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Abstract

Blood glucose level (BGL) prediction, by providing early warnings regarding unsatisfactory
glycaemic control and maximising the amount of time BGL remains in the target range,
can contribute to minimising both acute and chronic complications related to diabetes.
This paper aims to provide an overview of data-driven approaches for BGL prediction in
type 1 diabetes mellitus (T1DM). This review summarises different aspects of developing
and evaluating data-driven prediction models, including model strategy, model input,
prediction horizon, and prediction performance. It also examines applications of recent
artificial intelligence (Al) techniques, including deep learning, transfer learning, ensemble
learning, and causal analysis in the management of TIDM. Recent studies indicate that
machine learning approaches often outperform classical time-series forecasting models in
BGL prediction, particularly when using multivariate inputs. These findings also highlight
the potential of advanced Al methods to improve prediction accuracy. Moreover, applying
appropriate statistical analyses is essential to enable valid comparisons between differ-
ent BGL prediction models, especially given the considerable inter-individual variability
among people with TIDM. The development of efficient methods for integrating affecting
variables into BGL prediction requires further research. Given the promising performance
of advanced Al techniques and the rapid growth of Al innovation, continued exploration
of cutting-edge Al strategies will be crucial for further improving BGL prediction models.

Keywords: artificial intelligence; blood glucose level; diabetes mellitus; time series forecasting

1. Introduction

Diabetes mellitus, also known as diabetes, is a growing metabolic disorder associated
with serious short- and long-term complications that significantly affect global health. The
occurrence of these complications can be delayed or even eliminated with effective diabetes
management. The primary goal of diabetes management is to maintain blood glucose levels
(BGLs) within the normal range [1]. Among the different types of diabetes, type 1 diabetes
mellitus (T1DM) requires lifelong insulin therapy and intensive self-management. The liter-
ature has consistently emphasised the importance of self-management in TIDM, especially
in reducing complications associated with the disease.

Over the past decade, the emergence of artificial intelligence (AI) has revolutionised
the prevention, diagnosis, and management of diabetes. Al supports patients through
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personalised feedback and continuous monitoring while assisting clinicians in decision-
making and treatment optimisation. Through applications such as clinical decision support,
risk stratification, and patient self-management tools, Al shows great promise in trans-
forming diabetes care. One of the most impactful Al applications in diabetes management
is BGL prediction. Accurate BGL prediction enables timely insulin delivery and dietary
adjustments, thereby improving glycaemic control and reducing the risk of adverse events.
Consequently, BGL prediction has become a key component of both open- and closed-loop
glycaemic control systems.

Several studies have reviewed Al applications in different fields of diabetes research,
including prediction, diagnosis, complications, and management [2-8]. More focused
reviews have explored Al in TIDM management [9,10] and in BGL and hypoglycaemia
prediction [11-14]. However, existing reviews present several limitations. Most primarily
focus on traditional machine learning models, offering limited discussion on advanced Al
methodologies, including deep learning, transfer learning, ensemble learning, and causal
inference, which have recently demonstrated superior performance in BGL prediction.
Furthermore, few reviews provide a structured comparison of model design components
or address the statistical and methodological challenges that often affect model validity
and comparability across studies.

To address these gaps, this review was conducted through a comprehensive literature
search across multiple databases, including PubMed, IEEE Xplore, and Scopus, using

” o

keywords such as “blood glucose prediction,” “diabetes mellitus,” “time-series forecast-

ing,
were screened to exclude irrelevant studies, followed by full-text evaluation of potentially

” o ” o

machine learning,” “artificial intelligence,” and “deep learning.” Titles and abstracts
eligible articles. The review provides essential knowledge on various aspects of devel-
oping data-driven BGL prediction models, with particular emphasis on state-of-the-art
Al methodologies.

The paper begins with an overview of diabetes care and the fundamental components
of BGL prediction model design, including modelling strategies, input selection, predic-
tion horizons, and performance evaluation. It then reviews the application of advanced
Al approaches—such as deep learning, transfer learning, ensemble learning, and causal
analysis—in the context of BGL prediction. Furthermore, it discusses key methodological
challenges and outlines statistical analyses critical for rigorous model evaluation. By consol-
idating these insights, this review offers a comprehensive reference for researchers aiming
to develop and validate Al-based BGL prediction models. Although the primary focus
of this review is on data-driven prediction models rather than glucose-sensing hardware,
measurement technology and study design strongly influence the characteristics of the
data used for model development. For this reason, this review also briefly discusses how
sensor modality and retrospective versus prospective evaluation affect the interpretation
and clinical translation of BGL prediction studies.

The emphasis on TIDM is deliberate, since it represents the most intensively studied
setting for blood glucose forecasting and the principal clinical context for insulin-dosing
support and automated closed-loop glucose control.

2. Diabetes Overview

Diabetes is characterised by the lack of insulin secretion from the pancreas, insulin
sensitivity of body cells, or a combination of both. There are genetic and environmental
risk factors that contribute to the development of the disease [1,2].
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2.1. Types of Diabetes

The main types of diabetes are generally categorised as type 1 diabetes (TIDM), type
2 diabetes (T2DM), and gestational diabetes mellitus (GDM). TIDM is characterised by an
absolute insulin deficiency, caused by the destruction of pancreatic beta cells, responsible
for the production of insulin. Hence, people with TIDM require insulin therapy for the
management of their disease. T2DM is characterised by insulin resistance. In T2DM, the
pancreas is capable of producing insulin; however, the body cells become resistant to the
effect of insulin. Also over time, the pancreas may lose its ability to secrete enough insulin,
so there is a relative deficiency. The medications that are given to T2DM patients improve
the secretion or absorption of insulin. After many years of T2DM, some patients secrete so
little insulin that they too need insulin therapy. In GDM, the interaction between insulin
and pregnancy-related hormones results in insufficient insulin to meet the extra demands of
insulin resistance during pregnancy. This condition usually resolves after pregnancy [1,15].

Although this review focuses on T1DM, Al-based glucose prediction is also relevant
to T2DM and GDM. However, the modelling objectives and data characteristics differ
across these conditions. In T1DM, prediction is closely linked to insulin dosing, rapid
glycaemic excursions, and closed-loop glucose regulation, which is why it has become
the dominant setting for BGL forecasting research. In T2DM, greater heterogeneity in
endogenous insulin production, medication use, and comorbidities may alter both model
inputs and prediction targets. In GDM, pregnancy-specific physiological changes and a
shorter disease management window create distinct modelling challenges. These settings
warrant dedicated investigation, but methods developed in TIDM may still provide a
useful foundation for broader diabetes applications.

2.2. Diabetes Complications

Deviations from normal BGL in diabetes can result in different short-term and long-
term complications. The main short-term diabetic complications include hypoglycaemia
and hyperglycaemia, which refer to the occurrence of low and high BGL, respectively. In the
short term, hypoglycaemia can cause confusion, accidents, sometimes loss of consciousness
or seizures, and rarely can be fatal. The main long-term diabetic complications are caused
by chronic hyperglycaemia and can be divided into microvascular and macrovascular
complications. Microvascular complications are characterised by damage to small blood
vessels, such as diabetic neuropathy, nephropathy, and retinopathy, leading to amputations,
kidney failure, and blindness respectively. In comparison, macrovascular complications
affect large blood vessels, such as coronary artery disease, peripheral artery disease, and
strokes. The occurrence of these complications can be delayed or even prevented by
effective management of the disease [16].

2.3. Glycaemic Control

The key role of diabetes management is to aim to keep BGL in the normal range.
Unlike healthy individuals whose BGLs remain in the normal range, people with TIDM
can experience high or low BGLs. Blood glucose concentration is normally reported
in milligrams per decilitre (mg/dL) or millimoles per litre (mmol/L) units. Based on
the value of blood glucose concentration, three glycaemic states are defined: hypogly-
caemia, normoglycaemia, and hyperglycaemia. BGL normally should be in the range of
70 mg/dL and 180 mg/dL, which is also called normoglycaemia. Hypoglycaemia is a sit-
uation in which BGL is below 70 mg/dL. Hypoglycaemia can be classified into three
levels: mild (54 mg/dL < BGL <70 mg/dL), moderate (40 mg/dL < BGL <54 mg/dL),
and severe (BGL <40 mg/dL). Hyperglycaemia refers to a condition in which BGL
is above 180 mg/dL. Hyperglycaemia can also be classified into three levels: mild
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(180 mg/dL < BGL < 250 mg/dL), moderate (250 mg/dL < BGL < 320 mg/dL), and severe
(BGL > 320 mg/dL). The main limiting factor to achieve normoglycaemia is hypoglycaemia,
which is associated with acute increased morbidity and mortality. So the primary chal-
lenge in diabetes management is the correction of hyperglycaemia without hypoglycaemia
occurrence. To cope with this challenge, people with diabetes need to monitor their BGL
frequently, and adjust medications accordingly [17,18].

2.4. Glycaemic Monitoring

There are three main glycaemic monitoring methods: HbAlc test as a long-term metric,
self-monitoring of blood glucose (SMBG), and continuous glucose monitoring (CGM)
sensors as short-term metrics [19]. The HbAlc test is a laboratory test that determines
the percentage of HbAlc in the blood. This test provides an indicator of the average
BGL during the past two to three months. It can be presented either in percentage (%) or
millimoles per mole (mmol/mol) units. HbAlc is accepted as a gold standard marker for
average glycaemic control; however, it does not measure glycaemic variability [1].

SMBG is a capillary measurement of BGL, providing a snapshot of the BGL at the
time of measurement. Using glucometers, patients with diabetes need to prick their
fingers to collect a blood sample. They then apply the sample on a test strip which is
connected to a pocket-sized device. The device then identifies the glucose concentration
using electrochemical, colourimetric, or optical procedures. SMBG can be used at all
times of the day. Most patients are advised to perform SMBG four to eight times a day,
specifically pre-meals, occasionally after-meals, bedtime, pre-exercise, and when there is a
suspicion of hypoglycaemia. There is a positive association between the frequency of SMBG
and glycaemic control improvement. This glycaemic monitoring method is comparably
inexpensive and easy to learn; however, it is inconvenient and painful. Moreover, each
measurement presents only a snapshot of BGLs, so it may miss glucose excursions [20,21].

To overcome the limitations of the SMBG method, CGM sensors have been intro-
duced. They are portable devices that measure glucose concentration regularly and provide
comprehensive glycaemic monitoring. Based on the fact that the glucose concentration
of interstitial fluid (ISF) is similar to blood glucose concentration, CGM devices measure
ISF glucose concentration. For this purpose, an electrode placed under the skin senses the
glucose in the ISF and sends the signal wirelessly to an external apparatus which identifies
the BGL. CGM sensors can continuously monitor BGL and assist people with diabetes to
make more precise decisions about their glycaemic control. CGM also provides a variety
of glycaemic factors such as time in glycaemic target, time in hypoglycaemia, glucose
excursion, and intra- and inter-day glucose variability [21,22].

From a modelling perspective, measurement technology is not a neutral data source
because it determines sampling density, signal continuity, calibration requirements, and
error characteristics. SMBG provides sparse capillary blood measurements and is therefore
useful for point-wise assessment but limited for continuous forecasting. In contrast, current
T1DM BGL prediction research is dominated by minimally invasive CGM technologies,
which provide dense time-series but measure interstitial rather than blood glucose and
may therefore be affected by sensor-specific noise and physiological lag relative to vascular
glucose [19,23]. Emerging optical, spectroscopic, and other non-invasive approaches have
also been investigated as alternative routes for glucose-related monitoring [24-27]; how-
ever, such technologies are not yet represented in the mainstream public BGL prediction
benchmarks reviewed in this paper.
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3. Type 1 Diabetes Management

In T1DM, insulin therapy is required for the management of the disease and control
of glycaemia. In TIDM management, glycaemic control can be affected by a number of
factors. The main affecting factors include carbohydrate intake, physical activity (PA), and
insulin dose [1].

3.1. Carbohydrate Intake

Meals greatly impact glycaemic control in T1IDM patients. Food consumption affects
BGL in a number of ways due to different physiological effects. In healthy individuals,
absorbing carbohydrates from foods results in a temporary increase in BGL. The increase
is automatically detected by the pancreas, and insulin secretion starts to return the BGL
to a fasting level. The challenge of food consumption for people with TIDM is how BGL
can be lowered in the shortest time after glucose absorption from carbohydrates. Fats,
fibres, and proteins in foods can delay, slow, or decrease the glucose absorption process.
Several measures have been introduced to quantify the impact of food on BGL, including
the glycaemic index and the glycaemic load. These measures should be considered by
patients for their glycaemic control [18,28,29].

3.2. Physical Activity

Regular PA can improve insulin sensitivity and reduce the risk of cardiovascular dis-
ease. Depending on the type, form, intensity, and duration of exercise, PA can significantly
affect BGL in patients with T1IDM [30,31]. However, proper management of glycaemia
during and after PA is challenging for both patients and clinicians. It is difficult to accu-
rately adjust insulin and carbohydrate during and after PA, and any mistake may cause
hypoglycaemia or hyperglycaemia [32].

3.3. Insulin Therapy

Individuals with TIDM depend on injected external insulin to compensate for the lack
of insulin secretion in the body. In general, two types of insulin are used: basal insulin
and bolus insulin. Basal, as the background insulin, controls BGL in between meals and
overnight, whereas bolus is used to manage BGL with meals. TIDM patients are required
to consider the effect of their carbohydrate intake and PA levels when adjusting bolus doses
to control their BGL, aiming for the normoglycaemic range [33,34].

Various insulin therapy solutions are available, including multiple daily injections,
insulin pumps, and artificial pancreas (AP) systems. In multiple daily injections, patients
with T1DM regulate their BGL by administering several injections of bolus and basal, daily.
Insulin pumps, which administer insulin via an infusion cannula, are open-loop systems
that require patients to adjust insulin dosage manually [35,36]. An AP is a closed-loop
glucose control system that mimics the function of a healthy pancreas to regulate BGL for
T1DM patients. An AP system typically consists of a CGM sensor, an insulin pump, and
a controlling algorithm to adjust the insulin dose based on the CGM information. The
primary objective of an AP system is to determine the optimal insulin dose to maintain
BGL in the normal range and to avoid occurrences of adverse glycaemic events, including
hypoglycaemia or hyperglycaemia [18]. However, due to the subcutaneous nature of insulin
delivery, current systems have a significant time lag compared to healthy individuals, and
the amount of carbohydrates consumed needs to be manually announced.

4. Artificial Intelligence

In general, intelligence is described as a set of capabilities, including analysing, learn-
ing, and reasoning, that can be used for solving problems and making decisions. Al is

https://doi.org/10.3390/526092675


https://doi.org/10.3390/s26092675

Sensors 2026, 26, 2675

6 of 31

a field of computer science that aims to replicate these capabilities computationally and
simulate human intelligence to analyse information and make sophisticated inferences.
Main Al approaches can be categorised into three groups based on their objectives: learning
from knowledge, reasoning from knowledge, and discovery of knowledge [3,37].

In healthcare, Al applications, combined with advances in medical devices and sensor
technologies, have been increasingly used to extract insights from complex physiological
data. This integration has enabled improved diagnosis, monitoring, and management of
chronic diseases such as diabetes. In diabetes care, Al benefits patients, clinicians, and
healthcare systems alike. By providing personalised assistance, Al enables patients to be
informed, have continuous monitoring, and be able to independently manage their diabetes.
Additionally, healthcare professionals can utilise Al for decision-making support. More
specifically, applications of Al in diabetes management include prediction and detection
of adverse glycaemic events, advisory systems for calculating insulin bolus, and BGL
prediction. BGL prediction in people with T1IDM is one of the most widely used Al
applications in diabetes management.

4.1. Machine Learning

Machine learning is a computer program that enables computational models to learn
and improve from experience. Machine learning tasks can be categorised as supervised,
unsupervised, or reinforcement learning. Machine learning has contributed to developing
accurate, personalised, and adaptive prediction models for managing TIDM. In particular,
supervised learning is widely used to predict BGL values based on labelled datasets
containing past glucose and influencing variables [12,13].

4.2. Time-Series Forecasting

An important aspect of Al in analysing and predicting data is time-series forecasting.
Time-series forecasting, using historical data, attempts to find underlying patterns in the
data to anticipate future time-dependent events. According to the number of variables
measured over time, a time-series forecasting can be univariate or multivariate. In uni-
variate forecasting, past measurements or observations of a single variable are used to
predict future values, while in multivariate forecasting, multiple time-series are employed
to make predictions [38—40]. Time-series forecasting is fundamental to BGL prediction.
These models aim to learn temporal dependencies from past glucose data—and potentially
other influencing variables—to anticipate future glucose fluctuations by attempting to find
underlying patterns.

5. Blood Glucose Level Prediction

Advancements in medical sensors have enabled automatic continuous personal data
collection. Furthermore, the developments of mobile health applications utilising Al
strategies have advanced the self-monitoring and management of diabetes. One of the most
important diabetes-related applications is the BGL alarm, which is based on an accurate
BGL prediction model. It is proven that predicting BGL is a promising tool for glycaemic
control. A BGL alarm significantly contributes to glycaemic control by providing patients
with risk alerts, which allow them to take corrective precautionary actions based on the
predicted BGL. This involves taking glucose prompted by a hypoglycaemia alarm and
injecting correction insulin boluses following a hyperglycaemia alarm [41].

Furthermore, estimating BGL in advance for a given prediction horizon is a key
feature of closed-loop AP systems, which are the most advanced solution for TIDM man-
agement aimed at preventing adverse glycaemic events. Therefore, developing more
reliable models for predicting BGL constitutes a critical Al-driven component of these
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systems [18,42,43]. Consequently, any improvement in BGL prediction has the potential
to enhance diabetes management in both open-loop and closed-loop glycaemic control
systems. Figure 1 illustrates the role and impact of BGL prediction in both types of systems
for TIDM management.

The integration of prediction model strategies, input configurations, prediction hori-
zons, and evaluation methodologies reveals the multifaceted nature of BGL prediction in
T1DM management, which significantly influences model performance and practical utility.
To ensure fair and rigorous evaluation across these diverse modelling frameworks, both
regression-based and clinically oriented metrics—complemented by appropriate statisti-
cal analyses—are essential. Taken together, these elements highlight the importance of
adopting a holistic and standardised framework for developing and assessing BGL pre-
diction models that balance predictive accuracy with clinical applicability. The following
subsections discuss these aspects in greater detail.

[Blood Glucose Level

.
9.

(_

Carbohydrate

\ Closed-loop Glycaemic System J \ Open-loop Glycaemic System /

Figure 1. A schematic diagram illustrating the impact of blood glucose level prediction in both
closed-loop and open-loop glycaemic systems on type 1 diabetes management.

5.1. Prediction Model Strategies

Based on the model structure and knowledge requirements, BGL prediction algorithms
can be classified into three main groups: physiological models (extensive knowledge), data-
driven models (black-box approach), and hybrid models (intermediate knowledge) [9,23].
Among these approaches, the data-driven models have gained particular popularity, and
increasing research has been devoted to exploring these approaches [11].

5.1.1. Physiological Models

Physiological models aim to simulate the behaviour of real physiological systems
using dynamic mathematical models. Hence, prior knowledge of physiological systems is
a requirement for developing these models. These models are compartmental and derived
by separating the body into uniform compartments. For BGL prediction, these models
are designed to mathematically represent the dynamics of glucose-regulating systems.
The glucose dynamics, the mechanism by which carbohydrate is converted to blood glu-
cose, the process of insulin absorption, and the impacting model of PA on blood glucose
regulation are the main compartments of a glucose-insulin physiological model for BGL
prediction [9,18]. These models are not particularly precise, and the physiological constants
must be specified depending on prior information on glucose-relevant factors [14,44].
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5.1.2. Data-Driven Models

Data-driven models, which use experimental data and pattern recognition techniques
to simulate glucose dynamics, have been proposed to overcome physiological models’
limitations [45,46]. Data-driven, also known as empirical dynamic, models are black-box
models generated from data only. These models, without any prior knowledge about
the dynamics of glucose-regulating systems, by determining the relation between the
past, present, and future BGLs, can provide accurate predictions of glucose dynamics.
These models’” advantages include no need for physiological information, minimal user
interaction, and ease of development [11,47]. Due to rapid advancements in data-driven
Al methods, data-driven models have attracted considerable attention and are being
increasingly explored [9,14]. These models could be mainly classified into classical time-
series forecasting and machine learning approaches.

Classical Time-Series Forecasting

Classical time-series forecasting approaches have also been used for the BGL prediction
task [48]. Autoregression (AR) [49], autoregressive moving average (ARMA) [50], autore-
gressive integrated moving average (ARIMA) [51], autoregression with exogenous variables
(ARX) [52], autoregressive moving average with exogenous variables (ARMAX) [53], and
autoregressive integrated moving average with exogenous variables (ARIMAX) [54] are the
common approaches used for BGL prediction. In the first three models, it is presumed that
the future BGL would be a linear function of the historical BGL data, whereas the second
three models incorporate exogenous variables into the univariate counterpart models.

Machine Learning Algorithms

The use of machine learning algorithms for time-series forecasting has become increas-
ingly popular in recent years [24,25,55-57]. Time-series forecasting can be restructured to
supervised learning by converting data to a number of samples with input and output
components. In this way, standard machine learning approaches can be used. A rolling
window can be used to transform time-series data into samples with current and histor-
ical information as inputs and upcoming information as outputs [38]. In the literature,
various machine learning algorithms have been developed for BGL prediction. Most of
these algorithms include artificial neural networks (ANNSs) [58,59], decision trees [60,61],
kernel-based algorithms [43,62], and regression techniques [63,64]. According to reviews
done by Mujahid et al. [13] and Woldaregay et al. [12], ANN models achieved the greatest
number of data-driven approaches for BGL prediction in the literature.

5.1.3. Hybrid Models

Hybrid models combine both physiological and data-driven models to develop a
BGL prediction model. Physiological models are often used as inputs for data-driven
models, and the data-driven model component captures the association between the output
of the physiological models and future BGL. Models of glucose dynamics [65], insulin
dynamics [43], glucose-insulin dynamics [66], and meal absorption dynamics [67] are the
most common physiological model components for developing hybrid models [11,18].

5.2. Prediction Models Inputs

Data-driven models require accurate and large enough datasets. Data can be acquired
from clinical trials or diabetes patient simulators. These models generally use information
from historical BGL data, with or without other inputs.
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5.2.1. Data Origin

There are two types of data for developing BGL prediction models, real data from
clinical trials and in silico data from diabetes patient simulators. Clinical datasets are the
most commonly used type of data for BGL prediction [13], and more than half of them
were collected in free-living situations [14].

The Ohio T1DM dataset [68,69], which supports reproducible benchmarking, is the
most widely used publicly available clinical dataset. Also, DirecNet [70], in which different
protocols and data have been collected from children and adolescents with T1DM, is the
second most frequently used clinical dataset in the literature [14].

The OhioT1DM dataset comprises two collections of data obtained from a total of
12 individuals with TIDM. The first dataset, including six participants, was released for
the first BGL Prediction Challenge in 2018 [68], and the second dataset, involving six
additional participants, was released for the second Challenge in 2020 [69]. These datasets
are often referred to in the literature as Ohio_2018 and Ohio_2020, respectively. The datasets
provide multimodal data streams collected from physiological sensors, complemented
by self-reported life events. All patients received insulin pump therapy using either a
Medtronic MiniMed 530G or MiniMed 630G insulin pump with a Medtronic Enlite CGM
sensor for BGL monitoring (Medtronic MiniMed, Inc., Northridge, CA, USA). Participants
wore a Basis Peak fitness band in the 2018 dataset (Basis Science, Inc., San Francisco, CA,
USA) and an Empatica Embrace band in the 2020 dataset (Empatica Inc., Cambridge,
MA, USA). In addition, data contributors reported carbohydrate intake estimations, meal
times, and lifestyle-related events such as sleep, work, and illness. Each dataset contains
approximately eight weeks of data, with the last 10 days reserved for testing and the
remaining period used for training.

Also, according to the review performed by Woldaregay et al. [12], AIDA [71] and
UVa/Padova [72] were introduced as the two most used simulators for generating diabetes-
related data. These simulators are usually preferred for evaluating the effectiveness of
newly developed strategies for diabetes management prior to clinical research [13].

It should also be noted that most widely used public BGL prediction datasets are
derived from commercial CGM and insulin delivery ecosystems. This has supported
reproducible benchmarking, but it also means that the literature is shaped by the properties
of specific sensing technologies, including sampling frequency, interstitial fluid-based
readout, calibration procedures, and sensor noise. Consequently, considerably less is known
about how well current prediction models transfer across alternative sensing modalities,
particularly emerging non-invasive measurement technologies.

5.2.2. Input Variables

Common inputs of BGL prediction models are the current and past information on
BGL, carbohydrates, bolus insulin, and PA. It is worth noting that depending on the type
of PA bands used, there are different kinds of PA data. These include heart rate, the
magnitude of acceleration, step counts, galvanic skin response, skin temperature, electro-
cardiogram, and electronic health record [11,13,73]. Based on the review performed by
Woldaregay et al. [12], the most commonly used group of variables used for BGL prediction
is BGL, carbohydrate, and bolus insulin. The second most frequently used set of variables
includes BGL, carbohydrate, bolus insulin, and PA. Using only BGL data ranked as the
third most commonly used input.

BGL prediction from CGM data alone facilitates practical application in the real
world; therefore, there is no need to acquire and process data from multiple sensors and
modalities. Hence, some work used BGL data only for developing data-driven predic-
tion models [58,74-79]. However, a BGL prediction model could be more reliable and
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accurate by considering other variables. Hence, others used BGL data along with other
variables [59,80,81]. Investigating different inputs to find out if other variables can con-
tribute to better prediction would be beneficial. Hence, some attempts have been made in
this regard; however, no consensus has been reached.

A recent focused review by Lubasinski et al. further emphasised the importance
of nutritional inputs in T1D blood glucose prediction, highlighting that carbohydrate
intake remains the most commonly incorporated dietary feature, while broader nutrient
composition and mixed-meal characteristics are still less consistently exploited [82].

According to Zecchin et al. [83], the addition of carbohydrate and bolus information
to CGM data can improve the performance of predicting BGL between 30 and 120 min
in advance using a neural network. According to Hameed et al. [84], adding additional
carbohydrates and bolus data may add more perturbations and does not always improve
prediction accuracy. Jeon et al. [85] examined the effects of 19 monitoring and physiological
variables contained in the Ohio T1DM dataset. A total of 15 combinations of the variables
were created by grouping them into four classes. According to their paper, using all feature
classes might improve BGL prediction by avoiding lost information.

Heterogeneous sensing may further improve BGL prediction when auxiliary modali-
ties provide complementary physiological information, such as wearable-derived physical
activity, heart rate, sleep, or insulin delivery logs. However, integrating additional sensors
does not automatically improve performance, since poorly aligned, sparse, or noisy modal-
ities may introduce irrelevant variation and reduce model robustness [73,83,84]. Therefore,
multimodal sensor fusion should be selective and physiology-informed, with careful at-
tention paid to temporal alignment, signal quality, missingness, and feature relevance.
In practice, heterogeneous sensors are most useful when they capture mechanisms that
are not fully observable from CGM alone, rather than simply increasing the number of
input channels.

5.3. Prediction Horizons

The prediction horizon refers to the time interval for which the model forecasts BGL
in advance. Prediction horizons can be broadly classified into short-term (ranging from
15 to 60 min), medium-term (90 to 240 min), and long-term (360 min to one week) [13].
Short-term horizons are particularly useful for anticipating imminent hypoglycaemic
or hyperglycaemic events, as they align with the physiological delay between insulin
administration, carbohydrate intake, and measurable glucose responses, enabling timely
intervention [86]. Medium-term horizons are especially relevant for supporting real-time
decision-making in automated insulin delivery and advisory systems, where proactive
adjustments are necessary to maintain glycaemic stability [87]. Long-term predictions
offer value for behavioural planning and clinical insight but are more challenging due to
uncertainty introduced by external, unmodelled factors such as meals, stress, and physical
activity [42].

The choice of an appropriate prediction horizon represents a trade-off between pre-
dictive accuracy and clinical utility. In practice, most studies have focused on short-
term horizons, particularly 15, 30, and 60 min predictions, which have demonstrated
acceptable levels of accuracy and clinical relevance [12]. For instance, in the two well-
known Ohio BGL Prediction Challenges, participants were asked to predict glucose values
30 and 60 min ahead, establishing these intervals as de facto benchmark horizons in the
research community [58,85,88].
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5.4. Prediction Performance Assessments

BGL prediction models should be properly evaluated. There are various evaluation
criteria for assessing BGL prediction performance. Moreover, statistical analyses should be
conducted to obtain a conclusive validation for comparing two or more prediction models
for several data contributors.

5.4.1. Evaluation Criteria

The performance of developed prediction models can be evaluated using complemen-
tary regression-based criteria (also known as empirical accuracy) and clinical criteria (also
known as clinical accuracy). Regression-based criteria quantify the numerical agreement
between predicted and reference glucose values, whereas clinical criteria assess whether
prediction errors remain acceptable from a treatment and safety perspective. Accordingly,
metric selection should be guided by the intended application of the model, since math-
ematically accurate predictions are not always clinically safe, and clinically acceptable
predictions may not fully reflect overall numerical fit.

Regression-Based Evaluation

Primary metrics of regression-based evaluation to calculate the overall performance of
developed BGL prediction models include root mean square error (RMSE), mean ab-
solute error (MAE), and coefficient of determination (R?), which are calculated as in
Equations (1), (2), and (3), respectively.

N L 52
RMSE = w (1)
N .
MAE:W 2)

R2— 1 _ i1 i —¥i)?
i (vi — )

In Equations (1)—(3), N, y;, and ¥J; represent the testing set size, the reference value,

)

and the prediction value, respectively. Also, in Equation (3), 7 denotes the average of the
reference values.

Clinical Evaluation

To gain an understanding of the clinical implications of BGL prediction models’ per-
formance, error grid analyses and the Matthews correlation coefficient (MCC) have been
frequently used. Error grid analysis, including Clarke error grid (CEG) [89], Parkes error
grid (PEG) [90], and surveillance error grid (SEG) [91], analyse and visualise BGL predic-
tions using the comparison with the BGL reference values. SEG, which assigns risk values
to each predicted BGL, is the most recently developed analysis. Also, a surveillance error
(SE), which has been defined as the mean of a bilinear interpolation of the SEG, is calculated
as a unique score for each individual [58].

MCC, which is a classification metric, has been used to assess the effectiveness of
the models to distinguish adverse glycaemic events from normoglycaemic events [92-94].
Considering an adverse glycaemic event as a positive class and a normoglycaemic event as
a negative class, MCC is then calculated as in Equation (4).

(TP x TN) — (FP x FN)

MCC =
\/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

4)
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In this equation, TP and TN indicate the correctly predicted adverse and normogly-
caemic events, respectively. Also, FP and FN are the incorrectly predicted adverse and
normoglycaemic events, respectively.

Cross-Comparison of Evaluation Metrics

These metrics provide complementary rather than interchangeable information, and
their selection should be aligned with the prediction objective. RMSE is more sensitive
to large prediction errors because of the squared penalty and is therefore particularly
informative when missed hypoglycaemic or hyperglycaemic excursions are of primary
concern. MAE provides a more directly interpretable average absolute deviation and is less
influenced by occasional extreme errors, making it suitable for reporting overall prediction
accuracy and for comparing models across datasets with different error distributions. R?
is useful for describing how well a model explains glucose variability, but it should not
be used alone, since a model may achieve a reasonable R? while still producing clinically
unacceptable point-wise errors. In contrast, error grid-based metrics are preferable when
the aim is to assess clinical safety and decision support utility, because they evaluate
whether prediction errors would lead to benign, unnecessary, or dangerous treatment
actions [89-91]. Among these, SEG offers finer-grained risk interpretation and is therefore
particularly useful when a continuous assessment of clinical risk is desired [91]. MCC
is most appropriate when the prediction task is formulated as adverse event detection,
such as identifying impending hypoglycaemia or hyperglycaemia, because it evaluates
class discrimination while accounting for class imbalance [92-94]. Accordingly, studies
focused on continuous glucose forecasting should preferably report RMSE and MAE
together, ideally complemented by R?, whereas clinically oriented alarm or decision support
applications should additionally report an error grid metric and, when adverse event
classification is involved, MCC.

5.4.2. Statistical Analyses
Comparing Two Prediction Models

To compare a newly developed prediction model with an existing or baseline model,
a non-parametric Wilcoxon signed-ranks test [95] is an appropriate test for comparing
two approaches across multiple datasets where no assumption of normality is applied.

Comparing More than Two Prediction Models

To compare more than two different prediction models, firstly, a Friedman test [96],
which is the non-parametric counterpart of the ANOVA test [97], is conducted. If there is a
significant difference between at least two prediction models, a post hoc test such as the
Nemenyi test [98] is then performed to determine which models are performed significantly
differently in a pair-wise fashion. Also, when performing multiple comparisons, the
Holm procedure [99] should be used for correcting the significance level. Additionally,
for visualising the post hoc results, a critical difference (CD) diagram [100] has been
used [74,101].

5.4.3. Interpretability and Explainability

In addition to predictive accuracy and clinical safety, interpretability is increasingly
important for the adoption of BGL prediction models in real clinical workflows. Post
hoc explanation frameworks such as Local Interpretable Model-agnostic Explanations
(LIME) and SHapley Additive exPlanations (SHAP) can help identify which recent glucose
values, insulin doses, meal events, physical activity signals, or engineered temporal features
most influenced a model’s output [102,103]. In the context of hypoglycaemia prediction,
such analyses can clarify whether a warning is being driven by plausible physiological
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patterns—for example, falling recent glucose, recent bolus administration, or exercise-
related effects—or by unstable model behaviour. However, explanation methods should
be interpreted carefully in time-series models, since feature importance may depend on
lag structure, local temporal context, and correlations between modalities. Future BGL
prediction studies would therefore benefit from reporting not only whether hypoglycaemia
is predicted correctly, but also why the model considered that prediction likely.

Figure 2 illustrates a schematic diagram summarising the factors involved in the
prediction of BGL.

Type 1 Diabetes Management Artificial Intelligence
Insuli Machine Deep Transfer
nsulin Learning Learning Learning
bohydrat Blood Physical Ensemble Causal Time Series
arbohyara Glucose Activity Learning Analysis Forecasting

Blood Glucose Level
Prediction
Model strategy g Prediction Horizon

|
Physiological Data- drlven Hybrld Medium- ~ Evaluation Statistical
[ Model } [ Model } Model Umvanate Mulhvanate Shon term term Long-term Criteria Analyses

Figure 2. A schematic diagram for blood glucose level prediction.

6. Common Pitfalls

Several methodological issues recur in BGL prediction studies and can compromise the
validity of reported results. One of the primary steps in developing BGL prediction models
is handling missing and irregular data. This issue is not merely technical, since prior work
has shown that data imputation choices can materially affect prediction performance [85].
A major concern is data leakage when imputed or interpolated values are introduced into
the test set during model evaluation. In particular, interpolation within a missing test
interval uses observations from both before and after the gap, thereby injecting future
information into the evaluation window and leading to optimistically biased error esti-
mates. Accordingly, the train/validation/test split should be created before any imputation,
scaling, or feature engineering, and the reference targets used for validation and testing
should always correspond to originally observed glucose values.

For short gaps in input variables, a practical strategy is to use only causal reconstruc-
tion methods based on past information, such as forward filling, last-observation-carried-
forward for slowly varying variables, or restricted model-based extrapolation over a small
maximum gap, while retaining the missingness mask and the time since the last observation
as additional inputs [104]. For long or highly irregular gaps, simple extrapolation is often
unreliable in T1IDM because glucose dynamics are nonlinear and strongly affected by meals,
insulin, and physical activity. In these situations, the preferred strategy is to segment the
record into contiguous episodes, exclude prediction windows whose target or critical input
history overlaps a long missing interval, and, when incomplete sequences must be retained,
employ models designed for irregularly sampled or missing-aware time-series [104,105].
Reporting the percentage of excluded windows, the maximum tolerated gap, and whether
missingness indicators were used can further improve transparency and reproducibility.

Another important issue is the distinction between retrospective and prospective
evaluation. Most benchmark studies in BGL prediction are retrospective, meaning that
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models are developed and tested on previously collected datasets under offline conditions.
Such studies are valuable for algorithm screening and controlled comparison, but they may
overestimate practical performance because real-time deployment constraints, delayed or
missing inputs, computation latency, alarm burden, and behavioural feedback are not fully
represented. In contrast, prospective evaluation requires that only information available
at the prediction time be used and that model performance be assessed in a forward-
looking or real-time setting. This distinction is especially important when considering
emerging non-invasive or less mature sensing technologies, where signal drift, calibration
requirements, and temporal instability may differ substantially between offline analysis
and real-world deployment. Therefore, future work should move beyond retrospective
benchmarking toward more prospective and real-world validation frameworks whenever
clinical translation is intended.

Another common problem is inadequate validation when comparing different pre-
diction strategies. It should be noted that only a limited number of studies in the litera-
ture conducted thorough statistical analyses, and the majority of the studies compared
average prediction performance across data providers. Comparing the averages of eval-
uation metrics across different datasets without accounting for their heterogeneity is not
meaningful [100]. Since there is considerable inter-individual variability in the BGL pat-
terns of people with T1DM [12], statistical analyses should be applied when comparing
models to ensure that observed differences are significant and not due to random variation
or dataset-specific effects.

7. Applications of Advanced AI Techniques

The literature shows an apparent acceleration in the utilisation of Al approaches for
BGL prediction models. Improving the performance of BGL prediction is a challenging
task, and even a small improvement is appreciated. Recently, the majority of studies have
tried to incorporate new advanced Al strategies to investigate their capabilities to enhance
BGL prediction performance. In this section, some emerging Al techniques applied in BGL
prediction, including deep learning, transfer learning, ensemble learning, and causality
analysis, are mentioned, and related research in the literature is discussed. Also, to provide
some quantitative information regarding the performance of BGL prediction, the evaluation
results of the top 10 methods introduced in the second BGL Prediction Challenge held in
2020 [106] are presented.

7.1. Deep Learning

Deep learning is a new area in Al which is inspired by the function of neurons inside
human brains. In recent years, due to the growth of computing capability, deep learning
models became more attractive.

Some of the most important network types are feed-forward neural networks
(FNNSs) [107], convolutional neural networks (CNNSs) [108], recurrent neural networks
(RNNSs) [109], and more recently Transformer-based architectures [110]. FNNs are simple
types of deep learning models which pass data in just one direction from the input layer
to the output layer. These networks calculate the sum of the weighted inputs to find a
mapping to output values. CNNs have convolutional layers. These types of layers consist
of filters that are convolved with the input to extract local information from data [111].
RNN are specially designed for time-dependent and sequence analyses. These networks
have memory and feedback, and the output of a layer can be fed back to the input [112].
RNNSs have a vanishing gradient problem in long data sequence analysis. To overcome this
problem, LSTM [113] and gated recurrent units (GRUs) [114] were proposed. More recently,
Transformer architectures and attention mechanisms have become highly influential in time-
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series forecasting because self-attention can model long-range temporal dependencies more
directly than recurrent structures and can be trained efficiently in parallel [39,110]. Variants
such as Informer and the Temporal Fusion Transformer (TFT) further extend this idea
by improving scalability for long sequences and supporting interpretable multi-horizon
forecasting [115,116].

Beyond recurrent and attention-based models, adversarial neural network frame-
works have also emerged as promising architectures for BGL prediction. These include
generative adversarial networks (GANs), which can improve forecasting by learning
sharper glucose-trajectory distributions or supporting data augmentation under limited-
data conditions [117]. More broadly, adversarial learning can also be used to reduce do-
main mismatch between simulated and real-world data or between heterogeneous patient
cohorts, as illustrated by adversarial transfer learning approaches [118]. Most recently,
Khadem et al. proposed a deep collaborative adversarial learning framework for person-
alised blood glucose forecasting in T1D and reported statistically significant improvements
in both mathematical and clinical evaluation at 30 and 60 min prediction horizons on
the Ohio datasets [119]. Although these methods remain less common than LSTM- and
Transformer-based models in the current BGL literature, they are technically important
because they address two persistent limitations of the field: small sample sizes and cross-
domain variability.

Models based on deep learning may be more effective at detecting the dynamics of
complex systems rather than traditional machine learning approaches and have shown
promising results. In BGL prediction, where the ability to capture the physiological dy-
namics of glycaemia is vital for accurate prediction, different deep neural network con-
figurations have been successfully developed [3,8,120]. Also, deep learning models have
evolved into more advanced BGL prediction paradigms and have earned a distinct place in
the 2018 and 2020 Ohio BGL Prediction Challenges [5,121]. In the BGL prediction context,
attention mechanisms have already begun to influence model design. Early evidence in-
cludes neural attention-augmented LSTM models [122]. More recently, Transformer-based
studies such as the Glucose Transformer have shown that self-attention can support both
glucose forecasting and the prediction of impending hyperglycaemic and hypoglycaemic
events [123]. Although Transformer-based BGL prediction is still less represented than
LSTM- and ensemble-based approaches in the current literature, it constitutes an important
emerging direction, particularly for leveraging longer temporal context, multivariate inputs,
and more interpretable temporal dependency modelling [39,40]. The following provides an
overview of some recent studies related to deep neural network models for BGL prediction.

Mirshekarian et al. [122] explored a number of experiments regarding the prediction
of BGL based on data from CGM, insulin, meals, and activities. AIDA and UVa/Padova
diabetes simulators were used as synthetic datasets, and the Ohio TIDM dataset was used
as the real dataset. A memory-augmented LSTM model was developed for predicting BGL
one hour in advance. An ARIMA model was also considered as a baseline, which was
significantly outperformed by the LSTM model. According to the comparison results, the
neural attention module enhanced the accuracy of prediction in synthetic data, but it did
not make any improvement in real data. In contrast, adding daytime as an extra input to
the LSTM model improved the performance of prediction in real data only.

Li et al. [92] developed a deep learning model using a convolutional RNN architecture
for BGL prediction. The model was composed of convolutional and pooling layers, followed
by a fully connected layer. They used BGL, bolus, and carbohydrate data from 10 virtual
patients from the UVa/Padova simulator and 10 real people with TIDM as input. They
evaluated and compared the proposed model with four baselines, including support vector
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regressions (SVR), an ARX, a latent variable model, and an ANN. The results showed the
superior performance of the model compared to the baseline models.

Also, Martinsson et al. [58] developed a model using RNNS to predict BGL 30 and 60 min
in advance without the requirement of preprocessing or feature engineering. Their end-to-
end approach was developed and evaluated using BGL data of the Ohio TIDM dataset. A
univariate Gaussian distribution was also used to estimate the certainty of the predictions.
They evaluated their model using RMSE and SE metrics. Their method outperformed the
naive baseline model.

Zhu et al. [80], employing dilated RNNSs, developed a model that predicts BGL 30 min
in advance. They investigated vanilla RNNs, LSTMs, and GRU architectures before selecting
a vanilla RNN. In order to train their model, they used BGL, meal, and bolus data from the
synthetic UVa/Padova and the real Ohio TIDM datasets. Their proposed model performed
better in the synthetic dataset compared to the real one. Based on the fact that their model
compared to AR, SVR, and CNNs performed better, they therefore concluded that the dilated
RNN model would be more effective at predicting BGLs.

More recently, Alkanhel et al. developed a hybrid CNN-GRU model for multi-step-
ahead blood glucose forecasting using a publicly accessible type 1 diabetes dataset and
reported improved performance over standalone CNN, GRU, and LSTM models, highlight-
ing the potential of lightweight hybrid deep learning architectures for real-time IoT-enabled
diabetes management [124].

Likewise, Manchanda et al. showed that individual-specific LSTM models trained
on limited subject-level data could achieve prediction accuracy and Clarke error grid
performance comparable to aggregated training, supporting the feasibility of data-efficient
personalised deep learning approaches for TIDM blood glucose forecasting [125].

7.2. Transfer Learning

In artificial intelligence, transfer learning refers to leveraging knowledge acquired
in one source task, cohort, or domain to improve learning in a related target setting.
Transfer learning involves adapting a pre-trained model to accomplish a related task more
effectively. In BGL prediction, transfer learning mainly addresses three practical problems:
the scarcity of subject-specific data required to train personalised models, the substantial
inter-individual variability that limits direct model sharing across patients, and the domain
shift between simulated and real-world glucose data. Accordingly, transfer learning can
be used to initialise or adapt a model using data from other subjects, related diabetes
cohorts, or simulator-generated datasets before fine-tuning it for an individual with sparse
observations. This field has been successfully deployed in different areas, including computer
vision, natural language processing, and healthcare [40,123,126,127]. Several studies have
examined the efficacy of transfer learning in BGL prediction in recent years. Some of the
recent work deploying transfer learning in BGL prediction is briefly described below.

Bhimireddy et al. [128] developed several sequence-to-sequence multivariate ANN
architectures, including LSTM, BiLSTM, convolutional LSTMs, temporal convolutional
networks, and sequence-to-sequence models for BGL prediction in TIDM. A gradient
boosting algorithm was also used for selecting important features of the data in order to
develop transfer learning models. They developed and evaluated their models using the
Ohio T1DM dataset. Their results showed that sequence-to-sequence models outperformed
transfer learning. Also, Zhu et al. [80] applied transfer learning to use the data of other
patients for training each individual model. They discovered its effectiveness for a specific
patient with various missing points.

Daniels et al. [126] investigated the effectiveness of multitask learning as a type of
transfer learning in BGL prediction. They developed single-task learning, transfer learning,
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and multitask learning using a convolutional recurrent neural network. These approaches
were compared with an SVR model, as a baseline model, and also with each other. They
also considered BGL variability as proper knowledge for dividing the experiment into two
groups to perform multitask learning. They used the OhioT1DM dataset for developing
and validating their models. The results showed that the developed multitask learning
approach outperformed other models for short-term and long-term prediction horizons.
They concluded that multitask learning can be deployed for personalised models on limited
individual data to promote BGL prediction.

De Bois et al. [118] developed a multi-source adversarial transfer learning architecture
for enhancing data transfer quality between different sources. Their architecture allowed
for the learning of a feature representation consistent across sources, making the learning
process more universal and transferable. They utilised an SVR and two fully connected
CNN:is as baseline models. They also compared the proposed adversarial transfer models
with standard transfer models. They used three different sources of data, including TIDM
patients, T2DM patients, and a TIDM simulator. Their developed multi-source transfer
learning could help with the lack of big enough data for training deep learning and improve
the performance of BGL prediction.

Shuvo and Islam [129] incorporated multitask learning into a deep learning model to
predict BGL in TIDM. Their proposed architecture was composed of two layers of stacked
LSTM, as shared hidden layers, and two dense layers, as clustered hidden layers. These
were followed by subject-specific dense layers. For developing their model, they used the
Ohio T1DM dataset and evaluated it using RMSE, MAE, and CEG. The results showed an
enhancement caused by multitask learning compared to other machine learning and deep
learning models.

Taken together, these studies show that transfer learning in BGL prediction is best
viewed as a data efficiency and personalisation strategy rather than a universal performance
booster. The main problems it helps address are limited subject-specific training data,
incomplete or sparse individual records, and weak generalisation across heterogeneous
cohorts. A particularly important direction is simulator-to-patient transfer, where large in
silico datasets can be used for pre-training and then adapted to real individuals, thereby
reducing the amount of real labelled data required for personalisation [80,118,128]. This is
especially attractive in TIDM, where obtaining large, well-annotated individual datasets is
difficult. However, the benefit of transfer learning is not guaranteed; when the source and
target domains are insufficiently aligned, direct sequence-to-sequence or subject-specific
models may still perform better [128]. Therefore, the effectiveness of transfer learning
depends on whether the transferred representation is well matched to the target patient
and whether the adaptation is designed for cross-subject, cross-domain, or simulator-to-
real transfer.

7.3. Ensemble Learning

Ensemble methods, as one of the advanced Al approaches, learn from several machine
learning models, inferred as base-learners. The key idea of ensemble learning is that im-
provements can occur as a result of multiple base-learners compensating for the inaccuracy
of a single base-learner. In addition to improving point-prediction accuracy, ensembles
can also provide a practical indication of predictive uncertainty: agreement among base-
learners suggests a more reliable forecast, whereas disagreement can flag low-confidence
predictions that may require caution. Ensemble models are constructed in two main steps:
generating base-learners and integrating base-learners. Considering base-learners’ gen-
eration, ensemble methods can be categorised as homogeneous and heterogeneous. In
homogeneous ensembles, the base-learners are generated by a single algorithm, whereas
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in heterogeneous ensembles, at least two distinct algorithms are used. Base-learners’
combination, also inferred as output fusion, is the process of combining outputs from
base-learners. The two main approaches for output fusion include weighting methods and
meta-learning methods. Base-learners’ outputs can be weighted and averaged to make a
single output [130,131]. Two levels of learning are involved in meta-learning algorithms.
Multiple base-learners are trained at the first level, and their predictions are combined at the
second level to make the final prediction. Bagging [132], boosting [133], and stacking [134]
are three known meta-learning algorithms for constructing ensemble models.

Beyond improving average prediction accuracy, ensemble learning can outperform
single-model approaches for two broader reasons. First, combining multiple learners can
reduce the influence of measurement noise, self-reported meal inaccuracies, missingness
artefacts, and other dataset-specific disturbances, because model-specific errors may be
averaged out rather than amplified by a single predictor. Second, ensembles can improve
generalisation across diverse individuals with T1IDM by integrating complementary induc-
tive biases, for example, linear and nonlinear learners, short-lag and long-lag models, or
glucose-only and multivariate sub-models. This is particularly valuable in T1IDM, where
marked inter-individual variability in glucose responses often limits the robustness of any
single modelling approach [12,131].

Since glucose dynamics are complex, ensemble techniques can be used to improve
the accuracy of BGL prediction by combining multiple models [12,131]. Recently, several
researchers have examined the use of different ensemble models for predicting BGL. Some
of the recent work is briefly described below.

This reliability perspective is particularly relevant in TIDM management, where
predictions near hypo- or hyperglycaemic thresholds can trigger high-stakes corrective
actions. In such settings, an ensemble should ideally be assessed not only by its average
prediction error but also by how informative the spread of its base-learner outputs is
about model confidence. Related BGL studies have already demonstrated the value of
explicit confidence or uncertainty estimation in neural forecasting [58,93,135]. Within
ensemble learning, similar information can be extracted from the dispersion of base-learner
predictions, for example, through their variance, range, or disagreement. This can support
safer alarm generation, selective suppression of unreliable predictions, and stronger human
trust in Al-assisted decision support.

In another study, Jeon et al. [85] investigated the prediction of BGL using the Ohio
T1DM dataset over a prediction horizon of 30 min. Following their previous work [136],
in which they showed that their developed gradient-boosted regression tree (XGBoost)
model, consisting of an ensemble of decision trees with a gradient boosting framework,
outperformed an LSTM model and a random forest regression, they developed five variants
of the model using optimised parameters. To create an ensemble model, they further
combined the predictions from five models using weighted output fusion models. They
demonstrated that compared to the individual models, the ensemble model provided more
accurate BGL predictions.

Saiti et al. [137] developed three ensemble models using ARX and SVR as base-learners,
followed by linear, bagging, and boosting meta-learning output fusions. BGL, carbohydrate,
and insulin were used for developing prediction models. The models were evaluated and
compared for prediction horizons of 30, 45, and 60 min. Their results showed that the three
ensemble models outperformed both individual learners.

In the Ohio BGL Prediction Challenge 2020, Nemat et al. [138] developed two methods
leveraging ensemble learning for BGL prediction in TIDM using BGL and PA data. Three
heterogeneous base-learners including a multilayer perceptron (MLP), an LSTM, and partial
least squares regression (PLSR) were used. In one method, histories of BGL data appended
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with the average of PA in the same histories were used to train base-learners. In the other
method, histories of BGL and PA were used separately to train the same base-regressions.
The predictions from the base-learners were used as input for a PLSR model to create a
combined model using a stacked meta-learner to make the final predictions. The results
showed the efficacy of both methods for BGL prediction.

Also, in the same Challenge, using the Ohio T1IDM dataset, Khadem et al. [139] devel-
oped ensemble models for BGL prediction utilising different lags. Three heterogeneous
linear and ANN base-learners were trained using both 30 and 60 min of historical BGL
data. These models were then used to create two uni-lag systems and one multi-lag system.
In the uni-lag system, base-learners were trained using either 30 or 60 min of historical BGL
data, whereas in the multi-lag system, base-learners were trained using both lags. In all
three systems, a PLSR model was used as a meta-learner based on stacked meta-learning.
The results showed that the stacking systems outperformed the individual models. Also,
the multi-lag system achieved the best prediction accuracy.

Nemat et al. [74] proposed new architectures for predicting BGL in TIDM patients that
leverage deep learning and ensemble learning. A vanilla LSTM network, a bidirectional
LSTM network, and a linear regression model were used as three base-learners. The meta-
learning output fusion strategy was then used to integrate base-learner outputs in three
approaches including stacking, multivariate, and subsequences. The stacking method in-
volved concatenating the base-learners’ outputs and feeding them into a linear meta-learner.
As part of the multivariate approach, base-learners’ outputs served as multivariate input
for training a multivariate LSTM model. The meta-learning thus considered univariate
time-series forecasting as multivariate forecasting. The subsequences approach considered
base-learners’ outputs as different subsequences to feed a convolutional LSTM. The impact
of devised meta-learning strategies on the efficacy of BGL prediction was compared and
benchmarked with non-ensemble models. The results showed that the proposed ensemble
models statistically significantly outperformed the benchmarked non-ensemble models.
Also, the two novel meta-learning approaches performed comparably to the effective
stacked learning approach.

Also, Wadghiri et al. [131], in their review, verified that homogeneous ensembles,
mostly followed by bagging and boosting meta-learning, improved the performance of
BGL prediction compared to individual machine learning models, still comparable to
deep learning models. Meanwhile, heterogeneous ensembles, mostly followed by stacking
meta-learning, outperformed single machine learning and deep learning models. Hence,
heterogeneous ensembles could be generally considered better than homogeneous ones in
BGL prediction. Also, ANNs were determined as the most widely used base-learners for
constructing heterogeneous ensembles, according to their review.

Furthermore, Khadem et al. [94] proposed a lag fusion framework employing meta-
learning analysis to address the challenge of determining an appropriate history length
for model training in the BGL prediction task. The developed method utilised MLP and
LSTM models trained over 30, 60, 90, and 120 min of histories. Then, an interconnected lag
fusion approach was developed based on nested ensemble learning. The analyses were
performed using the Ohio T1IDM dataset. The results showed that the proposed method
was effective in BGL prediction.

Langarica et al. [140] proposed an ensemble model using meta-learning output fusion
for personalised BGL prediction. They used synthetic data from the UVa/Padova simulator
and showed that their model needed fewer data and training iterations compared to a
transfer learning approach. Their model outperformed baselines, especially for longer
prediction horizons.
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Taken together, the advantage of ensemble learning in BGL prediction appears to
arise not only from lower average error but also from noise mitigation, complementary
representation learning, stronger cross-subject generalisation, and the possibility of un-
certainty estimation from disagreement among base-learners. Heterogeneous ensembles
are especially attractive because they combine models that respond differently to abrupt
excursions, smoother trends, or auxiliary variables, thereby reducing dependence on a
single modelling assumption [74,94,131]. Future work should therefore assess ensemble
systems jointly in terms of accuracy, uncertainty, robustness to noisy inputs, and gener-
alisation across heterogeneous individuals, since these properties are central to clinically
reliable deployment.

7.4. Causal Analysis

In causal analysis, the relations between causes and effects are examined. Causal infer-
ence, as the main approach in causality analysis, quantifies causal relations [141,142]. Data-
driven causal inference techniques have developed in recent years to discover causal associ-
ations between variables in time-series data [143]. These approaches assess causality from
multivariate time-series based on observations of variables in complex systems [144,145].
Furthermore, causality has recently been applied in time-series forecasting tasks in several
domains, such as neuroscience [146], climate [147], and economic data [148,149]. Using
causality-based influencing features, these applications attempt to improve the performance
of time-series forecasting.

In the literature, limited work used causal analysis in BGL prediction. Zhu et al. [150]
developed a deep CNN as a modified version of WaveNet [151] for BGL prediction in
people with TIDM. They categorised BGL prediction values into 256 classes; hence, the BGL
prediction was converted from a regression task to a classification task. The classification
model was mainly constructed using causal dilated CNN layers. They used BGL, insulin,
carbohydrate, and the time index data from the Ohio T1DM dataset as input. Their results
showed that their developed model differed from existing RNN models and compared to
many current algorithms, it performed better.

He et al. [152] proposed a causal RNN for BGL prediction by mining the underlying
causal links embedded in blood glucose. Their suggested system was made up of three
primary modules, including an individual autocorrelation encoder, a learning module for
personal attributes, and a CausalRNN module. They tried to model direct dependencies on
BGL data and latent causal relations based on physiological parameters. The physiological
features were extracted from carbohydrates of a meal, acting insulin amount, calorie
expenditure, and sleep quality. They developed and evaluated models using a dataset from
112 people (38 with T1DM, 39 with T2DM, and 35 with no diabetes). Their results showed
that their framework outperformed baseline models.

Also, Nemat et al. [101], as a pioneering work, investigated the feasibility of deploying
causality information in order to improve the accuracy of BGL prediction in TIDM manage-
ment. In the first phase of the investigation, the relations between BGL and carbohydrates,
bolus, and PA were examined in the causality context. For this purpose, the causal relations
were quantified using the convergent cross-mapping method [153]. Afterward, to deter-
mine the optimal lag of causality for each variable, the extended convergent cross-mapping
method [154] was applied to quantify causality for various time lags. Next, two new ap-
proaches were proposed for utilising causality information as prior knowledge. In the first
approach, causality strengths were used as the variables” weights. In the second approach,
the optimal causal lags and the corresponding causality strengths were considered as shifts
and weights, respectively, for the variables. The performance of BGL prediction with and
without leveraging causality was evaluated and compared using regression-based and
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clinical evaluation metrics and statistical analyses. Overall, the obtained results showed
the effectiveness of developed causality-informed models in BGL prediction.

7.5. The BGL Prediction Challenge

The second BGL Prediction Challenge was held during the Fifth International Work-
shop on Knowledge Discovery in Healthcare Data in August 2020 [106]. Participants were
tasked with predicting BGL values for two predefined prediction horizons of 30 and 60 min.
It is worth noting that all participants used the Ohio_2020 dataset [69], which provided a
common benchmark for evaluating model performance under consistent data conditions.
The submitted models were evaluated using two primary error metrics, including RMSE
and MAE, for both prediction horizons. The results were then compared and ranked
to identify the most effective modelling strategies. Table 1 summarises the top 10 ap-
proaches, detailing their modelling methods and evaluation outcomes in developing BGL
prediction models.

Table 1. Comparison of the evaluation results of the second BGL Prediction Challenge

PH: 30 min PH: 60 min
Paper Method

RMSE MAE RMSE MAE
Freiburghaus et al. [155] CRNN 17.45 11.22 33.67 23.25
Rubin-Falcone et al. [156] DRNN 18.22 12.83 31.66 23.60
Hameed and Kleinberg [157] VRNN 19.21 13.08 31.77 23.09
Zhu et al. [117] GAN 18.34 13.37 32.21 24.20
Yang et al. [158] MS-LSTM  19.05 13.50 32.03 23.83
Bevan and Coenen [159] LSTM 18.23 14.37 31.10 25.75
Sun et al. [160] LV 19.37 13.76 32.59 24.64
Khadem et al. [139] MLS 19.01 13.73 33.37 24.98
Nemat et al. [138] Stacking 18.99 13.73  33.39 25.04
Daniels et al. [161] MTCRNN 19.79 13.62 33.73 24.54

Note: PH: prediction horizon; RMSE: root mean square error; MAE: mean absolute error; CRNN: convolutional
recurrent neural network; DRNN: deep residual neural network; VRNN: vanilla recurrent neural network; GAN:
generative adversarial network; MS-LSTM: multi-scale long short-term memory network; LSTM: long short-
term memory; LV: latent variable, MLS: multi-lag stacking; MTCRNN: multitask approach using convolutional
recurrent neural network.

8. Benchmark of Prediction Models

Benchmark studies are particularly valuable because they move the literature beyond
isolated model development and enable direct comparison of trade-offs between predic-
tive accuracy, computational burden, interpretability, and clinical usefulness. However,
because different studies use different datasets, input configurations, prediction hori-
zons, and evaluation protocols, drawing general conclusions remains difficult. For clarity,
Table 2 summarises representative benchmark studies in terms of their core algorithms,
datasets, relative model complexity, interpretability, evaluation emphasis, and the main
trade-offs identified.

Xie and Wang [88], for BGL prediction in TIDM, benchmarked a classical ARX model
against 10 different machine learning approaches, including Elastic-Net, Lasso, Huber,
Random-Forest, Gradient-Boosting-Trees, Ridge, SVR (linear and radial basis kernels),
vanilla LSTM, and temporal convolution networks. They used the Ohio T1DM dataset and
considered BGL, insulin, carbohydrate, and exercise data as input. Based on their results, in
the 30 min prediction horizon, Ridge regression and ARX performed better. However, the
ARX model overestimated peaks and underestimated valleys and had worse robustness
than the DNNs.

https://doi.org/10.3390/s26092675


https://doi.org/10.3390/s26092675

Sensors 2026, 26, 2675

22 of 31

Table 2. Summary of representative benchmark studies for blood glucose level prediction models.

Study Core Algorithms Dataset/Inputs Complexity/Interpretability Evaluation Emphasis Key Findings and Trade-Off
. Primarily regression-based . .
Sﬁgér}zﬁzzizﬁfi:gfj:f ! Ohio T1DM dataset; BGL, Mixed complexity; classical comparison; robustness E:)(:igzeoingﬁIZ%%?;?Z?;;;SE;glz’aitst:rﬁgo_mm
Xie and Wang [88] ! ! insulin, carbohydrate, and linear models more discussed qualitatively; ¢ P

Gradient-Boosting-Trees,
Ridge, SVR, LSTM, TCN

exercise

interpretable than DNNs

clinical metrics not
emphasised

underestimated valleys, whereas DNNs appeared more
robust to extreme fluctuations.

Rodriguez et al. [162]

Gaussian process, MLP, SVM,
Bayesian regularised neural
network

25 free-living people with
T1DM; BGL, meal, insulin
injection, heart rate, step
count, and sleep

Moderate-to-high complexity;
neural models less
interpretable than simpler
statistical learners

RMSE and R? were
highlighted; clinical metrics
were not the main focus

The Bayesian regularised neural network performed best
overall, suggesting benefit from richer multimodal input,
although interpretability remained limited.

Zhang et al. [120]

Dilated CNN,
sequence-to-sequence LSTM,
bidirectional reservoir
computing, multiple linear
regression

Ohio datasets; multiple
sensor-based and
self-reported variables

Mixed complexity; multiple
linear regression is the most
interpretable and least
computationally demanding

Performance comparison with
explicit consideration of
computational cost; clinical
metrics were not emphasised

Sequence-to-sequence LSTM performed best at 30 min,
whereas multiple linear regression performed best at 60
min with lower computational cost, highlighting an
accuracy—cost trade-off.

Nemat et al. [163]

ARIMA, SVR, and LSTM
representing classical
time-series forecasting,
traditional machine learning,
and deep neural network
structures

Univariate and multivariate
settings incorporating BGL,
carbohydrate, bolus, and PA

Broad classical-to-deep
comparison; ARIMA offers
higher interpretability, LSTM
lower interpretability, and
SVR an intermediate balance

Regression-based and
clinically oriented metrics
with Friedman and Nemenyi
statistical analyses

The models were often comparable, but SVR offered the
most consistent balance between prediction accuracy and
computational efficiency across the evaluated scenarios.

Note: ARX: autoregression with exogenous variables; SVR: support vector regression; LSTM: long short-term memory; TCN: temporal convolutional network; MLP: multilayer
perceptron; DNN: deep neural network; PA: physical activity. The complexity and interpretability descriptions are qualitative comparative summaries intended to highlight trade-offs
rather than absolute rankings.
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Rodriguez et al. [162] developed and compared four machine learning approaches
to support improved T1DM management: a Gaussian process with radial basis function
kernels, an MLP, an SVM, and a Bayesian regularised neural network. They used glycaemia-
related data, including BGL, meal, insulin injection, heart rate, step count, and sleep. The
data was gathered under real-world conditions from 25 people with TIDM over a 14-day
monitoring period as part of the Internet of Things. They showed that the Bayesian neural
network performed best on R? and RMSE metrics and introduced it as the most capable
technique for modelling BGL dynamics.

Moreover, Zhang et al. [120] compared four different data-driven models for BGL
prediction in TIDM. The models included a dilated CNN model, a sequence-to-sequence
LSTM model, a bidirectional reservoir computing model, and a newly developed multiple
linear regression model. They used multiple variables measured by sensors or self-reported
in the Ohio datasets. They found that while the sequence-to-sequence LSTM model had
the best prediction performance for the 30 min prediction horizon, the multiple linear
regression model performed the most accurately at BGL prediction for the prediction
horizon of 60 min, with a lower computational cost.

Most recently, Nemat et al. [163] conducted a comprehensive benchmark analysis
comparing the performance of different data-driven model structures for BGL prediction
using both univariate and multivariate inputs. They compared the performance of various
data-driven prediction approaches, including CTF, TML, and DNN, using three representa-
tive prediction models—ARIMA, SVR, and LSTM, respectively. The models were trained
using BGL data as univariate input and were later extended to multivariate configurations
incorporating carbohydrate, bolus, and PA data. Model performance was evaluated us-
ing both regression-based and clinically oriented metrics, followed by statistical analyses,
including the Friedman test and a post hoc Nemenyi test, to enable valid comparisons.
The analysis showed that, across more than half of the evaluated cases, considering vari-
ous metrics, prediction horizons, and datasets, the three models performed comparably,
particularly for univariate inputs. In the remaining cases, the SVR model demonstrated
statistically significant superiority over at least one competing approach, while also being
the fastest to train. Both the ARIMA and LSTM models exhibited similar performance
patterns across all scenarios. Overall, the findings indicated that the SVR model provides
the most effective balance of predictive accuracy and computational efficiency among the
evaluated data-driven methods for BGL prediction.

Taken together, these benchmark studies suggest that no single modelling family is
universally superior across all BGL prediction settings. Simpler or more classical models
can remain highly competitive, especially for shorter prediction horizons, lower-complexity
deployment settings, or when interpretability and computational efficiency are priorities. In
contrast, more flexible deep or multivariate models may offer advantages when richer inputs
and more complex temporal dependencies must be captured. Importantly, only the most
recent comparative work has combined regression-based, clinically oriented, and statistical
evaluation in a unified framework [163], highlighting the need for future benchmark studies
to assess not only accuracy but also interpretability, robustness, and clinical relevance.

9. Conclusions and Future Directions

In this work, we conducted a comprehensive literature review to provide a concise
guide for developing data-driven BGL prediction models for individuals with TIDM, with
a particular focus on the use of advanced Al strategies. After presenting background
information on diabetes care, key components involved in designing and evaluating BGL
prediction models, including model strategy, input features, prediction horizon, and perfor-
mance evaluation, were reviewed. Furthermore, the application of several state-of-the-art
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Al-based techniques, such as deep learning, transfer learning, ensemble learning, and
causal analysis, in the context of BGL prediction were discussed.

Given the promising performance of advanced Al techniques reported in the literature,
continued research into cutting-edge Al strategies for BGL prediction remains essential. In
particular, ensemble learning approaches that combine multiple base-learners and employ
diverse fusion mechanisms show potential to enhance model robustness and predictive
accuracy. Beyond accuracy, future ensemble frameworks should also quantify predictive
uncertainty from base-learner disagreement, since confidence-aware forecasts may be more
suitable for trustworthy clinical decision support. Similarly, deeper exploration of causal
inference methods, including the use of different causality detection approaches and the
integration of causal lag information as prior knowledge, may improve both interpretability
and predictive performance.

Another ongoing challenge lies in the selection and integration of input variables.
Identifying the most informative features, including carbohydrate, insulin, and PA, and
determining effective methods for incorporating them into predictive models, remains an
open research problem.

Based on the literature reviewed, several pragmatic recommendations can be drawn.
First, CGM-based prediction using routinely collected glucose, insulin, and meal-related in-
formation remains the most mature and clinically actionable paradigm for TIDM BGL fore-
casting. Second, when dataset size is limited and computational efficiency or interpretability
are important, strong traditional baselines such as SVR should not be overlooked, since they
can remain competitive with more complex models in benchmark comparisons [88,163].
Third, more complex deep learning, transfer learning, or ensemble approaches are best
justified when richer multivariate inputs, longer temporal dependencies, or uncertainty-
aware outputs can be exploited reliably. Finally, broader clinical translation will require
evaluation across sensing technologies and more prospective real-world validation settings.

While this review has primarily focused on data-driven and deep learning-based
approaches for blood glucose level prediction (BGLP), several other promising research
directions remain underexplored and warrant attention in future work. These include
exploring clinical trials that evaluate the real-world effectiveness of AI/ML-based BGLP
models; exploring computational efficiency of models to make them suitable for edge
computing devices or embedded chips; exploring mobile phone and wearable device
implementations; and investigating the leverage of emerging generative Al techniques
(e.g., GANS, transformers, and large language models) in BGL prediction. Integrating these
aspects in future research could significantly enhance the practicality, transparency, and
scalability of BGL prediction systems.
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