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1. Lay Abstract 

People with Type 1 Diabetes Mellitus (T1DM) are required to monitor and control their blood sugar 

levels to avoid immediate risks like low blood sugar levels and long-term complications, including 

heart disease. This review examines how machine learning (ML) models can support this by 

predicting blood sugar changes, identifying risks, and powering systems that automatically manage 

insulin delivery. Different models are suited to various scenarios: neural networks (NN) work best for 

short-term sugar level predictions, while models like support vector regression (SVR) are more stable 

over more extended periods. Deep learning methods can be very accurate but are often too complex 

for clinical use, which may delay adoption. Automated insulin systems using two hormones show the 

most promise for controlling blood sugar, but they are expensive and not easy to roll out in everyday 

care. Future work should aim to make ML tools easier to understand, reduce costs, and ensure they 

work reliably across different patient groups. 

 

2. Scientific Abstract  

Background: Machine learning (ML) has become more prevalent in managing Type 1 Diabetes 

Mellitus (T1DM), offering ways to predict glucose trends, detect risks, and improve insulin delivery. 

Methods: This critical review explored studies from 2015 to 2025 across four key areas of T1DM 

management: glucose prediction, complication risk, closed-loop systems, and ethical considerations. 

Results: Neural networks (NN) perform best for short-term glucose prediction, while support vector 

regression (SVR) offers more reliable results over longer time horizons. Models like extreme gradient 

boosting (XGBoost) have shown strong results in hypoglycaemia prediction (AUC = 0.99), and 

random forests (RF) have effectively predicted cardiovascular disease (CVD) and T1DM onset. Deep 

learning (DL) models outperform others in detecting diabetic retinopathy, but a lack of transparency 

limits their applications. Closed-loop systems that deliver insulin and glucagon provide better 

glucose control than single-hormone systems (TIR = 93.1%), though expensive and hard to scale. Key 

barriers include model complexity, limited training data, and regulatory constraints. 

Conclusion: ML has the potential to support a range of T1DM applications, but challenges remain in 

making systems explainable, adaptable, and suitable for routine care. Improving trust, reducing 

computational demands, and validating models across diverse datasets will be essential for future 

progress. 

 

3. Introduction 

Type 1 Diabetes Mellitus (T1DM) is a chronic autoimmune disease resulting in the immune-mediated 

destruction of insulin-producing pancreatic β-cells (1). This loss of insulin function requires lifelong 

exogenous insulin replacement to regulate blood glucose (1). Around 8.4 million live with T1DM 

globally, with numbers expected to increase (2). Short-term complications include hypoglycaemia, 

hyperglycaemia and diabetic ketoacidosis — a build-up of ketones in the blood leading to a drop in 

blood pH (3, 4). Long-term risks such as cardiovascular disease (CVD), accounting for 35% of T1DM 

mortality (5), and retinopathy can significantly affect quality of life (6). 

 

Management traditionally involves continuous glucose monitoring, insulin therapy, and behavioural 

adjustments. Technologies like insulin pumps and continuous glucose monitors (CGMs) have 
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improved accuracy and delivery, but consistent glucose control remains difficult for many patients 

(7). This has led to interest in tools supporting more adaptive and personalised care. 

 

Although medical devices are widely discussed, ML systems have received far less attention in T1DM 

reviews. There is limited discussion around ML systems designed to predict glucose levels, assess 

risk, or automate insulin delivery. ML refers to how an artificial intelligence (AI) system acquires the 

ability to learn and improve from experience and observed data to predict new or unseen cases. As a 

branch of AI, it enables technologies to perform tasks typically associated with human reasoning or 

decision-making (8). 

 

These methods are already being applied to data from CGMs, electronic health records (EHR), and 

wearable technology (9). Unlike traditional models, they can detect complex trends in behaviour and 

physiology that traditional systems may miss (10, 11), potentially leading to better care. 

 

Recent studies highlight the potential of ML methods to predict glucose changes, detect risks, and 

manage insulin delivery through closed-loop systems (12, 13). Other models show promise for 

identifying complications like CVD and retinopathy earlier than standard methods (14, 15). However, 

clinical use remains limited by problems such as poor interpretability, inconsistent data, and lack of 

transparency (16, 17, 18). 

 

As more people are diagnosed and healthcare systems face increasing demand, there is growing 

interest in using data-driven approaches to improve T1DM management. This review explores the 

use of ML in T1DM across three key areas: glucose prediction, risk modelling, and automated insulin 

delivery, with attention to the ethical and practical barriers to broader adoption. This provides a 

comprehensive insight into ML-driven strategies for future T1DM management. 

 

4. Methods 

4.1 Search Strategy 

The search strategy applied within this critical review explores relevant literature within major 

academic databases, including PubMed, IEEE, and Google Scholar, using key terms such as 

“predictive analytics AND diabetes management” (81 results), “machine learning AND Type 1 

diabetes” (45 results), “glucose AND prediction models” (979 results), “machine learning AND 

closed-loop insulin delivery” (7 results) and “machine learning AND automated treatment of 

diabetes” (166 results). The databases were selected for their comprehensive coverage of peer-

reviewed biomedical and healthcare research. Boolean logic operators (e.g., “AND” and “OR”) were 

applied to refine the search, while filters restricted results to studies published from 2015 to 2025 to 

discover the most up-to-date research.   

 

4. 2 Inclusion and Exclusion Criteria 

Inclusion criteria focused on studies that: 

• Were published within the last 10 years. 

• Were in English 

• Directly discussed ML or data science techniques in T1DM management. 

• Applied robust methods, e.g. clinical trials, systematic reviews, and meta-analyses.  
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Exclusion criteria eliminated studies that: 

• Were published before 2015 

• Not accessible through the University of Exeter or open-source 

 

4. 3 Quality Assessment 

To determine the quality of the literature specific criteria were used, focusing on study design, 

sample size and strength of the analysis. Clinical trials and systematic reviews were given higher 

priority due to the robust nature of their methods and ability to generate high-level conclusions. 

Studies with larger sample sizes and diverse populations were favoured due to their increased 

statistical power and enhanced application of their findings. Additionally, studies containing rigorous 

statistical methods, such as cross-validation for ML models and multicentre clinical trials, provided 

more reliable and valid evidence. This method ensures that the studies included in the review 

contain the best available evidence on the application of ML in T1DM management. 

 

4. 4 Thematic Organisation 

The reviewed literature was categorised into four primary thematic areas: blood glucose 

concentration prediction, short-term and long-term risk prediction, automated treatment systems, 

and ethical and practical considerations. This thematic structure allows for an in-depth review of ML-

driven innovations in T1DM management, focusing on critical areas where ML has made the most 

significant impact and allowing for a robust structure for the review. 

 

5. Discussion 

5.1 Blood Glucose Concentration Prediction 

Blood glucose concentration prediction is a key area of research when considering the applications 

of ML in T1DM management. It allows for early interventions that aid patients in avoiding 

hypoglycaemic and hyperglycaemic events, reducing the risk of severe complications (19). ML 

models using CGM data have demonstrated promising results in short-term glucose prediction; 

however, differences in model architecture, feature selection, and dataset variability significantly 

impact predictive performance and can affect long-term performance (12). Accurate long-term 

prediction is more clinically challenging, as it must account for complex physiological dynamics such 

as insulin pharmacokinetics, dietary intake, physical activity, stress, and circadian rhythms, factors 

not easily inferred from CGM data alone (20). This section critically reviews the performance of ML 

models: SVR, NNs, and DL when used for blood glucose prediction, focusing on their strengths, 

limitations, and clinical application.  

 

5.1.1 Support Vector Regression 

SVR is a method that constructs a hyperplane with the maximum margin between data points (21). It 

is commonly used for protein classification, gene expression analysis, and disease diagnosis (21). 

However, SVR applications within blood glucose prediction have been explored throughout the 

literature.  

 

Hamdi et al. (20) investigated their application by building a model using SVR trained on CGM data. 

The model was evaluated across four prediction horizons (PH): 15, 30, 45 and 60 minutes, achieving 

root mean squared errors (RMSE) of 0.52, 0.60, 0.66, and 0.72 mmol/L, respectively (20). These 
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results indicate SVR’s high accuracy on short-term predictions; however, performance declined 

when predicting longer-term blood glucose concentrations. Additionally, the study’s small sample 

size (12 patients) limits statistical power and generalisability and could cause overfitting. 

 

While SVR models are known for their interpretability and computational efficiency, their static 

nature can limit flexibility in modelling the dynamic patterns seen in blood glucose regulation (21). 

Compared to more adaptive models like NNs, SVR may underperform when used for longer-term 

prediction, where physiological changes such as insulin absorption or activity levels become harder 

to capture (20). These limitations are amplified when models are trained on smaller datasets, 

increasing the risk of overfitting, where the model becomes too tailored to the training data and 

struggles to generalise to unseen cases (22). Future research should consider optimising input 

features, expanding datasets, and applying regularisation methods to improve reliability. 

Incorporating interpretability tools such as Shapley additive predictions (SHAP) may also help close 

the gap between model outputs and clinical decision-making, giving practitioners greater insight into 

how predictions are formed and improving trust in the model’s use (16). 

 

5.1.2 Neural Networks  

Although SVR shows some clinical applications, NNs have been widely researched in this area and 

could address the limitations of SVR. NNs are computational models containing interconnected 

processing units called neurons (23). Weights, a determinant of each connection’s strength, connect 

neurons (23). Feedforward networks, characterised by their unidirectional data flow (23), have been 

extensively researched due to their ability to process sequential glucose trends and learn hidden 

correlations in CGM data (12).  

 

A study by Allam et al. (24) developed a three-layer NN, illustrated by Figure 1, trained on CGM data 

and evaluated using three PHs: 15, 30 and 45 minutes (24). The model achieved RMSE of 0.15, 0.42, 

and 0.83 mmol/L across the PHs (24), outperforming SVR across PH = 15 and 30 but performing 

worse over PH = 45, indicating that SVRs are more applicable for long-term blood glucose prediction 

(PH > 30), contradicting the conclusions by Hamdi et al. (20, Table 1). However, the highly accurate 

NN performance may reflect limits in dataset composition and sample size, as another study using a 

feedforward neural network (FNN) concluded RMSE of 1.66 and 2.51 mmol/L when evaluated over 

30 and 60-minute PHs and tested on a dataset of 451 patients rather than 9 (25). However, this 

study did not address clinical acceptability. To determine the clinical applicability of Allam et al.’s 

model (24), the predictions were evaluated using Clarke’s Error Grid (EGA) (26), illustrated in Figure 

2. This evaluation demonstrated that at PH = 15 and 30, all outputs were in zones A and B, the 

clinically accepted zones. However, at PH = 45, 2.7% of predictions fell into zone D, indicating a 

higher risk of incorrect treatments and detections than at PH = 15 and 30 (24). Since predictions with 

RMSE below 0.83 mmol/L aligned with zones A and B, this threshold may serve as an informal 

benchmark for clinical acceptability in similar models. However, this threshold is an estimation and 

not yet standardised in clinical ML guidelines. 

 

Allam et al.’s (24) findings indicate that NNs lag behind SVR in long-term glucose prediction due to 

consistently higher RMSE at extended horizons. However, evaluating SVR using Clarke’s EGA is an 

area for future research. Assessing the models across different PHs and methods is essential for 

determining their clinical prediction ability. While Clarke’s EGA validates clinical acceptability, the 
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NN’s lack of confidence intervals limits interpretability, a key barrier to real-world deployment. This 

challenge limits its application in clinical settings, as healthcare providers may hesitate to rely on 

predictions they cannot fully comprehend. Furthermore, despite their promising predictive abilities, 

NNs face challenges such as requiring large, diverse training datasets to generalise well (12, 20) and 

the risk of introducing biases from limited or skewed data sources (12), suggesting an area for future 

research where more diverse and larger data sets are implemented in clinical trials. 

 

Future models should incorporate techniques such as SHAP, which can offer insights into how 

specific inputs influence the model’s predictions and improve trust in its use in clinical settings (16). 

Additionally, addressing computational demands through optimisation techniques, such as pruning 

or quantisation, could facilitate integration into low-resource settings, e.g. closed-loop systems (27). 

 

5.1.3 Deep Learning 

Although NNs provide a solid foundation for blood glucose concentration prediction, their clinical 

application is often constrained by limited interpretability and small training datasets (12). DL, a 

subset of ML using multilayered NNs to simulate the decision-making of a human brain (28), is 

another branch of ML used in the literature for blood glucose concentration prediction. To address 

key limitations found in NNs and SVR (20, 24), Zhu et al. (12) created the fast-adaptive and confident 

neural network model (FCNN). This FCNN combines an attention-based recurrent neural network 

(RNN) with evidential regression and model-agnostic meta-learning (MAML). The architecture, 

shown in Figure 3, integrates bidirectional gated recurrent unit (GRU) layers with attention to extract 

features from CGM data and inputs, like meals and insulin, to make accurate predictions. The 

evidential regression layer generates confidence intervals for the predictions, and MAML allows the 

model to adapt quickly to new T1DM patients with minimal data. 

 

The FCNN (12) was evaluated on three clinical datasets: an eight-week data set with 12 T1DM 

subjects, six-week clinical trial data from 12 subjects with insulin pumps of daily injections and a six-

month data set from 35 subjects with extensive activity records (12). Accuracy was evaluated using 

RMSE over 30 and 60-minute PHs (12). The model performed best on the first dataset, achieving an 

RMSE of 1.03 mmol/L at PH = 30, indicating moderate short-term prediction accuracy, but at PH = 

60, the RMSE increased to 1.39 mmol/L (12). 

 

The FCNN produced higher mean RMSE than the NN and SVR (20, 24, Table 1), exceeding the 0.83 

mmol/L clinical acceptability threshold inferred from Clarke’s EGA evaluation of Allam et al.’s NN 

(24). This indicates lower predictive accuracy and a greater likelihood of clinically unacceptable 

glucose estimates, which could increase the risk of incorrect treatment decisions. Another study by 

Jaloli et al. (30) showed that DL methods perform better than SVR and NNs, as illustrated in Table 1. 

However, Jaloli’s DL model has a very different architecture from Allam et al.’s, which could cause 

performance differences (24, 30). This is potentially attributed to incorporating interpretability tools 

in the FCNN, which can lead to decreased performance based on previous studies of interpretability-

performance trade-offs (29). 

 

Despite potentially causing the FCNN’s lower performance, integrating confidence intervals 

improves its real-world applicability by providing clinicians with a sense of how certain or uncertain 

each prediction is. This added layer of transparency helps practitioners interpret the results more 
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confidently and reduces the risk of relying on potentially misleading outputs. Furthermore, only 

training on CGM data without contextual variables, such as physical activity, limits the model’s 

predictive accuracy, suggesting that incorporating additional inputs could improve robustness and 

adaptability across diverse patient populations. 

 

5.1.4 Comparisons and Future Directions 

All three ML approaches demonstrate potential in T1DM management, but key differences affect 

their clinical utility. NNs, particularly Allam et al.’s model (24), show strong short-term prediction 

performance, reflected in the lowest mean RMSE and clinical acceptability (Table 1). However, 

accuracy drops at longer PHs, and a lack of interpretability limits real-world use. While slightly less 

accurate in the short term, SVR outperforms NNs in long-term predictions and offers greater 

explainability, which is important for clinical decision-making. DL models provide flexibility and built-

in confidence estimation but generally show higher RMSE, possibly due to model complexity and 

variation in training data. 

 

This review proposes a hybrid approach that combines SVR for long-term trend forecasting with an 

NN for short-term predictions. This approach draws on each method's complementary strengths to 

improve both predictive reliability and adaptability in clinical settings. Future studies should evaluate 

how such systems perform across varied patient groups and real-world scenarios. 

 

To support deployment, explainability tools like SHAP and LIME should be tested alongside clinical 

intuition in prospective studies (16). Federated learning should be explored to allow model 

development across multiple sites while preserving data privacy (31). Finally, using standardised 

reporting frameworks, such as TRIPOD-AI, would improve transparency, reproducibility, and 

readiness for clinical implementation (32). 

 

5.2 Short-Term and Long-Term Risk Prediction 

Acute risks such as hyperglycaemia and hypoglycaemia can escalate quickly and lead to more 

complex health implications (3), such as diabetic ketoacidosis, CVD, and retinopathy (1, 2). This 

indicates that hypoglycaemia prediction, early diagnosis, and the prediction and monitoring of 

further complications are important study areas in T1DM management. ML has been extensively 

deployed in the literature to create tools that can process complex datasets and deliver accurate 

predictions, leading to earlier intervention. This section evaluates current ML methods in predicting 

hypoglycaemia, T1DM onset and its associated long-term complications. 

 

5.2.1 Short-Term Risk Prediction 

Unlike general blood glucose prediction, which estimates continuous glucose concentrations over 

time, hypoglycaemia prediction focuses on identifying the probability that a patient's blood glucose 

concentration will fall into hypoglycaemia (33). Hypoglycaemia remains one of the most serious and 

immediate risks for individuals with T1DM, with patients averaging two symptomatic episodes per 

week and one severe episode, often with seizure or coma, per year (3). Reddy et al. (33) address this 

issue by developing and evaluating two algorithms, a decision tree and an RF, to predict 

hypoglycaemia at the start of exercise. Both models were trained using a dataset containing 154 

observations of in-clinic aerobic exercise in 43 adults with T1DM from three studies (33). Evaluation, 
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using area under the curve (AUC), revealed an AUC of 0.79 for the decision tree, and the RF achieved 

a higher AUC of 0.84 (Table 2), showing considerable accuracy (34, Table 3). The increased 

performance of the RF could be attributed to its ability to handle complex, non-linear interactions 

between features and reduce overfitting by aggregating multiple decision trees (33), indicating that 

RFs may be more suitable for deployment within wearable technology for use during exercise. 

However, only focusing on aerobic exercise limits generalisability. 

 

The limitations of the previously mentioned study are addressed in a paper by Duckworth et al. (35), 

who used extreme gradient boosting (XGBoost), a gradient-boosted decision tree utilising gradient 

descent (36), to predict hypoglycaemic events 60 minutes before their occurrence. This model 

achieved an AUC of 0.99 (35), indicating that XGBoost has excellent accuracy (34, Table 3) and 

outperforms decision trees and RFs when predicting hypoglycaemic events (Table 2), potentially due 

to increased algorithmic complexity. In contrast, a review by Mellor et al. (37) found that XGBoost 

displayed an AUC of 0.84, the same as the RF model, indicating the increased precision may be 

partially attributed to dataset-specific optimisations and simplicity of feature selection, raising 

concerns about overfitting when applied to larger, more diverse populations. Future research should 

incorporate variables such as the average daily risk range or % coefficient of variation to improve the 

feature selection used to represent glycaemic variability (35). 

 

Duckworth et al. (35) address concerns with interpretability by integrating SHAP to identify which 

features have been most important in predicting risk, allowing clinical practitioners to develop early 

interventions and reduce their impact (16). Conversely, Reddy et al. (33) did not incorporate 

interpretability tools, limiting the clinical application of their findings, as models with strong 

interpretability are more likely to gain regulatory approval and clinician adoption.  

 

Although the application of ML in short-term risk prediction is apparent within the literature, one 

consistent challenge is the occurrence of false positives, causing unnecessary alerts and potential 

mistreatment, which could cause more severe complications (38). Reddy et al. (33) reported 13% 

error rates, potentially attributed to individual variability or noise in the data. False negatives are 

very problematic, as missed hypoglycaemic events can lead to severe complications. Interpolation of 

CGM data may be a method to reduce false negatives. Russon et al. (39) found that CGM recording 

intervals of 15 minutes caused 10.6% of Level 2 hypoglycaemic episodes to be missed. Although 

interpolation reduced this to 3%, it also increased false positives, highlighting the delicate trade-off 

between model sensitivity and alert precision. 

  

Approaches such as threshold tuning, reinforcement learning-based alert suppression, and 

hierarchical decision models should be considered to minimise alert fatigue while maintaining 

sensitivity (40). Another limitation that reduces the application of ML in short-term risk prediction is 

ML models’ computational demands. Future models should focus on developing lightweight 

architectures or utilising edge AI to improve real-time performance while conserving device 

resources. 

 

5.2.2 Long-Term Risk Prediction 

In addition to their use in short-term risk prediction, ML approaches have also been extensively 

studied for long-term risk prediction tasks, including the early detection of T1DM onset. Precise 
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prediction of T1DM onset facilitates early intervention and identification of risk factors before 

irreversible destruction of β-islet cells, which can significantly improve T1DM management (41). A 

study by Dinh et al. (14) investigated the performance of XGBoost in predicting T1DM onset. Their 

model was built using the National Health and Nutrition Examination Survey (NHANES), which 

contains 123 variables, combined with lab data. The model achieved an error rate of 0.26 when 

tested on individuals without T1DM, indicating that it is moderately accurate when predicting T1DM 

outcomes (14). Although this model has a higher error rate when compared to other models (Table 

2), Dinh et al. (14) improved the clinical application of their model by presenting feature importance 

data, allowing clinical practitioners to identify the most important risk factors and develop early 

intervention strategies. The model being trained on survey data combined with clinical data 

strengthens its clinical application, making it highly suitable for integration with EHR systems to 

support large-scale T1DM health screening. However, the NHANES dataset contains data from all 

diabetic patients, but the study demonstrates the ability of these models to predict diabetes onset, 

which could transfer over to T1DM.  

  

Alazwari et al. (42) address the limitations of the previously mentioned study by developing two 

models, multiple linear regression (MLR) and an RF, to predict the age at onset of T1DM within a 

population of 359 individuals across three diabetes clinics, improving generalisability due to its 

multicentre nature. The MLR and RF achieved error rates of 0.19 and 0.11 (42), indicating that the 

MLR was moderately accurate, with the RF proving to be highly accurate when predicting the age of 

onset of T1DM and outperforming the XGBoost (14, Table 2). Contrastingly, a study concluded that 

XGBoost had a higher accuracy when predicting T1DM, concluding an error rate of 0.18 compared to 

0.21 from the RF (43). This may be due to the lack of balance in the data, causing skewed results and 

highlighting the impact of dataset composition on model performance. Additionally, this paper was 

not peer-reviewed, which could limit the robustness of the conclusions. Research in this field is 

important to medical practitioners as it means individuals can be screened, allowing for early 

intervention programmes to be developed to avoid the long-term complications associated with 

T1DM. However, the research reported that additional variables, such as genetic risk factors, should 

be included in the analysis (42). Also, the multicentre nature of Alazwari et al.’s (42) study may 

impact data security, highlighting the potential need for federated learning as it can collaboratively 

train models while maintaining data privacy (31). 

  

Although ML models have successful applications in predicting T1DM onset, ML methods are more 

commonly used when predicting T1DM progression and long-term complications such as CVD and 

retinopathy, allowing for early interventions that could reduce patient mortality.  Dinh et al. (14) 

investigated the use of XGBoost, using a combination of survey data from the NHANES and lab data, 

to predict CVD in patients with T1DM and indicate the most influential predictors of CVD. After 

evaluation, this model achieved an AUC of 0.84 (14), which indicates considerable classification 

accuracy, with the most important predictors being age, LDL cholesterol and chest pain (14, 34, 

Table 3). This approach shows vast clinical applications as practitioners can use the important 

features to develop intervention plans, causing a reduction in CVD occurrences among patients with 

T1DM, leading to lower mortality rates. Conversely, Akella (44) found that support vector machines 

(SVM), k-nearest neighbours (KNN) and RFs achieved higher AUC than the XGBoost; 0.87, 0.85, and 

0.88, illustrated in Table 2, highlighting the impact of model architecture on prediction accuracy. 

However, this was performed on a different dataset with no direct comparison to XGBoost, 
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highlighting an area for future research where multicentre clinical trials should be performed 

comparing the performance of SVM, KNN, RF and XGBoost on CVD prediction in T1DM patients.  

 

Another complication researched in the literature is retinopathy and its progression. Rabhi et al. (45) 

developed a temporal DL framework, which analysed glycosylated haemoglobin (HbA1c) to predict 

retinopathy. This model achieved an AUC of 0.88 (45), demonstrating the capability of DL to identify 

complex, non-linear patterns within HbA1c data, achieving considerable predictive performance (34, 

Table 2). In contrast, another DL model displayed superior performance, achieving an AUC of 0.95 

(15), as shown in Table 2. This may be attributed to the differences in methods, as this study used 

eye fundus images to achieve excellent prediction accuracy (15, 34, Table 3). However, the test 

dataset in this study was unbalanced and negatively skewed, raising potential concerns about 

overfitting (15). Therefore, cross-validation techniques or regularisation methods should be used to 

reduce overfitting. These studies display the potential of DL to identify retinopathy. However, future 

research could incorporate DL into smartphone fundoscopy, reducing the burden on healthcare 

institutions as the prevalence of T1DM increases and improving at-home diagnostic capabilities (46). 

 

5.2.3 Future Directions 

Across studies, model performance varied by task. XGBoost performed best in hypoglycaemia 

prediction (AUC = 0.99), while RFs excelled in T1DM onset tasks (error rate = 0.11) and CVD 

prediction (AUC = 0.88), indicating that future research should prioritise task-specific model 

selection. Future research should also focus on improving generalisability and reducing overfitting. 

For example, Duckworth et al.’s (35) XGBoost achieved excellent accuracy for hypoglycaemia 

prediction, but its dataset-specific optimisations raise concerns about overfitting. Similar issues were 

noted by Rabhi et al. (45) for retinopathy prediction.  

 

Implementing k-fold cross-validation, L1 or L2 regularisation, and testing models on independent 

datasets could improve reliability. Instead of relying on single-institution datasets, researchers 

should conduct multicentre trials where ML models are tested on diverse patient populations across 

multiple hospitals, including federated learning, to maintain data security (31). However, 

communication latency and model drift must be addressed (31).  

 

For clinical adoption, improving interpretability is essential. Tools like SHAP or Local Interpretable 

Model-Agnostic Explanations (LIME) could increase trust and support regulatory approval (47). 

Additionally, lightweight architectures involving fewer features could enhance real-time 

performance, allowing better incorporation into wearable technology, as Russon et al. (48) 

demonstrated that glycaemic events during exercise could be effectively predicted using only two 

features: start glucose and exercise duration.  

 

5.3 Automated Treatment via Closed-Loop Systems 

Hyperglycaemia and diabetic ketoacidosis pose challenges for T1DM management, as both can 

result in hospitalisation, cognitive impairment, or, in severe cases, death (1). Closed-loop systems 

aim to address this by combining data from CGMs with advanced ML algorithms to adjust insulin 

delivery automatically, leading to a decrease in hyperglycaemia due to more accurate control (49, 

50). These approaches can potentially reduce patient intervention, which could be crucial for 

children or the elderly who cannot adhere to traditional T1DM management methods strictly. Also, 
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these systems can tailor insulin dosing to physiological needs and improve time in the 

normoglycemic range (TIR), a key metric for glycaemic control (51). This section critically reviews the 

literature evaluating the applications of closed-loop systems within T1DM management.  

 

5.3.1 Single-Hormone Closed-Loop Systems 

Closed-loop systems have been extensively researched in the literature. Benhanmou et al. (52) 

conducted a 12-week, multicentre randomised crossover trial with 68 adults, comparing an ML-

driven hybrid closed-loop (HCL) system to sensor-assisted pump therapy. The analysis revealed that 

the individuals using the HCL system saw a 68.5 (± 9.4) % TIR, with 29.5 (± 10.2) % spent in the 

hyperglycaemic range (>10 mmol/L), both showing significant improvements from sensor-assisted 

pump therapy (59.4 (± 10.2) % vs 68.5 (±  9.4) %, 36.3 (± 10.2) % vs 29.5 (± 10.2) %; p < 0.0001) (52). 

An HbA1c reduction of 0.3% was observed between the sensor-assisted pump therapy group and 

the HCL group; however, this was not statistically significant (-0.14 (± 0.6) % vs -0.29 (± 0.6) %; p > 

0.05) but shows potential for long-term glycaemic control (52). Despite promising results, the study’s 

short 12-week duration and limited sample size restrict its applicability to broader populations and 

long-term T1DM management. Another limitation stated within the paper was that the study lacked 

an appropriate control for a proper assessment of remote monitoring and that there was no 

evaluation of psychological and human factors (52). 

 

McAuley et al. (13) expanded on and supported Benhamou et al.'s (52) research by conducting a 

larger 26-week study with 120 adults. As illustrated by Table 4, their results demonstrated an 

improvement in TIR to 69.9 (± 9.5) % and a reduction in hyperglycaemic time to 27.6 (± 9.5) %, both 

significantly different to the control (54.7 (± 12.7) % vs 69.9 (± 9.5) %, 40.3 (± 14.4) % vs 27.6 (± 9.5) 

%; p < 0.0001), further supporting the efficacy of HCL systems (13). A 0.4% HbA1c reduction was 

experienced between the groups. In contrast to the previously mentioned study (52), it was seen to 

be statistically significant (7.4 (± 0.8) % vs 7.0 (± 0.6) %; p < 0.0001), indicating an improvement in 

long-term glycaemic control due to it reflecting the average blood glucose concentration over the 

last 2 to 3 months (53). Furthermore, while the study population was more diverse, it only consisted 

of adults, meaning the efficacy may differ when used on other demographics. This indicates that 

further improvements in sample size and diversity are required to enhance generalisability and 

further reduce the hyperglycaemic time. Also, due to self-reported adherence, data bias could be 

introduced, and it may not reflect the accurate use of the HCL systems. 

 

5.3.2 Dual-Hormone Closed-Loop Systems 

While McAuley et al. (13) and Benhamou et al. (52) showed improvements in TIR and 

hyperglycaemic time, HCL systems have seen considerable advancements. Dual hormone systems 

integrating insulin delivery with glucagon administration potentially improve the TIR from single-

hormone systems (54). These devices could fully automate the treatment of T1DM and remove the 

patient's burden by mimicking the body’s natural counter-regulatory mechanisms. 

 

Dual-hormone closed-loop systems have been deployed within the literature by Zhu et al. (54), who 

incorporated deep reinforcement learning to enhance insulin and glucagon delivery using the input 

of glucose and meal carbohydrates. The dual-hormone system outperformed the single-hormone 

HCLs, achieving a TIR of 93.1 (± 4.5) % among adults (54), as illustrated in Table 4. This represents a 
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23.1% improvement above the clinical benchmark set by the European Association for the Study of 

Diabetes (EASD) and the American Diabetes Association (ADA), which recommend a TIR of ≥70% for 

individuals with T1DM to reduce the risk of complications (55). This indicates that the dual hormone 

system is more adept at regulating blood glucose concentrations, substantially reducing the risk of 

acute and chronic T1DM complications. The time spent in a hyperglycaemic range was reported to 

be 5.63 (± 3.29) % (54), almost five times lower than the 27.6 (± 9.5) % reported by the single-

hormone system (13). The improvement in TIR and hyperglycaemic time is likely due to the 

advanced reinforcement learning algorithms employed in dual-hormone systems. These models 

dynamically adjust insulin and glucagon delivery in response to real-time glucose fluctuations, 

reducing both hyperglycaemic and hypoglycaemic episodes (54).  

 

However, another study showed no significant differences between single and dual hormone 

systems in glycaemic control, and interestingly, around exercise and during the night, the single 

hormone system performed better (56). These differences in results may be due to limitations within 

the sample size of the study by Lindkvist (56), which consisted of only 11 adolescents. Furthermore, 

the discrepancy between Zhu et al. (54) and Lindkvist (56) highlights the limitations of in silico 

studies. While Zhu et al. (54) demonstrated exceptional TIR improvements, these results were based 

on computer simulations rather than clinical trials, which may not account for real-world 

physiological complexities such as variability in patient adherence, diet, and stress levels, identifying 

an area of future research where clinical trials can be conducted with these features included. 

 

5.3.3 Future Directions 

Future studies should investigate closed-loop systems in more diverse clinical trials, potentially 

involving children and the elderly, as this demographic could see the most benefits; however, this 

may introduce some ethical concerns. This could be implemented using multicentre studies to 

enhance generalisability across varied environments and behaviours (57). Trials across wider 

durations should be used to better evaluate these systems' long-term efficacy, allowing for more 

accurate conclusions on the application in T1DM management.  Furthermore, cost-effective 

alternatives or non-invasive technologies should be explored by simplifying hardware, reducing the 

need for calibration and addressing the high cost (58).  

 

Advancing ML algorithms to improve adaptability and interpretability will also be key. Explainable AI 

methods, such as SHAP or LIME, can build trust among healthcare providers, while adaptive learning 

models can enhance personalisation and system performance by minimising false alarms and 

optimising hormone delivery (47, 49).  

 

5.4 Ethical and Practical Considerations 
While ML's technical potential in T1DM management is well established, its ethical implementation 

in clinical contexts remains a critical area of concern. Concerns involve data privacy and security, 

algorithmic biases, model interpretability and transparency, and regulatory and ethical compliance. 
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5.4.1 Data Privacy and Security 

Building ML models to assess areas of T1DM management requires vast amounts of sensitive patient 

data, which requires enhanced security measures to prevent data breaches, patient distrust, and 

privacy concerns (59). 

 

Specific measures have been introduced to avoid these issues, such as the Health Insurance 

Portability and Accountability Act (HIPAA) and General Data Protection Regulation (GDPR); these 

guidelines outline standards that healthcare institutions must follow to manage data responsibly and 

transparently (59). Other methods have been developed, such as Qu et al. (60), who created a 

federated learning method that allows for decentralised data sharing without impacting privacy, 

making multicentre trials more accessible. However, some argue that federated learning may reduce 

model accuracy due to fragmented data training (61). These strategies indicate the importance of 

innovative data security and privacy approaches in developing ML within T1DM management. 

 

5.4.2 Algorithmic Bias 

Many studies within T1DM management using ML methods contain limitations in sample size, 

population diversity or dataset imbalance. These introduce algorithmic bias as issues can arise from 

datasets which inadequately represent diverse demographics, leading to skewed predictions and 

potential inequities in patient care (62). For example, models trained solely on data from 

homogeneous populations may fail to generalise to underrepresented groups, exaggerating health 

disparities and reducing the effectiveness of models (63). Also, bias within algorithms can be 

substantial, leading to increased false negatives, resulting in undiagnosed cases, leading to long-term 

complications, and delayed T1DM treatment (64). 

 

These challenges require addressing for the seamless application of ML-driven innovations within 

T1DM management. For example, Friedler et al. (65) compared several fairness-enhancing 

algorithms, highlighting strategies that could be adapted to ensure unbiased healthcare outcomes in 

T1DM management. Furthermore, Agarwal et al. (66) highlight bias-mitigation techniques such as 

adversarial debiasing, which rebalances datasets by adjusting weight distributions in 

underrepresented subgroups, reducing false negative rates in minority patients with T1DM. 

However, debiasing techniques like adversarial debiasing can introduce instability and are still being 

evaluated in clinical datasets (67). These methods could ensure that ML technologies contribute to 

fair and effective T1DM management for all patients. 

 

5.4.3 Model Interpretability and Transparency 

ML models, for example, DL, operate as "black boxes" caused by their complex prediction algorithms 

(16). This leads to issues concerning interpretability and transparency, as clinicians may not 

understand the conclusions, leading to distrust and limiting their applications within T1DM 

management (68).  

 

To address these challenges, models should incorporate SHAP or LIME, as these indicate the 

contribution of individual features to a model's predictions (47). Furthermore, some studies use 

attention mechanisms to improve their interpretability by allowing models to prioritise relevant data 

features, making decision-making processes more transparent (69). Finally, the model developed by 
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Zhu et al. (12) shows a good example of how DL can be used to obtain accurate predictions and 

output confidence intervals, which clinicians can interpret, giving them more trust in the projections. 

 

5.4.4 Regulatory and Ethical Compliance 

Before being applied to T1DM management, ML-driven innovations must meet stringent safety and 

performance requirements set by regulatory bodies such as the Medicines and Healthcare Products 

Regulatory Agency (MHRA), which oversees the approval of AI-based medical technologies in the UK 

(70). Technologies must follow ethical principles such as respecting patient autonomy, ensuring 

informed consent, and promoting transparency concerning the predictions (71). For example, there 

are many risks at play when using ML-driven innovations, such as false negatives, which can have 

immense impacts (72) and potentially inaccurate hormone administration; these issues must be 

discussed with the patient before they are used in practice. Furthermore, ensuring equal access to 

these technologies is vital for preventing disparities in T1DM outcomes between populations. 

 

6. Conclusions 

ML technologies are reshaping the landscape of T1DM management, offering tools for personalised, 

data-driven intervention across a range of clinical challenges. From glucose prediction and risk 

modelling to automated insulin delivery, the literature demonstrates a broad spectrum of promising 

applications. 

 

No single algorithm has demonstrated superiority across all applications. SVR consistently yields 

lower RMSE for long-term glucose prediction, making it ideal for extended predictions. NNs achieve 

high short-term accuracy with growing interpretability through techniques like confidence intervals. 

In risk modelling, XGBoost achieved excellent hypoglycaemia prediction. RFs have shown stronger 

results in predicting T1DM onset and CVD due to their robustness in handling complex variable 

interactions. Meanwhile, DL incorporated within dual-hormone closed-loop systems demonstrated 

the highest TIR performance compared to single-hormone systems, although high cost and 

algorithmic complexity remain key barriers to implementation. 

 

A consistent limitation in existing models is the overreliance on CGM data, often to the exclusion of 

contextual lifestyle variables like physical activity and diet. These factors substantially influence 

glycaemic trends and should be incorporated to enhance model robustness and validity. 

 

Translating ML into clinical practice requires models that are not only accurate but also 

interpretable, secure, and equitable. Adherence to privacy regulations such as the HIPAA and GDPR 

must be balanced with transparency and fairness. Federated learning offers a privacy-maintaining 

path toward diverse, multicentre collaboration, while fairness-aware frameworks and regular audits 

can help mitigate algorithmic bias. 

 

As global T1DM prevalence continues to rise and healthcare systems face resource strain, ML 

presents a scalable opportunity to reduce clinical burden and deliver adaptive, individualised care. 

Future work should focus on computational efficiency, integration with telehealth and biosensors, 

and validation across diverse populations to bridge the gap between innovation and 

implementation. 
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8.  Figures 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Architecture of a Neural Network, developed by Allam et al (Adapted from 24). The model uses previous blood 

glucose measurements; G(t-N) represents blood glucose concentration at time–N minutes ago. G(t-1) represents blood 

glucose concentration at time-1 minute ago. G(t) represents blood glucose concentration at the current time, and t 

represents current time; used for temporal learning, G(t+PH) represents the predicted blood glucose concentration at 

time+PH. Each circle represents a neuron within the hidden layers, with weighted connections capturing patterns in the 

temporal glucose data. Abbreviations: PH, prediction horizon; G, glucose; t, time. 



 24 

 

 

 

 

 

 

 

 

 

 

Figure 2. Clarkes Error Grid (Adapted from 26). Evaluates the clinical accuracy of glucose prediction models by 

categorising predicted blood glucose concentrations against reference measurements into zones (A-E). Zone A 

represents accurate predictions with no clinical risk, Zone B indicates benign errors with minimal clinical impact, Zones 

C and D represent errors that could cause to incorrect treatments and detections, and Zone E indicates predictions with 

severe consequences. 
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Figure 3. Diagram of a Deep Learning Model, developed by Zhu et al. (Adapted from 12). This model uses multivariate 

time series inputs, which are processed through three bidirectional GRU layers to capture patterns in the data over time. 

An attention layer identifies and emphasises the most relevant hidden states, creating a context vector that is passed to 

the output layer. The model outputs blood glucose predictions, along with confidence intervals based on an evidential 

distribution. Arrows represent data flow between layers, while shaded boxes represent key model components. 

Abbreviations: GRU, gated recurrent unit; BG, blood glucose. 
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Table 1.  Comparison of Machine Learning Models for Blood Glucose Prediction. 

 

 

 

 

 

 

 

 

 

 

 

  RMSE values in mmol/L ± (SD) across different PH 

Model N PH = 15 PH = 30 PH = 45 PH = 60 PH = 90 Mean RMSE 

SVR (20) 12 0.52 † ^ 0.60 † ^ 0.66 † + ^ 0.72 † + ^ N/A 0.63 
(± 0.07) ^ 

NN (24) 9 0.15 † + ^ 0.42 † + ^ 0.83 † N/A N/A 0.47  
(± 0.28) + ^ 

NN (25) 451 N/A 1.23  
(± 0.01) 

N/A 1.95  
(± 0.02) 

N/A 1.59  
(± 0.36) 

FCNN (12) 12 N/A 1.03  
(± 0.14) 

N/A 1.72  
(± 0.20) 

N/A 1.21  
(± 0.35) 

DL (30) 168 N/A 0.54  
(± 0.07) ^ 

N/A 0.92  
(± 0.14) 

1.30  
(± 0.18) + 

0.92  
(± 0.31) 

SVR (30) 168 N/A 0.96  
(± 0.10) 

N/A 1.41  
(± 0.23) 

1.61  
(± 0.27) 

1.33  
(± 0.27) 

NN (30) 168 N/A 0.59  
(± 0.07) ^ 

N/A 0.99  
(± 0.12) 

1.38  
(± 0.18) 

0.99  
(± 0.32) 

RMSE in mmol/L ± (standard deviation) presented for each model across multiple PHs. Lower RMSE indicates 

higher predictive accuracy. N used to train each model is included. + shows the best-performing model for each 

time horizon and overall mean. N/A indicates that data for that prediction horizon was not available or not 

reported.  † Standard deviation not reported for this model in the source study. ^ indicates a prediction below 

the proposed clinical acceptability threshold of 0.83 mmol/L. Abbreviations: SVR, support vector regression; 

NN, neural network; FCNN, fast-adaptive and confident neural network; DL, deep learning; RMSE, root mean 

squared error; PH, prediction horizons; SD, standard deviation; N, number of participants. 
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Table 2. Performance of Machine Learning Models in Short and Long-Term Complication 
Prediction. 

Model Application Evaluation 

Decision Tree (33) Hypoglycaemia Prediction AUC = 0.79 

RF (33) Hypoglycaemia Prediction AUC = 0.84 

XGBoost (35) Hypoglycaemia Prediction AUC = 0.99+ 

XGBoost (37) Hypoglycaemia Prediction AUC = 0.84 

 

XGBoost (14) T1DM Onset Prediction Error Rate = 0.26 

MLR (42) T1DM Onset Prediction Error Rate = 0.19 

RF (42) T1DM Onset Prediction Error Rate = 0.11+ 

XGBoost (43) T1DM Onset Prediction Error Rate = 0.18 

RF (43) T1DM Onset Prediction Error Rate = 0.21 

 

DL (45) Retinopathy Prediction – HbA1c Data AUC = 0.88 

DL (15) Retinopathy Prediction – Eye Fundus Data AUC = 0.95+ 

 

XGBoost (14) CVD Prediction AUC = 0.84 

SVM (44) CVD Prediction AUC = 0.87 

KNN (44) CVD Prediction AUC = 0.85 

RF (44) CVD Prediction AUC = 0.88+ 

Summary of ML models evaluated for hypoglycaemia prediction, T1DM onset detection, retinopathy 

identification, and CVD risk prediction. Performance is reported using AUC or prediction error rate, 

depending on the study. AUC closer to 1.00 and error rate closer to 0.00 indicate better predictive 

performance. + indicates the best-performing model within each complication category.  

Abbreviations: RF, random forest; XGBoost, extreme gradient boosting; MLR, multiple linear 

regression; DL, deep learning; SVM, support vector machine; KNN, K-nearest neighbours; CVD, 

cardiovascular disease; AUC, area under curve; HbA1c, glycosylated haemoglobin; T1DM, type 1 

diabetes mellitus. 
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          Table 3. Interpretation of AUC Scores for Model Performance. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

AUC  Interpretation Suggestion 

0.9 ≤ AUC Excellent 

0.8 ≤ AUC < 0.9 Considerable 

0.7 ≤ AUC < 0.8 Fair 

0.6 ≤ AUC < 0.7 Poor 

0.5 ≤ AUC < 0.6 Fail 

AUC is a commonly used metric for evaluating classification model 
performance. Higher AUC indicate better prediction ability. The 
interpretation thresholds provided are from (34). Abbreviations: AUC, 
area under the curve.  
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Table 4. Performance of Closed-Loop Systems 

Study Type of Closed-Loop System TIR (%) HbA1c 
Reduction (%) 

Time in Hyperglycaemic 
Range (>10 mmol/L) (%) 

Benhamou  
et al. (52) 

Single Hormone HCL 68.5 (± 9.4) 0.3 29.5 (± 10.2) 

McAuley  
et al. (13) 

Single Hormone HCL 69.9 (± 9.5) 0.4+ 27.6 (± 9.5) 

Zhu  
et al. (54) 

Dual Hormone Closed-Loop 
System 

93.1 (± 4.5) +^ N/A 5.63 (± 3.29) + 

Lindkvist (56) Single Hormone Closed-Loop 
System 

79.6 (± 4.4) ^ N/A 33.2 (± 17.1)  

Lindkvist (56) Dual Hormone Closed-Loop 
System 

66.8 (± 9.9) N/A 11.5 (± 7.67) 

Compares the performance of single- and dual-hormone closed-loop systems in T1DM management, using metrics (± 

SD) from Benhamou et al. (52), McAuley et al. (13), Zhu et al. (54), and Lindkvist (56). Metrics include TIR (%), HbA1c 

reduction (%), and Time in Hyperglycaemic Range (>10 mmol/L, %). ‘N/A’ indicates unavailable or unreported data. + 

denotes the best-performing result in each metric. ^ indicates TIR above the 70% threshold set by the EASD and ADA. 

Abbreviations: TIR, time in range; HbA1c, glycosylated haemoglobin; HCL, hybrid closed loop; EASD, European 

association for the study of diabetes; ADA, American diabetes association; SD, standard deviation; T1DM, type 1 

diabetes mellitus. 
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