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Abstract 
Accurate prediction and control of blood glucose levels are essential for the management of type 
1 diabetes, where patients rely on exogenous insulin and are vulnerable to both hypoglycemia 
and hyperglycemia. The widespread adoption of continuous glucose monitoring systems, insulin 
pumps, and wearable devices has generated large volumes of physiological and behavioral data, 
creating new opportunities for computational modeling and intelligent decision support. This 
review surveys recent advances in glucose prediction and control models, with a primary focus 
on type 1 diabetes. We examine three major classes of approaches: mechanistic models based on 
physiological principles, data-driven machine learning methods, and hybrid or biology-informed 
frameworks that integrate mechanistic knowledge with learning-based techniques. We also 
discuss the growing role of multimodal data, deep learning architectures, and reinforcement 
learning for automated insulin dosing and adaptive control in artificial pancreas systems. Despite 
significant progress, important challenges remain, including handling noisy and heterogeneous 
data, improving predictive reliability and uncertainty quantification, and enabling real-time 
deployment on resource-constrained medical devices. Emerging strategies such as edge 
computing, efficient model design, and hardware–algorithm co-optimization may help bridge 
this gap. Continued progress will require interdisciplinary collaboration, standardized evaluation 
on public datasets, and rigorous clinical validation to translate emerging modeling approaches 
into practical tools that improve patient outcomes. 

Introduction 
Diabetes mellitus (DM) is a complex metabolic disorder characterized by chronic 
hyperglycemia, a condition marked by persistently elevated glucose levels in the bloodstream.1 
Hyperglycemia may arise from impaired insulin secretion, reduced insulin sensitivity, or a 
combination of both, leading to type 1 diabetes or type 2 diabetes. Type 1 and type 2 diabetes 
differ in their underlying causes and treatment strategies.2 
Type 1 diabetes (T1D) is an autoimmune disease characterized by the destruction of pancreatic 
𝛽𝛽-cells, leading to an absolute deficiency of insulin. As a result, individuals with T1D require 
lifelong insulin therapy, delivered through multiple daily injections or insulin pumps, to maintain 
glucose control. In contrast, type 2 diabetes (T2D) is primarily associated with insulin resistance 
combined with a progressive decline in 𝛽𝛽-cell function. T2D is strongly influenced by genetic 
predisposition, lifestyle factors such as diet and physical inactivity, and metabolic conditions 
including obesity. Treatment for T2D typically begins with lifestyle interventions and oral 
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medications that improve insulin sensitivity or insulin secretion, and may eventually require 
insulin therapy in advanced stages. The disease develops progressively through multifactorial 
mechanisms that are not yet fully understood and manifests in diverse clinical presentations.3,4 
Sustained elevation of blood glucose and the associated disruptions in carbohydrate, lipid, and 
protein metabolism have widespread adverse effects on multiple organ systems.5 As a result, 
diabetes can lead to severe clinical outcomes affecting the eyes, kidneys, heart, nerves, and brain 
(Figure 1). Because many of these complications are closely linked to prolonged hyperglycemia 
or dangerous hypoglycemia, maintaining glucose levels within a safe range is a central goal of 
diabetes management. However, glucose regulation in humans is influenced by numerous 
interacting factors, including meal composition and timing, insulin dosing and absorption 
variability, physical activity, stress, hormonal fluctuations, illness, and circadian rhythms. In 
addition, inter- and intra-subject variability, sensor noise, and delays in glucose measurement 
further complicate the accurate assessment and prediction of glucose dynamics. 
Accurate monitoring and prediction of glucose dynamics are therefore essential for clinical 
decisionmaking.6 The development of continuous glucose monitoring (CGM) systems has 
significantly transformed diabetes care by enabling frequent, minimally invasive measurement of 
interstitial glucose levels.7 Compared with traditional finger-stick measurements, CGM provides 
high-frequency time-series data that capture short-term glucose variability and long-term trends. 
In addition, insulin pumps have enabled more precise and programmable insulin delivery, paving 
the way for closed-loop and artificial pancreas systems. These technological advances have 
created unprecedented opportunities to develop computational models for glucose prediction and 
control. However, the increasing availability of high-frequency physiological data also 
introduces new challenges. CGM measurements are often noisy, subject to calibration errors, and 
influenced by physiological delays between blood and interstitial glucose. In addition, glucose 
dynamics depend on numerous factors, including meals, physical activity, stress, and inter-
individual variability, making accurate prediction difficult. Effective integration of 
heterogeneous data sources and extracting clinically actionable insights remain open problems. 
To address these challenges, a wide range of computational approaches has been proposed, 
broadly including mechanistic models based on physiological principles, data-driven machine 
learning models, and hybrid approaches that combine both paradigms. Mechanistic models, 
providing an abstract compartmental representation of the human body, often formulated as 
systems of ordinary differential equations, provide interpretability and physiological consistency 
but may suffer from parameter uncertainty and limited adaptability to the nonlinear biological 
dynamics. In contrast, purely data-driven models can capture complex patterns from large 
datasets but may lack interpretability and robustness outside the training distribution. More 
recently, hybrid modeling approaches combining these two, for example, scientific machine 
learning methods, have emerged to bridge this gap by embedding physiological knowledge into 
machine learning frameworks.8 
In this review, we survey recent advances in glucose prediction and control models, with an 
emphasis on mechanistic modeling, data-driven methods, and emerging hybrid approaches. 
Although many of the discussed methods are broadly applicable, we primarily focus on type 1 
diabetes, where accurate glucose prediction and automated insulin delivery play a central role in 
daily disease management. We discuss the strengths and limitations of different modeling 
paradigms, highlight key challenges in clinical deployment, and outline future research 
directions toward more reliable and physiologically consistent prediction and control systems. 
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Figure 1. Diabetes and the Associated Complications 

Associated complications include cardiovascular and cerebrovascular complications, nerve 
damage (Neuropathy), kidney disease (Nephropathy), eye diseases (Retinopathy). 

Mechanistic Modeling of Diabetic Glucose-Insulin Dynamics 
Mechanistic models of type 1 diabetes describe glucose–insulin dynamics using compartmental 
formulations that provide a biologically motivated but simplified representation of physiological 
processes. In these models, major body components and pathways—such as plasma glucose, 
interstitial glucose, insulin in plasma and subcutaneous tissue, the gastrointestinal tract, liver, and 
peripheral tissues—are represented as interconnected pools or compartments that exchange mass 
according to governing kinetic laws. This abstraction enables the prediction of system responses 
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to perturbations such as meals, insulin delivery, and physical activity while maintaining a level 
of physiological interpretability. Importantly, because these models explicitly represent 
physiological processes and control inputs, they provide a natural foundation for designing and 
evaluating glucose control strategies, including closed-loop insulin delivery and artificial 
pancreas systems. We have summarized the popular mechanistic models in Table 1. 
The foundation of physiological glucose prediction can be traced to the Bergman Minimal 
Model17 (Figure 2), which employed a parsimonious set of ordinary differential equations to 
characterize glucose–insulin interactions and estimate insulin sensitivity. While its simplicity 
facilitated analytical insight, the absence of anatomical structure limited its applicability to 
continuous prediction and control. To overcome this limitation, Sorensen18 proposed a 
comprehensive whole-body model with multiple organ compartments, including liver, muscle, 
and brain. Although this model contains a more comprehensive set of physiological parameters, 
the resulting high-dimensional parameter space led to difficult parameter identification and 
individual personalization for real-time use. Driven by the need to balance physiological 
meaningfulness with computational tractability in artificial pancreas applications, models with 
moderate complexity were subsequently developed. The Hovorka model19 and the UVA/Padova 
simulator20 explicitly represent subcutaneous insulin absorption and gastrointestinal glucose 
transport, enabling short-term prediction and closed-loop control. The latter was further extended 
by Dalla Man et al.21 to incorporate glucagon dynamics and more than 30 state variables, and has 
since become the FDA-accepted in silico standard for pre-clinical evaluation (Figure 2). In 
addition to model structure, accurate glucose prediction depends on capturing the nonlinear 
delays and stacking effects associated with insulin delivery, as demonstrated by Wilinska et al.22 
These phenomena underscore the sensitivity of ODE-based models to physiological processes 
that are not explicitly represented. 
Apart from the major role meals play in glucose variation, physical activity represents another 
important source of glucose changes, especially in patients with type 1 diabetes, as it 
substantially alters insulin sensitivity and glucose utilization. To account for this effect, several 
extensions have been proposed to incorporate exercise physiology into ODE frameworks. In 
particular, Roy and Parker23 extended the Bergman minimal model by introducing free fatty acid 
(FFA) dynamics, providing a mechanistic description of exercise-induced modulation of insulin 
action during sustained activity. Young et al.24 designed an exercise-aware digital-twin–based 
decision support system (exDSS) that personalizes treatment recommendations for different 
types of exercise and significantly improves time-in-range while reducing hypoglycemia 
compared with both standard clinical guidelines and no intervention in largescale free-living 
simulations of individuals with type 1 diabetes. Deichmann et al.11 develop and validate a 
personalized glucose–insulin model that explicitly incorporates the physiological effects of 
physical activity—such as insulin-independent glucose uptake, glycogen depletion, and 
prolonged changes in insulin sensitivity—enabling accurate simulation of real-world scenarios 
and in-silico evaluation of individualized treatment strategies for people with type 1 diabetes. 
Table 1: Summary of Popular Digital Twin Methods in Reconstructing Glucose-Insulin 
Dynamics in Type 1 Diabetes (PA: Physical Activity.) 
    
Article Model Name Method Required Data 
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Cappon et al.9 Bergman minimal 
model + multi-module 
extension 

MCMC CGM glucose, meals, 
insulin 

Colmegna et al.10 UVa/Padova T1D 
model 

MAP CGM glucose, meals, 
insulin 

Deichmann et al.11 Physiological model + 
activity module 

Least squares Glucose, meals, insulin, 
accelerometer 

Goodwin et al.12 
 

Low-order transfer 
function model 

Parameter 
optimization 

Glucose, meals, insulin 

Haidar et al.13 Custom physiological 
model 

MCMC Plasma glucose, plasma 
insulin 

Hughes et al.14 Physiological model + 
residual model 

Least squares + 
deconvolution 

Glucose, meals, insulin 

Visentin et al.15 UVa/Padova T1D 
model 

MAP Plasma glucose, plasma 
insulin 

Young et al.16 Virtual population 
model (Resalat) 

Similar trajectory 
matching 

Glucose, meals, insulin, 
heart rate 

Figure 2. Glucose Prediction Models 

(Top) Two examples of compartment models capturing the glucose-insulin dynamics. (Left, 
Bergeman model17; Right: UVA/Padova simulator20). (Bottom) Demonstration of how to use 
multimodal data to build a digital twin of DM patients. 
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Data-Driven Glucose Prediction in Diabetes 
Generally, blood glucose dynamics exhibit strong temporal correlation; many data-driven 
forecasting models hence predict future glucose levels by exploiting statistical dependencies in 
historical blood glucose (BG) time-series data, oftentimes the CGM data. Typically, these 
machine learning models take the past glucose within a time period, called the sampling horizon, 
and predict the glucose for another time period ahead in the future. This future time period is 
called the prediction horizon (PH), which typically ranges from 15 minutes to 2 hours. Early 
work by Sparacino et al.25 demonstrated that simple machine learning–style time-series models, 
including adaptive autoregressive and polynomial predictors trained on continuous glucose 
monitoring data, can forecast near-future glucose levels in individuals with type 1 diabetes and 
anticipate hypoglycemic events about 20–25 minutes in advance. Yang et al.26 developed 
adaptive-order ARIMA forecasting to address non-stationarity and improve the robustness of 
hypoglycemia alarms under changing conditions. Yu et al.27 developed computationally efficient, 
sparsity-based adaptive kernel filtering algorithms for real-time glucose prediction from 
continuous glucose monitoring data, enabling accurate modeling of nonlinear and time-varying 
glycemic dynamics while reducing computational cost and maintaining robustness to 
measurement noise in both in-silico and clinical evaluations. 
Recent advances in deep learning have enabled the development of more sophisticated models 
for glucose prediction in diabetes. Convolutional neural networks (CNNs) have been used to 
automatically extract local temporal patterns and reduce noise in physiological signals, while 
recurrent neural networks (RNNs), particularly long short-term memory (LSTM) networks, are 
well-suited for modeling temporal dependencies and long-range dynamics in glucose time-series 
data. These architectures have improved the ability of predictive models to capture nonlinear 
relationships and complex temporal behavior in continuous glucose monitoring data. Perez-
Gandia et al.28 proposed an artificial neural network–based method for online glucose prediction 
using recent continuous glucose monitoring data, demonstrating improved accuracy over 
autoregressive models while maintaining acceptable prediction delays across multiple prediction 
horizons (15–45 minutes). Mirshekarian et al.29 investigated LSTM models with attention, 
showing that modeling longer temporal dependencies can improve forecasts, while also 
highlighting that performance gains can be sensitive to data characteristics and evaluation 
strategy. In addition, robustness and uncertainty became central themes because glucose-only 
predictors lack cross-modal redundancy to correct sensor artifacts. Martinsson et al.30 proposed 
an end-to-end recurrent neural network (RNN) model for predicting blood glucose levels up to 
one hour ahead using only glucose history, achieving competitive performance on a public 
dataset while also estimating predictive uncertainty by modeling the output as a Gaussian 
distribution to aid interpretation and decision-making. More recent work prioritizes 
generalization and data efficiency. For example, Dave et al.31 evaluated predictive alerts under 
patient level and time-based validation and emphasized sustained event definitions to reduce 
false alarms. Deng et al.32 introduced transfer learning and data augmentation to improve patient-
specific forecasting under limited data. Finally, benchmarking efforts have clarified the 
capability boundary of glucose-only models by contrasting univariate and richer-input settings,33 
while newer architectures reflect the broader shift toward attention/Transformer-style sequence 
modeling.34 Overall, these studies suggest that glucose-only models provide reliable and easily 
deployable baselines for short-term prediction, but their performance is inherently limited when 
sudden glucose fluctuations are driven by unobserved factors such as meals, exercise, or stress. 
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Table 2: Multi-Modality Data for Diabetic Patients 
Dataset Age Group Dx Modalities Coverage 

D1NAMO35 Adults to Older 
Adults 

T1D+Healthy CGM; Insulin; ECG; Food logs; 
Meal images 

4–6 d 

AZT1D36 Adults to Older 
Adults 

1D CGM; Insulin (Bolus/Auto); 
AID system data; Meal logs 

6–8 w 

OhioT1DM37 Adults to Older 
Adults 

1D CGM; Insulin; Physiological 
(HR/GSR); Meal info 

8 w 

Abbreviations: Dx = diagnosis; T1D/T2D = type 1/2 diabetes; ECG = electrocardiogram; HR = 
heart rate; GSR = galvanic skin response; AID = automated insulin delivery; w = weeks; d = 
days 
Although many successful models have been developed to predict glucose levels using single-
modality data—most commonly the patient’s historical glucose trajectory—such approaches are 
inherently limited by the restricted information available from a single source. Glucose 
regulation is influenced by multiple interacting factors rather than a single physiological 
variable, and is strongly affected by exogenous inputs such as physical activity, medication, 
dietary intake, and psychological or physiological stress. Recent advances in wearable and 
mobile health technologies have expanded glucose monitoring beyond glucose measurements 
alone. Real-time observation of relevant factors is now possible, including food intake patterns 
inferred from meal logs or images, insulin administration recorded by insulin pumps, and 
physical activity measured using fitness trackers and other wearable sensors (Figure 2 Bottom). 
To facilitate the development and benchmarking of glucose prediction algorithms, several 
publicly available datasets have been released in recent years. In addition to continuous glucose 
monitoring (CGM), these datasets may incorporate insulin dosing records, meal annotations, 
physiological signals from wearable devices, and other contextual information, enabling the 
study of multimodal and personalized prediction approaches. Table 2 summarizes representative 
publicly available datasets that are either widely used in the literature or provide richer 
multimodal data suitable for emerging machine learning and hybrid modeling methods. 
Recent multimodality model development has increasingly focused on incorporating the 
aforementioned physiological knowledge. Zhu et al.38 develop the hybrid CNN-LSTM model for 
glucose prediction, in which CNN layers are employed as powerful feature extractors to assist in 
noise reduction in modalities, and the LSTM layers are employed to capture temporal 
dependencies among heterogeneous signals. Following this architectural paradigm, Haleem et 
al.39 employed a purely data-driven multimodal architecture based on stacked CNN and BiLSTM 
layers with attention mechanisms to implicitly learn complex non-linear mappings between 
structured multimodal inputs, such as CGM signals and health records, and future glucose levels, 
without relying on predefined mechanistic constraints. Similarly, Singh et al.40 emphasized the 
extraction of statistical patterns over physiological explainability upon these architectural 
foundations. Neumann et al.41 suggested that this architecture alone is not enough for free-living 
conditions and proposed a transfer learning approach to address the issue of individual 
differences during exercise. Going beyond the conventional LSTM architecture and training 
approach, Farahmand et al.42 recently proposed a Transformer-based model (AttenGluco), which 
utilizes the attention mechanism to achieve a higher level of predictive power than the existing 
RNN-based models, especially when the prediction period is longer. However, most existing 
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multimodal glucose prediction models remain purely data-driven and face challenges in 
integrating unstructured dietary information. To address this limitation, Wolber et al.43 utilized 
multimodal large language models (MLLM) to convert food images into structured nutritional 
data, making it easier to incorporate dietary data into glucose prediction models. 

Biology-Informed Machine Learning Glucose Prediction 
Purely data-driven (black-box) models often achieve high predictive precision but lack 
physiological interpretability and generalizability. Conversely, purely physiological (white-box) 
models are limited by simplifying assumptions and the difficulty of parameter identification due 
to significant inter- and intra-subject variability. Hence, hybrid (grey-box) modeling approaches, 
also referred to as biology-informed machine learning models,44–49 have emerged to combine the 
interpretability of physiological models with the flexibility of data-driven methods for improved 
blood glucose (BG) prediction. Hybrid modeling strategies enhance BG prediction by integrating 
heterogeneous paradigms at various stages of the modeling pipeline, including data 
preprocessing, feature construction, and predictive learning. In practice, a substantial body of 
research combines physiological compartmental models with machine learning algorithms to 
leverage both mechanistic insights and data-driven flexibility. Early work demonstrated that 
physiological models can serve as structured intermediates for learning-based predictors. For 
instance, Plis et al.50 proposed a hybrid approach that uses a physiological model to generate 
features for a patient-specific Support Vector Regression predictor, achieving glucose forecasts 
that outperform clinical experts and enabling the anticipation of a substantial fraction of 
hypoglycemic events about 30 minutes in advance, with most false alarms occurring in near-
hypoglycemic ranges. Similarly, Georga et al.51 have proposed hybrid approaches for glucose 
prediction in type 1 diabetes that combine compartmental physiological models of insulin 
absorption, meal intake, and exercise with support vector regression (SVR). These methods, 
evaluated using free-living data, show that incorporating physiological and behavioral variables 
improves prediction accuracy and enables clinically acceptable forecasts of glucose dynamics. 
Recently, deep learning has also been incorporated into hybrid models, enabling more flexible 
representations of nonlinear glucose dynamics while retaining physiological interpretability. 
Mougiakakou et al.52 utilized compartmental models to estimate the impact of food intake and 
injected insulin on glucose dynamics, integrating these estimates with historical BG 
measurements to train an artificial neural network. This framework was later extended using 
recurrent neural networks coupled with multiple compartmental subsystems capturing short-
acting insulin, intermediate-acting insulin, and carbohydrate absorption dynamics.53 Related 
efforts by Zecchin et al.54 leveraged physiological modeling of meal effects to augment CGM-
driven neural predictors and subsequently explored jump neural network formulations informed 
by meal-related physiological inputs. By embedding the loss of residue terms in ordinary 
differential equations, Deng et al.55 developed a patient-specific insulin dosing framework that 
combines systems biology–informed neural networks to model glucose–insulin dynamics with 
deep reinforcement learning to automate insulin delivery, explicitly accounting for meal intake 
and physical activity using wearable-device data to improve next-generation artificial pancreas 
control. Hybridization has also been investigated beyond conventional feature-based learning. 
Briegel et al.56 proposed a nonlinear state-space formulation combining compartmental glucose 
dynamics with neural network components to model individual BG trajectories, while Contreras 
et al.57 introduced a personalized framework integrating physiological modeling with 
grammatical evolution-based genetic programming. More recent developments emphasize not 
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only predictive accuracy but also physiological coherence; for example, the H2NCM framework 
proposed by Zou et al.58 incorporates a ranking-based causal loss to enforce physiological 
consistency alongside data-driven learning. 

Conclusion 
Despite substantial progress, several challenges remain, including handling noisy and 
heterogeneous data, improving predictive reliability, quantifying uncertainty, and enabling real-
time control in closed-loop systems. A comprehensive understanding of existing modeling 
strategies, their assumptions, and their limitations is therefore essential. Mechanistic models, 
data-driven approaches, and hybrid frameworks each offer distinct advantages, yet none alone 
fully addresses the complexity of glucose regulation in free-living conditions. Mechanistic 
models provide physiological interpretability and a principled basis for treatment design and in-
silico evaluation, but often require careful parameterization and may struggle to capture inter- 
and intra-subject variability. Data-driven models, particularly those based on deep learning, have 
demonstrated strong predictive performance but may suffer from limited generalizability, 
reduced interpretability, and sensitivity to data quality. Hybrid and biology-informed approaches 
represent a promising direction by combining physiological structure with flexible learning 
models, although their clinical validation and deployment remain ongoing challenges. 
While multimodal data provide unprecedented opportunities for personalized prediction, 
effectively integrating heterogeneous data streams to assist the recommendation and dosage of 
treatment remains difficult, 
butitisnecessarytoaddressthisinordertohelpcontroltheglucosevolatilityfordiabeticpatients. In 
parallel, reinforcement learning has emerged as a promising paradigm for automated insulin 
dosing and adaptive glucose control,55,59 as it enables treatment policies to be optimized through 
interaction with patient-specific models or simulators. Continued advances in safe and sample-
efficient reinforcement learning may play a key role in the development of next-generation 
artificial pancreas systems moving toward diagnosis and treatment. 

Future Directions 
The growing use of deep learning models for glucose prediction and control also introduces 
significant computational demands. Modern architectures such as recurrent neural networks, 
transformers, and reinforcement learning–based controllers often require substantial memory and 
energy consumption,60 which limits their direct deployment on resource-constrained devices 
such as continuous glucose monitoring, insulin pumps, or other embedded controllers. This gap 
between algorithmic capability and hardware feasibility has motivated increasing interest in edge 
computing and hardware-aware modeling strategies. Techniques such as model compression, 
pruning, quantization, and knowledge distillation could be explored to reduce computational 
overhead while preserving predictive performance. Continued advances in edge computing and 
efficient model design will be essential to enable the safe and practical deployment of next-
generation intelligent diabetes management systems. 
In summary, glucose prediction and control in diabetes remain active and rapidly evolving 
research areas at the intersection of physiology, control theory, and machine learning. Continued 
progress will depend on interdisciplinary collaboration, standardized benchmarking on public 
datasets, rigorous clinical validation, and advances in computational infrastructure to ensure that 
emerging modeling approaches translate into practical tools that improve patient outcomes. 



Doi: 10.32481/djph.2026.03.09 

Dr. Deng may be contacted at yixiangd@udel.edu. 

Acknowledgements 
This study was supported by NIH NIGMS IDeA Program Grant #P20 GM103446 & the State of 
Delaware and National Science Foundation grants NSF 2406212. 

References 
1. Chinmay, D., Deshmukh, A. J., & Nahata, A. (2015). Diabetes mellitus: A review. Int J 

Pure Appl Biosci, 3(3), 224–230. 
2. Zaccardi, F., Webb, D. R., Yates, T., & Davies, M. J. (2016, February). Pathophysiology of 

type 1 and type 2 diabetes mellitus: A 90-year perspective. Postgraduate Medical Journal, 
92(1084), 63–69. https://doi.org/10.1136/postgradmedj-2015-133281 PubMed 

3. Banday, M. Z., Sameer, A. S., & Nissar, S. (2020, October 13). Pathophysiology of 
diabetes: An overview. Avicenna Journal of Medicine, 10(4), 174–188. 
https://doi.org/10.4103/ajm.ajm_53_20 PubMed 

4. Guthrie, R. A., & Guthrie, D. W. (2004, April-June). Pathophysiology of diabetes mellitus. 
Critical Care Nursing Quarterly, 27(2), 113–125. https://doi.org/10.1097/00002727-
200404000-00003 PubMed 

5. Papatheodorou, K., Banach, M., Bekiari, E., Rizzo, M., & Edmonds, M. (2018, March 11). 
Complications of Diabetes 2017. Journal of Diabetes Research, 2018, 3086167. 
https://doi.org/10.1155/2018/3086167 PubMed 

6. Reifman, J., Rajaraman, S., Gribok, A., & Ward, W. K. (2007, July). Predictive monitoring 
for improved management of glucose levels. Journal of Diabetes Science and Technology, 
1(4), 478–486. https://doi.org/10.1177/193229680700100405 PubMed 

7. Klonoff, D. C., Ahn, D., & Drincic, A. (2017, November). Continuous glucose monitoring: 
A review of the technology and clinical use. Diabetes Research and Clinical Practice, 133, 
178–192. https://doi.org/10.1016/j.diabres.2017.08.005 PubMed 

8. Raissi, M., Perdikaris, P., & Karniadakis, G. (2019). Physics-informed neural networks: A 
deep learning framework for solving forward and inverse problems involving nonlinear 
partial differential equations. Journal of Computational Physics, 378, 686–707. 
https://doi.org/10.1016/j.jcp.2018.10.045 

9. Cappon, G., Vettoretti, M., Sparacino, G., Favero, S. D., & Facchinetti, A. (2023, 
November). Replaybg: A digital twin-based methodology to identify a personalized model 
from type 1 diabetes data and simulate glucose concentrations to assess alternative therapies. 
IEEE Transactions on Biomedical Engineering, 70(11), 3227–3238. 
https://doi.org/10.1109/TBME.2023.3286856 PubMed 

10. Colmegna, P., Wang, K., Garcia-Tirado, J., & Breton, M. D. (2020). Mapping data to virtual 
patients in type 1 diabetes. Control Engineering Practice, 103, 104605. 
https://doi.org/10.1016/j.conengprac.2020.104605 

11. Deichmann, J., Bachmann, S., Burckhardt, M. A., Pfister, M., Szinnai, G., & Kaltenbach, H. 
M. (2023, February 15). New model of glucose-insulin regulation characterizes effects of 

https://doi.org/10.1136/postgradmedj-2015-133281
https://pubmed.ncbi.nlm.nih.gov/26621825
https://doi.org/10.4103/ajm.ajm_53_20
https://pubmed.ncbi.nlm.nih.gov/33437689
https://doi.org/10.1097/00002727-200404000-00003
https://doi.org/10.1097/00002727-200404000-00003
https://pubmed.ncbi.nlm.nih.gov/15137354
https://doi.org/10.1155/2018/3086167
https://pubmed.ncbi.nlm.nih.gov/29713648
https://doi.org/10.1177/193229680700100405
https://pubmed.ncbi.nlm.nih.gov/19885110
https://doi.org/10.1016/j.diabres.2017.08.005
https://pubmed.ncbi.nlm.nih.gov/28965029
https://doi.org/10.1016/j.jcp.2018.10.045
https://doi.org/10.1109/TBME.2023.3286856
https://pubmed.ncbi.nlm.nih.gov/37368794
https://doi.org/10.1016/j.conengprac.2020.104605


Doi: 10.32481/djph.2026.03.09 

physical activity and facilitates personalized treatment evaluation in children and adults with 
type 1 diabetes. PLoS Computational Biology, 19(2), e1010289. 
https://doi.org/10.1371/journal.pcbi.1010289 PubMed 

12. Goodwin, G. C., Seron, M. M., Medioli, A. M., Smith, T., King, B. R., & Smart, C. E. 
(2020). A systematic stochastic design strategy achieving an optimal tradeoff between peak 
bgl and probability of hypoglycaemic events for individuals having type 1 diabetes mellitus. 
Biomedical Signal Processing and Control, 57, 101813. 
https://doi.org/10.1016/j.bspc.2019.101813 

13. Haidar, A., Wilinska, M. E., Graveston, J. A., & Hovorka, R. (2013, December). Wilinska, 
James A Graveston, and Roman Hovorka. Stochastic virtual population of subjects with type 
1 diabetes for the assessment of closed-loop glucose controllers. IEEE Transactions on 
Biomedical Engineering, 60(12), 3524–3533. https://doi.org/10.1109/TBME.2013.2272736 
PubMed 

14. Hughes, J., Gautier, T., Colmegna, P., Fabris, C., & Breton, M. D. (2021, November). 
Replay simulations with personalized metabolic model for treatment design and evaluation 
in type 1 diabetes. Journal of Diabetes Science and Technology, 15(6), 1326–1336. 
https://doi.org/10.1177/1932296820973193 PubMed 

15. Visentin, R., Man, C. D., & Cobelli, C. (2016, November). One-day bayesian cloning of 
type 1 diabetes subjects: Toward a single-day uva/padova type 1 diabetes simulator. IEEE 
Transactions on Biomedical Engineering, 63(11), 2416–2424. 
https://doi.org/10.1109/TBME.2016.2535241 PubMed 

16. Young, G., Dodier, R., Youssef, J. E., Castle, J. R., Wilson, L., Riddell, M. C., & Jacobs, P. 
G. (2024, March). Design and in silico evaluation of an exercise decision support system 
using digital twin models. Journal of Diabetes Science and Technology, 18(2), 324–334. 
https://doi.org/10.1177/19322968231223217 PubMed 

17. Bergman, R. N., Phillips, L. S., & Cobelli, C. (1981, December). Physiologic evaluation of 
factors controlling glucose tolerance in man: Measurement of insulin sensitivity and beta-
cell glucose sensitivity from the response to intravenous glucose. The Journal of Clinical 
Investigation, 68(6), 1456–1467. https://doi.org/10.1172/JCI110398 PubMed 

18. Sorensen, J. T. (1985). A physiologic model of glucose metabolism in man and its use to 
design and assess improved insulin therapies for diabetes. PhD thesis, Massachusetts 
Institute of Technology. 

19. Hovorka, R., Canonico, V., Chassin, L. J., Haueter, U., Massi-Benedetti, M., Orsini 
Federici, M., . . . Wilinska, M. E. (2004, August). Nonlinear model predictive control of 
glucose concentration in subjects with type 1 diabetes. Physiological Measurement, 25(4), 
905–920. https://doi.org/10.1088/0967-3334/25/4/010 PubMed 

20. Dalla Man, C., Raimondo, D. M., Rizza, R. A., & Cobelli, C. (2007, May). GIM, simulation 
software of meal glucose-insulin model. Journal of Diabetes Science and Technology, 1(3), 
323–330. https://doi.org/10.1177/193229680700100303 PubMed 

21. Man, C. D., Micheletto, F., Lv, D., Breton, M., Kovatchev, B., & Cobelli, C. (2014, 
January). The uva/padova type 1 diabetes simulator: New features. Journal of Diabetes 
Science and Technology, 8(1), 26–34. https://doi.org/10.1177/1932296813514502 PubMed 

https://doi.org/10.1371/journal.pcbi.1010289
https://pubmed.ncbi.nlm.nih.gov/36791144
https://doi.org/10.1016/j.bspc.2019.101813
https://doi.org/10.1109/TBME.2013.2272736
https://pubmed.ncbi.nlm.nih.gov/23864149
https://pubmed.ncbi.nlm.nih.gov/23864149
https://doi.org/10.1177/1932296820973193
https://pubmed.ncbi.nlm.nih.gov/33218280
https://doi.org/10.1109/TBME.2016.2535241
https://pubmed.ncbi.nlm.nih.gov/26930671
https://doi.org/10.1177/19322968231223217
https://pubmed.ncbi.nlm.nih.gov/38390855
https://doi.org/10.1172/JCI110398
https://pubmed.ncbi.nlm.nih.gov/7033284
https://doi.org/10.1088/0967-3334/25/4/010
https://pubmed.ncbi.nlm.nih.gov/15382830
https://doi.org/10.1177/193229680700100303
https://pubmed.ncbi.nlm.nih.gov/19885087
https://doi.org/10.1177/1932296813514502
https://pubmed.ncbi.nlm.nih.gov/24876534


Doi: 10.32481/djph.2026.03.09 

22. Wilinska, M. E., Chassin, L. J., Schaller, H. C., Schaupp, L., Pieber, T. R., & Hovorka, R. 
(2005, January). Insulin kinetics in type-I diabetes: Continuous and bolus delivery of rapid 
acting insulin. IEEE Transactions on Biomedical Engineering, 52(1), 3–12. 
https://doi.org/10.1109/TBME.2004.839639 PubMed 

23. Roy, A., & Parker, R. S. (2006, December). Dynamic modeling of free fatty acid, glucose, 
and insulin: An extended “minimal model”. Diabetes Technology & Therapeutics, 8(6), 
617–626. https://doi.org/10.1089/dia.2006.8.617 PubMed 

24. You, S., Sun, Y., Yang, L., Park, J., Tu, H., Marjanovic, M., . . . Boppart, S. A. (2019, 
December 17). Real-time intraoperative diagnosis by deep neural network driven 
multiphoton virtual histology. NPJ Precision Oncology, 3(1), 33. 
https://doi.org/10.1038/s41698-019-0104-3 PubMed 

25. Sparacino, G., Zanderigo, F., Corazza, S., Maran, A., Facchinetti, A., & Cobelli, C. (2007, 
May). Glucose concentration can be predicted ahead in time from continuous glucose 
monitoring sensor time-series. IEEE Transactions on Biomedical Engineering, 54(5), 931–
937. https://doi.org/10.1109/TBME.2006.889774 PubMed 

26. Yang, J., Li, L., Shi, Y., & Xie, X. (2019, May). An ARIMA model with adaptive orders for 
predicting blood glucose concentrations and hypoglycemia. IEEE Journal of Biomedical and 
Health Informatics, 23(3), 1251–1260. https://doi.org/10.1109/JBHI.2018.2840690 PubMed 

27. Yu, X., Rashid, M., Feng, J., Hobbs, N., Hajizadeh, I., Samadi, S., . . . Cinar, A. (2020, 
January). Online glucose prediction using computationally efficient sparse kernel filtering 
algorithms in type-1 diabetes. IEEE Trans Control Sys Tech, 28(1), 3–15. 
https://doi.org/10.1109/TCST.2018.2843785 PubMed 

28. Pérez-Gandía, C., Facchinetti, A., Sparacino, G., Cobelli, C., Gómez, E. J., Rigla, M., . . . 
Hernando, M. E. (2010, January). Artificial neural network algorithm for online glucose 
prediction from continuous glucose monitoring. Diabetes Technology & Therapeutics, 
12(1), 81–88. https://doi.org/10.1089/dia.2009.0076 PubMed 

29. Mirshekarian, S., Shen, H., Bunescu, R., & Marling, C. (2019, July). LSTMs and neural 
attention models for blood glucose prediction: Comparative experiments on real and 
synthetic data. Annual International Conference of the IEEE Engineering in Medicine and 
Biology Society, 2019, 706–712. https://doi.org/10.1109/EMBC.2019.8856940 PubMed 

30. Martinsson, J., Schliep, A., Eliasson, B., & Mogren, O. (2020). Blood glucose prediction 
with variance estimation using recurrent neural networks. Journal of Healthcare Informatics 
Research, 4(1), 1–18. https://doi.org/10.1007/s41666-019-00059-y PubMed 

31. Dave, D., Erraguntla, M., Lawley, M., DeSalvo, D., Haridas, B., McKay, S., & Koh, C. 
(2021, April 29). Improved low-glucose predictive alerts based on sustained hypoglycemia: 
Model development and validation study. JMIR Diabetes, 6(2), e26909. 
https://doi.org/10.2196/26909 PubMed 

32. Deng, Y., Lu, L., Aponte, L., Angelidi, A. M., Novak, V., Karniadakis, G. E., & Mantzoros, 
C. S. (2021, July 14). Deep transfer learning and data augmentation improve glucose levels 
prediction in type 2 diabetes patients. NPJ Digital Medicine, 4(1), 109. 
https://doi.org/10.1038/s41746-021-00480-x PubMed 

https://doi.org/10.1109/TBME.2004.839639
https://pubmed.ncbi.nlm.nih.gov/15651559
https://doi.org/10.1089/dia.2006.8.617
https://pubmed.ncbi.nlm.nih.gov/17109593
https://doi.org/10.1038/s41698-019-0104-3
https://pubmed.ncbi.nlm.nih.gov/31872065
https://doi.org/10.1109/TBME.2006.889774
https://pubmed.ncbi.nlm.nih.gov/17518291
https://doi.org/10.1109/JBHI.2018.2840690
https://pubmed.ncbi.nlm.nih.gov/29993728
https://doi.org/10.1109/TCST.2018.2843785
https://pubmed.ncbi.nlm.nih.gov/32699492
https://doi.org/10.1089/dia.2009.0076
https://pubmed.ncbi.nlm.nih.gov/20082589
https://doi.org/10.1109/EMBC.2019.8856940
https://pubmed.ncbi.nlm.nih.gov/31945995
https://doi.org/10.1007/s41666-019-00059-y
https://pubmed.ncbi.nlm.nih.gov/35415439
https://doi.org/10.2196/26909
https://pubmed.ncbi.nlm.nih.gov/33913816
https://doi.org/10.1038/s41746-021-00480-x
https://pubmed.ncbi.nlm.nih.gov/34262114


Doi: 10.32481/djph.2026.03.09 

33. Nemat, H., Khadem, H., Elliott, J., & Benaissa, M. (2024, September 19). Data-driven blood 
glucose level prediction in type 1 diabetes: A comprehensive comparative analysis. 
Scientific Reports, 14(1), 21863. https://doi.org/10.1038/s41598-024-70277-x PubMed 

34. Bian, Q., As’arry, A., Cong, X., Rezali, K. A. B. M., & Raja Ahmad, R. M. K. B. (2024, 
September 11). A hybrid Transformer-LSTM model apply to glucose prediction. PLoS One, 
19(9), e0310084. https://doi.org/10.1371/journal.pone.0310084 PubMed 

35. Dubosson, F., Ranvier, J.-E., Bromuri, S., Calbimonte, J.-P., Ruiz, J., & Schumacher, M. 
(2018). The open d1namo dataset: A multi-modal dataset for research on noninvasive type 1 
diabetes management. Informatics in Medicine Unlocked, 13, 92–100. 
https://doi.org/10.1016/j.imu.2018.09.003 

36. Khamesian, S., Arefeen, A., Thompson, B. M., Grando, M. A., & Ghasemzadeh, H. 
(2025)AST1D: A real-world dataset for type 1 diabetes. arXiv preprint arXiv:2506.14789. 

37. Marling, C., & Bunescu, R. (2020, September). The ohiot1dm dataset for blood glucose 
level prediction: Update 2020. CEUR Workshop Proceedings, 2675, 71–74. PubMed 

38. Zhu, T., Li, K., Herrero, P., & Georgiou, P. (2021, July). Deep learning for diabetes: A 
systematic review. IEEE Journal of Biomedical and Health Informatics, 25(7), 2744–2757. 
https://doi.org/10.1109/JBHI.2020.3040225 PubMed 

39. Haleem, M. S., Katsarou, D., Georga, E. I., Dafoulas, G. E., Bargiota, A., Lopez-Perez, L., . 
. .. Fotiadis, D., & the Gatekeeper Consortium. (2025, July 29). A multimodal deep learning 
architecture for predicting interstitial glucose for effective type 2 diabetes management. 
Scientific Reports, 15(1), 27625. https://doi.org/10.1038/s41598-025-07272-3 PubMed 

40. Singh, S. B., & Singh, A. (2024). Leveraging deep learning and multi-modal data for early 
prediction and personalized management of type 2 diabetes. International Journal For 
Multidisciplinary Research, 6(4), 1–9. 

41. Neumann, A., Zghal, Y., Cremona, M. A., Hajji, A., Morin, M., & Rekik, M. (2025, May). 
A data-driven personalized approach to predict blood glucose levels in type-1 diabetes 
patients exercising in free-living conditions. Computers in Biology and Medicine, 190, 
110015. https://doi.org/10.1016/j.compbiomed.2025.110015 PubMed 

42. Farahmand, E., Azghan, R. R., Chatrudi, N. T., Kim, E., Gudur, G. K., Thomaz, E., . . . 
Ghasemzadeh, H. (2025). Multimodal transformer-based blood glucose forecasting on ai-
readi dataset. arXiv preprint arXiv:2502.09919. 
https://doi.org/10.1109/EMBC58623.2025.11251776 

43. Wolber, J. C. E., & Samadi, E. M., Sellin, J., & Schuppert, A. (2025, December). 
Multimodal large language models and mechanistic modeling for glucose forecasting in type 
1 diabetes patients. Journal of Biomedical Informatics, 172, 104945. 
https://doi.org/10.1016/j.jbi.2025.104945 PubMed 

44. Yazdani, A., Lu, L., Raissi, M., & Karniadakis, G. E. (2020, November 18). Systems 
biology informed deep learning for inferring parameters and hidden dynamics. PLoS 
Computational Biology, 16(11), e1007575. https://doi.org/10.1371/journal.pcbi.1007575 
PubMed 

https://doi.org/10.1038/s41598-024-70277-x
https://pubmed.ncbi.nlm.nih.gov/39300118
https://doi.org/10.1371/journal.pone.0310084
https://pubmed.ncbi.nlm.nih.gov/39259758
https://doi.org/10.1016/j.imu.2018.09.003
https://pubmed.ncbi.nlm.nih.gov/33584164
https://doi.org/10.1109/JBHI.2020.3040225
https://pubmed.ncbi.nlm.nih.gov/33232247
https://doi.org/10.1038/s41598-025-07272-3
https://pubmed.ncbi.nlm.nih.gov/40730832
https://doi.org/10.1016/j.compbiomed.2025.110015
https://pubmed.ncbi.nlm.nih.gov/40164029
https://doi.org/10.1109/EMBC58623.2025.11251776
https://doi.org/10.1016/j.jbi.2025.104945
https://pubmed.ncbi.nlm.nih.gov/41177244
https://doi.org/10.1371/journal.pcbi.1007575
https://pubmed.ncbi.nlm.nih.gov/33206658
https://pubmed.ncbi.nlm.nih.gov/33206658


Doi: 10.32481/djph.2026.03.09 

45. Qian, Y., Zhang, K., Marty, E., Basu, A., O’Dea, E. B., Wang, X., . . . Li, H. (2025, 
November). Physics-informed deep learning for infectious disease forecasting. Journal of 
the Royal Society, Interface, 22(232), 20250379. https://doi.org/10.1098/rsif.2025.0379 
PubMed 

46. Qian, Y., Zhu, G., Zhang, Z., Modepalli, S., Zheng, Y., Zheng, X., . . . Li, H. (2024, 
December). Coagulo-Net: Enhancing the mathematical modeling of blood coagulation using 
physics-informed neural networks. Neural Networks, 180, 106732. 
https://doi.org/10.1016/j.neunet.2024.106732 PubMed 

47. Daneker, M., Cai, S., Qian, Y., Myzelev, E., Kumbhat, A., Li, H., & Lu, L. (2024). Transfer 
learning on physics-informed neural networks for tracking the hemodynamics in the 
evolving false lumen of dissected aorta. Nexus, 1(2). 

48. Chen, Q., Ye, Q., Zhang, W., Li, H., & Zheng, X. (2023). TGM-nets: A deep learning 
framework for enhanced forecasting of tumor growth by integrating imaging and modeling. 
Engineering Applications of Artificial Intelligence, 126, 106867. 
https://doi.org/10.1016/j.engappai.2023.106867 

49. Cai, S., Li, H., Zheng, F., Kong, F., Dao, M., Karniadakis, G. E., & Suresh, S. (2021, March 
30). Artificial intelligence velocimetry and microaneurysm-on-a-chip for three-dimensional 
analysis of blood flow in physiology and disease. Proceedings of the National Academy of 
Sciences of the United States of America, 118(13), 1–11. 
https://doi.org/10.1073/pnas.2100697118 PubMed 

50. Plis, K., Bunescu, R., Marling, C., Shubrook, J., & Schwartz, F. (2014). A machine learning 
approach to predicting blood glucose levels for diabetes management. In AAAI Workshop: 
Modern Artificial Intelligence for Health Analytics, 31, 35–39. 

51. Georga, E. I., Protopappas, V. C., Ardigo, D., Marina, M., Zavaroni, I., Polyzos, D., & 
Fotiadis, D. I. (2013, January). Multivariate prediction of subcutaneous glucose 
concentration in type 1 diabetes patients based on support vector regression. IEEE Journal 
of Biomedical and Health Informatics, 17(1), 71–81. 
https://doi.org/10.1109/TITB.2012.2219876 PubMed 

52. Mougiakakou, S. G., Prountzou, A., Iliopoulou, D., Nikita, K. S., Vazeou, A., & Bartsocas, 
C. S. (2006). Neural network based glucose-insulin metabolism models for children with 
type 1 diabetes. Conf Proc IEEE Eng Med Biol Sci, 2006, 3545-3548. 

53. Mougiakakou, S. G., Prountzou, K., & Nikita, K. S. (2005). A real time simulation model of 
glucose-insulin metabolism for type 1 diabetes patients. Conf Proc IEEE Eng Med Biol Sci, 
2006, 298-301. 

54. Zecchin, C., Facchinetti, A., Sparacino, G., De Nicolao, G., & Cobelli, C. (2012, June). 
Neural network incorporating meal information improves accuracy of short-time prediction 
of glucose concentration. IEEE Transactions on Biomedical Engineering, 59(6), 1550–1560. 
https://doi.org/10.1109/TBME.2012.2188893 PubMed 

55. Deng, Y., Arao, K., Mantzoros, C. S., & Karniadakis, G. E. (2026, March). Patient-specific 
deep offline artificial pancreas for blood glucose regulation in type 1 diabetes. Smart Health 
(Amsterdam, Netherlands), 39, 100633. https://doi.org/10.1016/j.smhl.2026.100633 PubMed 

https://doi.org/10.1098/rsif.2025.0379
https://pubmed.ncbi.nlm.nih.gov/41290140
https://pubmed.ncbi.nlm.nih.gov/41290140
https://doi.org/10.1016/j.neunet.2024.106732
https://pubmed.ncbi.nlm.nih.gov/39305783
https://doi.org/10.1016/j.engappai.2023.106867
https://doi.org/10.1073/pnas.2100697118
https://pubmed.ncbi.nlm.nih.gov/33762307
https://doi.org/10.1109/TITB.2012.2219876
https://pubmed.ncbi.nlm.nih.gov/23008265
https://doi.org/10.1109/TBME.2012.2188893
https://pubmed.ncbi.nlm.nih.gov/22374344
https://doi.org/10.1016/j.smhl.2026.100633
https://pubmed.ncbi.nlm.nih.gov/41766716


Doi: 10.32481/djph.2026.03.09 

56. Briegel, T., & Tresp, V. (2002). A nonlinear state space model for the blood glucose 
metabolism of a diabetic (ein nichtlineares zustandsraummodell fur den 
blutglukosemetabolismus eines diabetikers). Automatisierungstechnik, 50. Retrieved from 
https://www.dbs.ifi.lmu.de/~tresp/papers/at0205_228.pdf 
https://doi.org/10.1524/auto.2002.50.5.228 

57. Contreras, I., Oviedo, S., Vettoretti, M., Visentin, R., & Vehí, J. (2017, November 7). 
Personalized blood glucose prediction: A hybrid approach using grammatical evolution and 
physiological models. PLoS One, 12(11), e0187754. 
https://doi.org/10.1371/journal.pone.0187754 PubMed 

58. Zou, B. J., Levine, M. E., Zaharieva, D. P., Johari, R., & Fox, E. B. (2024). Hybrid ^2 neural 
ode causal modeling and an application to glycemic response. arXiv preprint 
arXiv:2402.17233. 

59. Marchetti, A., Sasso, D., D’Antoni, F., Morandin, F., Parton, M., Matarrese, M. A. G., & 
Merone, M. (2025, June). Deep reinforcement learning for Type 1 Diabetes: Dual PPO 
controller for personalized insulin management. Computers in Biology and Medicine, 191, 
110147. https://doi.org/10.1016/j.compbiomed.2025.110147 PubMed 

60. Strubell, E., Ganesh, A., & McCallum, A. (2019). Energy and policy considerations for deep 
learning in nlp. In Proceedings of the 57th annual meeting of the association for 
computational linguistics, 2019, 3645-3650. https://doi.org/10.18653/v1/P19-1355 

Copyright (c) 2026 Delaware Academy of Medicine and Public Health.  
This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial 
License (https://creativecommons.org/licenses/by-nc-nd/4.0/) which permits unrestricted non-commercial use, 
distribution, and reproduction in any medium, provided the original work is properly cited. 

https://doi.org/10.1524/auto.2002.50.5.228
https://doi.org/10.1371/journal.pone.0187754
https://pubmed.ncbi.nlm.nih.gov/29112978
https://doi.org/10.1016/j.compbiomed.2025.110147
https://pubmed.ncbi.nlm.nih.gov/40239234
https://doi.org/10.18653/v1/P19-1355

	Recent Advances in Modeling and Prediction of Blood Glucose in Type 1 Diabetes
	Abstract
	Introduction
	Mechanistic Modeling of Diabetic Glucose-Insulin Dynamics
	Data-Driven Glucose Prediction in Diabetes
	Biology-Informed Machine Learning Glucose Prediction
	Conclusion
	Future Directions

	Acknowledgements
	References

