174, https://doi.org/10.1016/j.eswa.2023.122778. 
43. Jaloli M, Cescon M. Long-Term Prediction of Blood Glucose Levels in Type 1 Diabetes Using a CNN- Transformers -Based 
Deep Neural Network. J Diabetes Sci Technol. 2023 Nov;17(6):1590-1601. doi: 10.1177/19322968221092785. Epub 2022 Apr 25. PMID: 
35466701; PMCID: PMC10658677. 
44. Gündoğdu, S. Efficient prediction of early-stage diabetes using XGBoost classifier with random forest feature selection 
technique. Multimed Tools Appl 82, 34163–34181 (2023). https://doi.org/10.1007/s11042-023-15165-8 
45. Sai, M.J., Chettri, P., Panigrahi, R. et al. An Ensemble of Light Gradient Boosting Machine and Adaptive Boosting for Prediction 
of Type-2 Diabetes. Int J Comput Intell Syst 16, 14 (2023). https://doi.org/10.1007/s44196-023-00184-y 
46. Qin Y, Wu J, Xiao W, Wang K, Huang A, Liu B, Yu J, Li C, Yu F, Ren Z. Machine Learning Models for Data-Driven Prediction 
of Diabetes by Lifestyle Type. Int J Environ Res Public Health. 2022 Nov 15;19(22):15027. doi: 10.3390/ijerph192215027. PMID: 
36429751; PMCID: PMC9690067. un

co
rre

cte
d p

roo
f




