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ARTICLE INFO ABSTRACT

Keywords: The chronic metabolic condition, Type 1 diabetes mellitus (DM1), is marked by consistent hy-
Diabetes perglycemia due to the body’s inability to produce sufficient insulin. This necessitates the pa-
IoT

tient’s daily monitoring of blood glucose fluctuations to discern a trend and predict future
glycemia, subsequently dictating the amount of external insulin needed to regulate glycemia
effectively. However, this technique often grapples with a degree of inaccuracy, presenting po-
tential hazards. Nonetheless, contemporary advancements in information and communication
technologies (ICT) coupled with novel biological signal sensors offer a refreshing perspective for
DM1 management by enabling comprehensive, continual patient health evaluation. Herein,
burgeoning technological disruptions such as Big Data, the internet of medical things (IoMT),
cloud computing, and machine learning algorithms (ML) could serve pivotal roles in the effective
control of DM1. This paper delves into the exploration of the latest loMT-based methodologies for
the unbroken surveillance of DM1 management, facilitating a profound characterization of dia-
betic patients. The fusion of wearable technologies with machine learning strategies has the
potential to yield robust models for short-term blood glucose prediction. The ambition of this
study is to develop precise, individual-centric prediction models harnessing an array of pertinent
factors. The study applied modeling techniques to a comprehensive dataset comprising
glycaemia-associated biological attributes, sourced from an expansive passive monitoring
campaign involving 40 DM1 patients. Leveraging the Random Forest method, the resulting
models can predict glucose levels over a 30-min time span with an average error as minimal as
18.60 mg/dL for six-hour data and 26.21 mg/dL for a 45-minute prediction horizon, offering also
a good performance in the prediction delay.

Wearable trackers
Continuous glucose monitoring
Machine Learning

1. Introduction

Type 1 diabetes mellitus (DM1) is marked by high blood glucose levels, due to the body’s lack of ability to produce or utilize insulin,
caused by the autoimmune destruction of the insulin-producing cells in the pancreas. Individuals with DM1 require an insulin pump or
exogenous insulin injections, and constant monitoring of their glucose levels throughout the hours. Intelligent data analysis (IDA) can
assist in glycemia level modeling, thereby enhancing the ability of individuals with diabetes to manage their condition [1,2].

Advancements in the development of an artificial pancreas (AP) occurred 50 years after the initial efforts. It is believed that APs,
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still under development, will comprise a continuous glucose-monitoring (CGM) device and an injection system of insulin guided by a
mathematical model. The CGM device would monitor glucose levels in real-time, while the mathematical model would help to
maintain optimal glycemic balance [3-5].

Alternative systems to AP and CGM devices are also being explored, with researchers looking into 24-hour patient monitoring using
variables like heart rate, temperature, sleep quality, and physical activity. These systems could gather crucial health data to assist in
the development of effective glycemia treatments. Such systems, however, would require robust information and communication
technology (ICT) to manage the data collected effectively [6].

The internet of medical things (IoMT) suggests an appropriate framework for these systems, allowing data collection from various
sensors connected to a person with diabetes. Machine Learning algorithms in this [oMT environment could enhance the prediction of
hyper- or hypoglycemia situations. In a study, continuous data collection from 40 diabetic patients in real-life scenarios showed the
potential to predict glycemic evolution, crucial for managing DM1 [7].

Overall, the internet of things (IoT) presents significant promise for developing sophisticated and reliable model systems for DM1
monitoring. Cloud computing facilitates the use of data-intensive intelligent data methods, providing insights into blood sugar dis-
crepancies by analyzing extensive data collected from IoT connections.

The manuscript begins with an ’Introduction’ (Section 1) that outlines the subject matter. This leads to ’Section 2: Internet of
medical things (IoMT)’, which discusses the role of IoMT in healthcare. ’Section 3: Continuous glucose monitoring (CGM) and
commercial smart devices for DM1 monitoring’ then delves into the monitoring technologies for DM1. *Section 4: Variables related to
DM1 in the context of IoMT’ elucidates the key variables associated with DM1 within IoMT.

*Section 5: Connectivity and the communications environment” describes the networking requirements for IoMT solutions. ’Sec-
tion 6: Intelligent Data Analysis for DM1 Management and Modelling Methods’ presents data analysis techniques for managing DM1.

Main contributions are addressed in *Section 7 °, followed by a concrete monitoring campaign in ’Section 8’. *Section 9’ explicates
the methods, with 9.1’ detailing feature selection, and 9.2’ explaining the glucose level prediction methods.

Findings and interpretations are presented in *Section 10: Results and discussion’. Finally, *Section 11: Conclusions’ rounds off the
study by summarizing the main insights and proposing future research directions.

2. Internet of medical things (IoMT)

The internet of medical things (IoMT), consisting of interconnected medical equipment, allows remote collection, evaluation, and
transfer of medical data using automated sensors and machine learning (ML) for improved healthcare monitoring [8]. Such technology
reduces health costs and unnecessary hospital visits, with the potential to alert caregivers to anomalies in a patient’s health [9]. This
approach employs a network of sensing devices and intelligent platforms to record patient data, allowing medical staff to monitor
patients and respond appropriately based on the severity of their condition.

Different studies have looked into various aspects of IoMT. Moosavi [10] examined end-to-end solutions of security for healthcare
IoT, recommending updates to cryptographic key generation algorithms due to the limited memory, computing power, and bandwidth
of healthcare IoT sensors. An energy-optimized algorithm for a smartphone-based heart disease monitoring system was formulated by
Talpur et al. [11], where the severity of the data determined smartphone power management. Ali et al. [12] developed a system using
IoT to identify signs of depression and provide suitable assistance, suggesting a microservices model for system functions.

In the realm of disease diagnosis and monitoring, Romero et al. [13], regarding Parkinson’s disease, proposed using IoT to diagnose
and monitor, while Bajaj et al. [14] investigated heart attack detection systems, and Hemalatha et al. [15] presented a novel method
for identifying and quantifying frequent coughs. Matar et al. [16] introduced a technique for posture monitoring through body
pressure distribution on mattresses, leveraging supervised learning SVM.

Other studies explored the interaction between IoT and emerging technologies. Magsi et al. [17] discussed the integration of 5 G
with IoT, focusing on how 5 G could enhance IoT healthcare diagnosis and treatment. Fan et al. [18] considered RFID systems based on
cloud technologies, proposing a lightweight authentication method to secure medical data from potential leaks.

Leveraging IoT-WSN to improve cancer treatment, Onasanya et al. [19] put forward an IoT-centric system for therapy and detection
of cancer., bolstered by business analytics and cloud services. Through the generation of patient data streams, these cloud services and
business analytics contribute to evidence-based decision-making.

3. Continuous glucose monitoring (CGM) and commercial smart devices for DM1 monitoring

The commencement of diabetes monitoring necessitates the selection of a continuous glucose monitoring (CGM) system. An
artificial pancreas (AP), an innovative approach to revolutionizing diabetes management, relies heavily on CGM, making it an
indispensable component [20]. CGM technology enables the comprehensive tracking of glucose fluctuations in terms of their
magnitude, trend, frequency, and duration, thereby contributing significantly to effective diabetes management. The power of the
MCG lies in its ability to generate glucose data points with a high rate, some models up to one data point per minute, equating to a
staggering 1440 values over a 24-hour period. The frequency of data acquisition significantly exceeds that of traditional fingerstick or
capillary blood glucose monitoring, which typically yields three to ten readings per day. Despite its advantages, it is crucial to
acknowledge that CGM may have potential limitations, such as random noise and transient sensitivity failure, as pointed out by
Kovatchev et al. [21].

To gage the accuracy of CGM devices, measures like the mean absolute relative difference (MARD) and Clarke error grid analysis
are employed [22]. The MARD, derived from the average discrepancy between CGM readings and actual glucose values, is an effective
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indicator of device accuracy. Lower MARD values correspond to reduced average error, thus increasing the reliability of the CGM
device. The most accurate CGM systems generally exhibit a MARD of 6-8 %.

With the advancements in smart device technology, there has been a significant shift in monitoring practices. The advent of
smartphones, in particular, has been transformative, boasting unprecedented versatility in the realm of health monitoring. These
devices have the ability to host software responsible for various functionalities, encompassing elements of solution optimization,
process control, system dynamics, and glucose prediction. Their extensive connectivity, ranging from 4 G, Bluetooth, and WiFi to NFC
and Ant+, facilitates CGM data collection and interaction with insulin pumps, thereby diversifying user options. Smartphones also
allow data transfer to cloud storage, enable emergency calls, and facilitate software updates. Furthermore, they can measure physical
activity through built-in accelerometers, gyroscopes, and pedometers, and some even estimate heart rate and ambient temperature,
albeit with considerable error.

The potential of GPS technology in patient monitoring has also been explored, with studies conducted by Place et al. [23] and
others investigating the feasibility of tracking patient movement from various locations and transmitting emergency calls using GPS
coordinates [24]. It’s imperative to underscore, nonetheless, that smartphones fall under the classification of non-medical devices and
carry a high risk (Class III), require a reliable controller application to avoid interference with other apps, prevent battery discharge,
and manage connection issues, as Rigla suggests [25].

Advancements in electronics have led to the miniaturization and improvement of biometric devices, allowing continuous moni-
toring of vital signs such as heart rate and exercise levels that influence blood glucose balance. Modern wearable technologies, like
smart bands, have simplified the collection of day-long data, providing valuable insights into patient health [26]. Although these
devices are limited by factors such as size, battery life, and professional application, they offer the promise of accurate data collection,
enhanced by their Bluetooth connectivity [27].

Innovative technologies like accelerometers, electrocardiograms, thermistors, etc., have been trialed in isolation but have yet to be
integrated into DM1 management systems. They have been used alongside CGM to explore the relationship between glycemia and
other physiological parameters and predict blood glucose levels. The future of DM1 management thus holds immense potential, resting
on the integration and synergistic functioning of these diverse devices.

4. Variables related to DM1 in the context of IoMT

The management of Type 1 diabetes mellitus (DM1) hinges on monitoring various biosignals that impact blood glucose levels, or
glycemia. While current DM1 management systems often focus primarily on glycemia, insulin, and meal estimations, there are
multiple variables that can influence glucose levels and thus warrant inclusion [28].

e The key variable in DM1 management is glycemia, representing the patient’s blood glucose level. Contemporary continuous

glucose monitoring (CGM) systems provide precise and frequent sampling, thus supplying valuable data for a continuous control

algorithm [29]. This focus on glycemia is reinforced by the fact that some studies use only previous glycemia data for their analyses,

indicating its importance [30].

Insulin is another crucial variable that influences glycemia. The amount of insulin administered by the patient dictates the hy-

poglycemic response and understanding this variable aids in DM1 management.

Exercise is a significant variable as it can affect glucose and insulin levels. Exercise increases the permeability of cellular barriers,

leading to efficient glucose entry into cells and faster insulin usage [31]. This process can potentially result in hypoglycemia and

insulin reduction. Regular exercise has a balancing effect on blood sugar and can decrease insulin needs [32].

Food intake also impacts blood glucose levels. The absorption rates of fats, proteins, and carbohydrates vary, affecting how quickly

glucose levels rise [33]. Furthermore, the digestion and absorption of food can increase blood sugar, necessitating accurate meal

and carbohydrate counting for proper DM1 management. Factors such as the type of macronutrient consumed also play a role, as

some can slow glucose absorption or reduce insulin sensitivity [34,35].

Stress and sleep quality are variables that can significantly impact glycemia. Stress hormones can cause hyperglycemia [36], and

poor sleep can alter glucose metabolism and insulin resistance, leading to increased blood glucose levels [37].

Physiological variables such as heart rate and body temperature can serve as indicators of glycemic fluctuations. Elevated heart rate

can indicate exercise or stress [38], both of which affect glycemia.

Similarly, hypoglycemia can lower body temperature [39], while conditions like hyperthermia and hypothermia may cause hy-

perglycemia [40,41].

e Hypoglycemia can also trigger sweating [42], and blood pressure changes may signify poor glycemic management [43]. Moni-
toring these biosignals, along with keeping track of daily schedules [44], helps facilitate system prediction, thereby improving DM1
management.

The customization of treatment solutions can be enhanced by considering variables like age, sex, height, weight, and BMI.
Additionally, other patient characteristics, settings, and concurrent conditions can impact glucose levels. Particular attention must be
given to situations like pregnancy in women [45] and the presence of mental illnesses [46]. Other concurrent disorders, specifically
those linked to diabetes like cardiovascular and renal impairment [47], diabetic foot, retinopathy [48], need to be considered and
incorporated into a coordinated strategy.

Mental health plays a pivotal role in diabetes management, providing a critical link between mind and body wellness. Chronic
stress, which can be exacerbated by high environmental noise levels [49], has been demonstrated to trigger a cascade of physiological
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responses that may disrupt glucose metabolism, leading to poor glycemic control. It is, therefore, essential to consider not only physical
factors but also psychological ones, such as stress and the overall mental wellbeing that can be now measured using wearables [50],
when devising a comprehensive approach for diabetes management. Incorporating mental health considerations could significantly
enhance the efficacy of diabetes care, thereby improving patient outcomes and quality of life.

In summary, while glycemia remains the central variable in DM1 management, a multitude of other variables exert influence on it.
A comprehensive approach, which includes continuous monitoring and individual customization, can provide more accurate infor-
mation and allow for a more effective, tailored diabetes treatment. This approach necessitates a focus on non-invasively assessed
variables, supporting the advancement of the current state of DM1 management.

5. Connectivity and the communications environment

The emergence of continuous biometric sensors necessitates compatibility between clinical devices, management platforms, and
healthcare digital records for effective data exchange. This is facilitated by Health Level 7 (HL7) [77], a standard ensuring real-time
clinical data transfer. Technologies like mobile access to health information (MAHI) [78] and Wireless Sensor Networks provide initial
connectivity between diabetic patients and healthcare professionals, although they lack real-time communication capabilities.

Data capture, crucial for Internet of Things (IoT) healthcare systems, employs Wireless Body Area Networks (WBANSs) and envi-
ronmental sensors [81]. WBANs are regulated by the IEEE 802.15.6 standard, ensuring reliable, low-power, short-range communi-
cation. Various WBAN and wireless personal area network (WPAN) protocols, including ZigBee, Bluetooth Low Energy (BLE), and
WiFi, are utilized for numerous applications, transmitting sensor data for collection and analysis.

6. Intelligent data analysis for DM1 management and modelling methods

The amalgamation of wearable technology and machine learning algorithms is at the helm of innovation, playing a pivotal role in
enhancing patient safety and self-management in Type 1 diabetes mellitus (DM1) through glycemia prediction. Various studies have
highlighted the potential of different methodologies in leveraging this technology to predict glycemia accurately, including the new
wearables [51].

Bent et al. [52] ignited the exploration of non-invasive methods by utilizing wearable devices to estimate hemoglobin Alc (HbAlc)
and glucose variability. They demonstrated significant correlations with continuous glucose monitor (CGM) measurements by using
machine learning models developed based on skin temperature, electrodermal activity, heart rate, and accelerometry [52]. Zhu et al.
[53] extended this initiative by integrating data from CGM, meal, and bolus insulin entries with a clinically validated wearable sensor
wristband into a smartphone-based platform named ARISES. The platform, armed with deep learning algorithms, exhibited an average
RMSE of 35.28 +/- 5.77 mg/dL in predicting glucose levels and hypo- and hyperglycemia [53].

D’Antoni et al. [54] implemented a minimalist neural network approach that only required past glucose values for predicting future
glycemic levels. Despite its simplicity, it outperformed other glucose level prediction models, particularly in terms of RMSE, setting a
benchmark for models that prioritize computational efficiency without compromising accuracy [54].

Mosquera-Lopez et al. [55] and Mayo, Chepulis, and Paul [56] honed in on support vector regression (SVR) for prediction, training
their model on continuous glucose measurements and insulin data. Impressively, Mosquera-Lopez et al.’s model achieved 94.1 %
sensitivity in predicting nocturnal hypoglycemia [55], while Mayo et al.’s model proved optimal for forecasting blood glucose levels
within the normal and hyperglycemic ranges [56].

Zhang et al. [57] emphasized the power of regression models in predicting long-term horizons, displaying robust performance and
lower computational costs. The utility of these models offered a counterpoint to models focused on shorter prediction horizons such as
the GluNet model by Li et al. [58]. The latter, a deep neural network model, showed remarkable accuracy in short-term (30-60 min)
predictions, aiding immediate decision-making processes pertaining to insulin dosing [58].

On the clinical front, Katayama et al. [59] reported that sensor-augmented pump therapy with predictive low glucose management
(PLGM) significantly reduced hypoglycemic events in Japanese patients with DM1 [59]. At the same time, Alfian et al. [60] proposed
systems that utilized processing real-time data and utilizing sensors based on BLE for diabetic patients, demonstrating the evolving
integration of technologies for real-time monitoring and early prediction of diabetes and blood glucose levels [60].

In recent research advancements concerning the prediction of glycemic levels in DM1 patients, D’ Antoni et al. [61] presented a
layered meta-learning approach predicated on multi-expert systems exclusively utilizing continuous glucose monitoring data. This
sophisticated approach, composed of three specialized deep neural networks predicting hypoglycemia, hyperglycemia, or euglycemia,
subsequently passes its output to a meta-learner for a final classification. Remarkably, this model showcased superior performance,
anticipating hypoglycemic and hyperglycemic events with significant time gains and minimizing false positives. The flexibility of this
method is evidenced as it can effectively adapt to new patient cohorts by merely training the meta-learner with limited data, aiming to
optimize insulin therapy adjustments and dietary intakes, ultimately enhancing patient self-management and reducing complications.
Concurrently, Quan et al. [62] offered an Al-based system specializing in low-periodic blood glucose environments, utilizing the Long
Short-Term Memory (LSTM) network for time series data. Demonstrating a capability to predict hypoglycemia occurrences with
approximately 80 % accuracy after a 30-minute window, the study further highlighted the enhancement in prediction accuracy by
alternately performing learning and inference. Collectively, these contributions underscore the potential of advanced machine
learning techniques in refining glucose level predictions, substantiating their crucial role in bettering diabetic patient care and
management.

Integrating IoT paradigms has also seen significant focus in managing and evaluating biosensor data. Intelligent analysis is applied
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to commonplace devices such as smartphones in numerous proposed models [63]. The transformation of vast amounts of data
observed in an IoT context into knowledge can be achieved through machine learning strategies. In particular, an Artificial Neural
Network (ANN), which replicates the nervous system’s functioning, can predict complex interactions in glucose metabolism com-
ponents [64].

Bayesian regularized neural networks (BRNNs) [65] were used in diabetes and shown to be more robust than BP nets. BRNNs can
eliminate cross-validation and make overtraining impossible due to Bayesian criteria for halting training, thereby dealing with the
overfitting problem [66]. Another study used an MLP with BP for online glucose prediction from CGM data, achieving an RMSE of 27
mg/dl with past 20-minute glucose measurements [67].

SVMs have also found significant use in the field. Khanam and Foo [m] leveraged SVM in their diabetes prediction model using the
PID dataset, contributing to early detection efforts. Moreover, SVM-based methods were also employed to predict hypoglycemia, with
EEG data and a Fuzzy SVM model were deployed, successfully predicting low glucose levels with a 75 % rate [68].

In sum, SVM, RF, and BRNN emerge as the most promising methods for glycemia prediction. SVM and SVR, in particular, have
shown their versatility across a range of studies [f][m][n] [68], providing consistent results in predicting glucose levels. RF’s strength
lies in its ability to handle large datasets with high dimensionality and irrelevant features, and BRNN’s Bayesian regularization
approach mitigates overfitting issues while preventing overtraining [65]. These attributes make SVM, RF, and BRNN instrumental in
the progression of more personalized and efficacious treatment strategies for DM1 patients.

The importance of predicting blood glucose levels at multiple forecast horizons (predictive horizon, PH) cannot be overstated in
managing diabetes. Short-term predictions, for example, those at 15 min, are essential to prevent rapid-onset hypoglycemia, which
could result from insulin over-administration. On the other hand, medium-term forecasts, such as those at 45 min, provide necessary
alerts to avert gradual glucose fluctuations including hyperglycemic and non-pronounced hypoglycemic episodes. Longer-term pre-
dictions guide the management of postprandial glucose spikes and aid the administration of slower-acting insulin. Furthermore, the
ability to predict at various PH enables the anticipation of the effect of lifestyle factors on future glucose levels, assisting in the
development of personalized diabetes management plans.

7. Contributions

The overarching landscape of healthcare has been dramatically revolutionized by the seamless integration of advanced information
technology paradigms, especially in the sphere of chronic diseases like DM1. This research delves deeply into this novel intersection,
crafting a blueprint for DM1 management that amalgamates the vast potentials of the IoMT with state-of-the-art machine learning
mechanisms. Each stride made in this research illuminates a pathway towards more efficient, personalized, and predictive healthcare,
making it indispensable for both academia and clinical applications. Below, we outline the seminal contributions offered by this study
in detail:

Novelty in DM1 Management: One of the standout accomplishments of this research lies in its avant-garde approach to DM1
management. By leveraging the IoMT in tandem with intricate machine learning algorithms, we’ve cultivated a mechanism that not
only monitors but predicts short-term glycemia dynamics with significant accuracy, a feat that stands in stark contrast to traditional
methodologies.

In-depth Characterization of DM1 Variables within IoMT: The research goes above and beyond by dissecting the multitude of
variables that play a role in DM1, especially within the IoMT environment. Traditional models might account for glucose con-
centrations and insulin dosages, but our approach broadens this horizon to encapsulate variables like patient’s physical activities
and dietary habits - elements previously underemphasized but now understood as crucial, thanks in part to the insights from our
work.

Cutting-Edge Data Collection Techniques: Grounding our research in empirical evidence, we've employed the Abbott Freestyle
Libre CGM sensor. This wearable represents the zenith of IoT devices designed for health applications, capturing continuous
glucose monitoring data. The scale of our data collection, encompassing 40 DM1 patients monitored over two weeks, provides a
comprehensive dataset, enabling nuanced analyses that are both broad in scope and granular in detail. This extensive dataset was
enriched with data collected from the Fitbit Charge 5 smart band.

Advanced Predictive Modeling: The cornerstone of our research is the development of a sophisticated machine learning model
tailored to the complexities of DM1. With the depth of data from our CGM devices, this model predicts blood glucose trajectories up
to half an hour in advance, a crucial window for DM1 patients. The precision showcased by our results reaffirms the model’s ef-
ficacy, and it sets a new benchmark in predictive healthcare.

Future directions: While our study offers considerable advancements in the DM1 management arena, we also recognize the journey
ahead. Our research postulates several intriguing future directions, informed by the potential to include a wider range of biological
and lifestyle determinants, iterative model enhancement using real-time patient feedback, and the tantalizing prospect of applying
similar methodologies to a myriad of other chronic diseases. These insights, especially when considered in light of the discussion on
prediction delay from earlier in our conversation, offer a rich tapestry of opportunities for subsequent research.

The elucidation of our empirical implementation involving 40 DM1 patients over a 14-day monitoring campaign and the resulting
insights stand testament to the viability and the transformative potential of the approach advocated in this research.
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8. Monitoring campaign

In validating our thesis, we launched an initial monitoring campaign focused on patients. This operation unfolded by implementing
an interconnected system equipped with a portable Abbott Freestyle Libre and a smartphone that was configured to transmit collected
data to a central hub for subsequent examination. This setup incorporated a CGM sensor with a local memory that can retain up to eight
hours of past data. The acquisition of the most recent measurements from the CGM apparatus is facilitated through the use of a secure,
NFC-enabled short-range wireless linkage, supported by software installed on the patient’s personal electronic device, such as a
smartphone or a tablet. Some devices, acting as NFC-Bluetooth transformers, can establish a connection with the Libre, ensuring a
consistent data transfer to the smartphone. The information is subsequently dispatched securely to a central database for additional
processing and generation of predictive models. Further insight into the information and communication technology (ICT) system
utilized for data collection can be found in [7].

Inserted beneath the skin, the CGM sensor exhibits the capability to evaluate blood glucose levels (reported in mg/dL) on a minute-
to-minute basis [69]. These readings, which display a mean absolute relative difference (MARD) of 11.4 % [70], offer an estimated
depiction of the authentic glucose concentrations in the blood, as per the manufacturer’s disclosure. The sensor’s sensitivity range is
broad, extending from 40 mg/dL (at which point it indicates "low") to 500 mg/dL (beyond which it merely represents "high"). There
exists a slight delay, approximately 5 to 10 min, between the CGM sensor data and the actual glucose levels in the patient’s blood-
stream [71]. It is worth noting that this time discrepancy can be effectively minimized, potentially down to six minutes, using
mathematical techniques [72]. The calibration period for the CGM sensor is relatively brief, lasting only a few hours [73], and the
sensor itself can function optimally for a period of fourteen days. The collection process culminated in a dataset consisting of 13,440 h
of data.

This comprehensive dataset was complemented with information gathered via the Fitbit Charge 5 smart band. Each participant was
outfitted with the device, which persistently recorded physical activity (step count), heart rate, and sleep duration. Despite the fact that
these apparatuses do not constitute specialized medical tools, they supply valuable data inputs while exerting minimal energy con-
sumption. An expanded overview of these devices is available on the manufacturer’s website.

This advanced technology was trialed with a cohort of 40 DM1 diabetics in 2021, in collaboration with local hospitals. The study
adhered to the guidelines of the Helsinki Declaration, with data privacy regulations strictly enforced to protect stored data. Clinical
characteristics of the participating patients are presented in Table 1. All participants were properly briefed on the nature of the study,
its implications, and data management, following which they provided their informed consent in accordance with national regulations.

Participants were required to have at least four years of familiarity with their disease process to ensure adequate engagement with
diabetic equipment such as glucose meters, insulin pumps, or CGM for effective blood glucose management. All participants were
proficient in the usage of the Abbott Freestyle Libre CGM sensor and had unrestricted access to their CGM data to enable informed
decision-making regarding glycemic control.

The overall DM1 management of the patients was commendable. All reported maintaining a healthy lifestyle with regular exercise,
at least three times per week. Additionally, they adhered to structured schedules, ensuring a largely consistent daily routine devoid of
unexpected disruptions.

During the passive monitoring period, patients were encouraged to maintain their regular routines and consume a balanced diet.
Throughout the monitoring phase, all patients were advised to abide strictly by their doctors’ recommendations. All participants
adopted a basal-bolus regimen, utilizing insulins with a flat action curve, such as Levemir or Tresiba, along with fast-acting insulins like
Humalog Lispro. The former supplies a basal dose for over 24 h, while the latter serves to counteract any spikes in blood glucose levels
resulting from meal consumption or other hyperglycemic triggers.

In this paper, we will critically evaluate and compare various methods of modeling glycemic oscillations. The following parameters,
gathered during our experimental phase, will be considered: Blood sugar levels, administration of insulin, meals, physical activity,
cardiac rhythm, and slumber duration. These parameters encapsulate historical and current values, ranging from past glycemia
measurements, insulin dosages, meals consumed, steps taken, heart rate values, and sleep status ("asleep" or "awake"). These values
were carefully collected from selected DM1 patients with sufficient experience in carbohydrate estimation.

Table 1

Information on the patients included in the trial.
Population Feature Value
Subjects (number) 40
Sex 24 men - 16 women
Population feature Median Min Max
Age (years) 22.53 18 56
Body mass index (BMI, kg/m2) 21.30 18.25 23.71
Duration of diabetes (years) 12 4 29
Insulin units per day 45 34 53

(fast insulin + slow insulin, median)

HbA1C (%) 6.7 6.1 7.8
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9. Methods
9.1. Features selection

As you add more features to the model, the model becomes more complex and may overfit the data. Some features can be noise and
potentially damage the model. If you remove these unimportant features, the model can be generalized better.

Variable selection is made using a voting-based approach based on the idea of using various techniques to select variables. When an
algorithm selects a variable, a vote is cast for that variable. In the end, the total number of votes for each variable is calculated, and
then the best variables are selected based on the votes (Fig. 1). This way, the best variables are selected with the least effort in variable
selection [74].

Once this process is completed, we select the best variables selected by each algorithm (voting). We count the total number of votes
and then perform a multicollinearity test for the selected variables.

Thus, in this voting strategy, different methods are used for feature selection. In this work, the following methods are used to select
important features:

Information value (IV) using weight of evidence (WOE): WOE indicates the predictive power of an independent variable concerning
the dependent variable [75]. It helps to convert a continuous independent variable into a set of groups or bins based on the
similarity of the distribution of the dependent variable, i.e., the number of events and non-events. WOE can handle outliers, deal
with missing values, and there is no need for dummy variables [76]:

E
WOE = In - Z¥ent e}
Non Event%
1V = Z[(Event% — Non Event%) * WOE] 2

If the IV statistic is higher than 0.3, then the predictor strongly correlates with the event/non-event likelihood ratio.

Variable importance with Random Forest/Extra trees classifier: tree-based estimators can be used to compute impurity-based
feature importance, which can be used to discard irrelevant features.

The standard method for computing variable importance is the mean decrease in impurity (or Gini importance [77]) mechanism: At
each split in each tree, the improvement in the splitting criterion is the measure of importance attributed to the splitting variable
and is accumulated over all trees in the forest for each variable separately. Similarly, this measure is comparable to the R2 in
regression on the training set.

Recursive Feature Elimination: given an external estimator (a linear regression model) that assigns weights to features, the goal of
recursive feature elimination (RFE) is to select features by recursively considering smaller and smaller feature sets [78]. First, the
estimator is trained on the initial set of features, and the importance of each feature is determined by a particular attribute (e.g.,
feature importance). Then, the least important features are removed from the current set of features. This procedure is repeated
recursively with the cleaned set until the desired number of features to be selected is finally reached.

Chi-square best variables: In this method, a statistical test known as chi-square (usually written as %2) is used to measure corre-
lations between the different features of a dataset and then detect multicollinearity between them. The basic idea of the chi-square
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test is to compare the dependent variable with each of the independent variables and determine whether they are related or not
[79].

The chi-square test for independence tests whether two variables are correlated or not. Ho (null hypothesis) assumes that the two
compared variables are independent, while H1 (alternative hypothesis) expects dependence. We set a=0.05, and a p-value of 0.05 or
greater is considered critical. Anything less means that the deviations are significant, and the tested hypothesis must be rejected.

9.2. Methods for glucose level prediction

The partitioning of collected data into input windows for the personalized prediction model is illustrated in Fig. 2. Every five
minutes, a singular reading was collected, sampling data from the CGM sensor. This sampled information was then utilized to construct
aretrospective sliding window (PSW), containing historical data spanning from 3 to 36 h. The quantity of data employed by the model
for prediction is governed by the PSW. Continuously, the model employed data from the sliding window to forecast glucose levels for
15, 30, and 45 min in advance at set prediction horizons (PH).

Time series cross-validation is a pivotal statistical technique in modeling, especially when data points have chronological or
sequential order, such as patient medical records. Its application in our study was both nuanced and tailored to the unique challenges
of DM1 data. Here, we elucidate the methodology with particular attention to our approach’s granularity and specificity. Time series
data fundamentally differ from cross-sectional data, mainly because of the inherent temporal structure. Thus, traditional cross-
validation techniques that randomly partition the data might disrupt this order, leading to potential information leakage where
future information might inadvertently be used to predict past events. This is especially problematic for our study, where DM1 patient
data evolves over time, and each data point potentially influences subsequent ones. In our work, the dataset for each patient was
divided into three distinct sets: training, validation, and test, with a split ratio of 70-20-10 % respectively. To clarify:

e Training Set (70 % of data): This portion of the data was used for model learning. The model internalized patterns, trends, and
relationships in this data subset to make predictions.

e Validation Set (20 % of data): After training the model, we utilized the validation set to tune hyperparameters and optimize the
model’s performance, according to Table 2. This iterative process ensures that the model generalizes well to new, unseen data while
preventing overfitting.

e Test Set (10 % of data): Once the model was refined using the validation set, it was evaluated on the test set, which it hadn’t seen
before. This assessment provides an unbiased performance metric, offering insights into the model’s real-world efficacy.
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Fig. 2. Cross-validation and time series analysis using a slide window.

Table 2
Hyper-tunning parameters.
Algorithm Parameter Range
Random forest (RF) Max depth 10 to 70
Min samples leaf 1to4
Min samples split 2to 10
n estimators 200 to 1200
Support vector machines (SVM) C 0.1 to 1000
gamma 1 to 0.0001
kernel ‘rbf*
Bayesian regularized Hidden layers 1
Neural networks (BRNN) Dense layer size 50-350
Optimizer ‘adam’
Learning rate 0.1 to 0.001
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The sliding window is a cornerstone of our TSCV strategy. At each iteration of the validation:

A fixed-size segment of the training data (the window) was used to train the model. The model was then validated on the next
consecutive data segment, ensuring temporal integrity. The sliding window operates as described. Every time a new CGM value is
received, the training dataset is restructured by deleting the oldest observation, shifting all values up by one place, and then inserting
the newly arrived value as the newest value. Consequently, the size of the dataset and the order of the observations are always
maintained. The window then "slides" forward, including the validation segment into the training data for the next iteration. For
instance, in the first iteration, the model might be trained on the first 60 % of the training data and validated on the subsequent 10 %. In
the next iteration, it’s trained on the first 70 % (including the previous validation set) and validated on the next 10 %. This method
ensures that every data point serves as both training and validation data at different iterations, bolstering the model’s robustness.

It’s paramount to mention that our models are patient-specific. Given the heterogeneity in DM1 manifestations, a model built for
one patient might not perform optimally for another. This individualized modeling approach ensures the highest degree of accuracy as
it tailors to the unique data characteristics of each patient.

The prediction methodologies for glucose levels examined in this study include the following:

Random Forest (RF): Regarded for its versatility and minimal processing resource requirements, RF is one such approach. RF, a
Bagging technique, is employed by various algorithms and is distinguished by its iterative sampling of data points, thereby facilitating
the creation of diverse training subsets originating from the same training data [80]. Subsequent to the formation of each training
subset, decision trees are created, culminating in an ensemble. The ultimate determination of an incoming data instance’s class label
hinges upon the collective vote cast by each tree.

Support Vector Regression (SVR): Recognized as dual learning algorithms, SVRs process instances solely by calculating their dot
products. This process can be effectively executed through a kernel function, without the necessity to iterate across all pertinent
features [81]. Armed with the kernel function, the Support Vector Machine (SVM) learner endeavors to pinpoint a hyperplane that
distinctly separates positive from negative samples, defining a margin. The method stands out for its resistance to overfitting and its
powerful generalization performance, owing to the maximum-margin criteria employed in the optimization process. Further
enhancing its effectiveness, SVR takes advantage of an appropriate convex optimization formulation, thereby ensuring its ultimate
convergence to a global optimum.

Bayesian Regularized Neural Networks (BRNN): these neural networks are more robust than standard backpropagation networks and
can reduce or eliminate the need for tedious cross-validation. Bayesian regularization is a mathematical process that converts a
nonlinear regression into a "well-posed" statistical problem in the manner of a ridge regression. The advantage of BRNNs is that the
models are robust, and the validation process plays a minor role. It is difficult to overtrain them because evidence procedures provide
an objective Bayesian criterion for terminating training. Overfitting is also difficult because BRNN computes and trains a set of
effective network parameters or weights, effectively eliminating those that are not relevant.

9.3. The measure of predictive performance

Prediction Error: The root mean square error (RMSE) is the metric of choice for gaging the accuracy of predictions in our analysis.
This metric is widely recognized and frequently applied to assess prediction performance in relevant scholarly literature. Eq. (3)
describes RMSE for a time series where we predict blood glucose levels, if we have N prediction points and y; is the actual blood glucose
value at time t; and y; is the value predicted by the model.

RMSE = i =) 3)

Prediction Delay: defined as minimum time-shift between the predicted and observed signals. We consider positive (upward) and
negative (downward) trends. Given a predictive horizon PH, suppose at time t, we predict that the glucose level will reach a certain
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value y' at time t+PH. However, the actual time at which the glucose level reaches y' is t+PH-+At. Therefore, the Prediction delay At can
be defined as:

At =ty — (t+ PH) (€))]

Where ty.qq is the actual time the glucose level reaches the predicted value y’ and t+PH is the time we initially predicted the glucose
level would reach y. Fig. 3 shows the different metrics to evaluate the performance of the forecasting algorithm.
The following actions were taken in order to develop suitable models:

Transformation: The transformation process was a key step in model development. In this stage, all identified parameters were
reconfigured to act as input data for our models. Factors such as frequency of changes in each parameter and its historical values
could potentially serve as these representative features.

Normalization: Once transformation was completed, normalization was undertaken. The aim of this stage was to ensure that all
values fall within a standard range, namely the interval [0, 1]. This is an essential step in data preparation as it brings all data onto a
common scale without distorting differences in ranges of values or losing information.

Evaluating Metrics: For model evaluation, multiple metrics were employed.

The root-mean-square error (RMSE) provided an estimate of the average error magnitude, offering a quantitative measure of model
accuracy.

The Prediction Delay metric, which is defined as the minimum time-shift between the predicted and observed signals, was also used
to assess the model’s predictive speed.

Validation Method: The reliability and robustness of the models were further tested using a 10-fold cross-validation method, which
was performed five times on the training dataset. This validation method is widely used as it provides a comprehensive assessment
of model performance and generalizability.

Test: The final step was the execution of tests, intended to verify the model’s performance and its predictive capability under
various scenarios. These tests were essential to assess the overall effectiveness of the developed models.

10. Results and discussion

Fig. 4 shows an example of the prediction process. By choosing a PSW, the biomedical data contained in that time window are
collected, and with them and by means of a model, future glycemia is predicted at a predictive horizon (PH). The figure, constructed
with real data, shows a PSW = 6 h and a PH of 45 min.

We investigate the accuracy with which future glucose levels may be predicted. The findings expressed in the root mean square
error (RMSE) between planned and actual measured values are shown in Fig. 5. First, we note that the prediction error for all created
patient models rises as the prediction horizon (PH) lengthens, which makes sense since the gathered data travel more and further away
from the prediction horizon. 45 min could be adequate to evaluate the trend of glucose levels.

The importance of previous data volume in accurately forecasting future glucose levels will next be investigated. It is believed that
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Fig. 5. RMSE expressed in mg/dL: RF, SVM, and BRNN using past sliding window lengths (PSWs) of 3, 6, 9, 12 h; predictive horizons (PHs) in
minutes, 15, 30, and 45.

increasing the quantity of previous data would enhance the forecast’s ultimate precision. The preceding data window size assists the
model in capturing the temporal component of the time series. Using previous windows (PSW), we trained patient models using data
from the prior 3, 6, 9, and 12 h. In this experiment, samples are taken every five minutes, and the prediction horizons are 15, 30, and
45 min.

Taking into account the different PSW sizes and the quantity of historical data necessary for accurate prediction, the findings
indicate that all available person-centric models present a minimum RMSE in a 6-hour window length. When it is first raised the
amount of historic data from 3 to 6 h, prediction accuracy increased. However, increasing the window size has a detrimental impact on

Upward delay Downward delay
25 25
E=RF CIRF
20 | 1 svM 20 | 1 svm
I BRNN . BRNN
16.87 17.02
< 151 < 151 15.64
S 13.02 S
< - < 13.39)
> 11.87 > 12.31
& &
& 10 .40 & 10 1064
7.51
6.98
7.02
5.97
5 1 [ ] 5 5.34
373 3.20
2.16 4.04
0 } r . ’ . T ’ T r 0 T T T . T . . T .
PH15 PH30 PH45 PH15. PH30. PH45. PH15' PH30' PH45' PH15 PH30 PH45 PH15. PH30. PH45. PH15' PH30' PH45'

Fig. 6. Prediction delay expressed in minutes: random forest RF, SVM, and BRNN using past sliding window fixed in 6 h; predictive horizons (PHs)
in minutes, 15, 30, and 45.
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performance generally. The RMSE was greater for a 9-hour window than for a 3-hour timeframe. Any increase in the quantity of
previous data reduces the acquired precision.

It is demonstrated by the evidence observed in experiments that, unrelatedly of the method used to create the models and for every
forecast horizon, there is a boundary (6 h) that shifts backwards when considering past data to improve forecast accuracy; thus, there is
an optimal value after which former data become irrelevant and reduce forecast accuracy. Prior research has linked the notion of
circadian cycles [82] with the daily morning, afternoon, and evening time windows to establish this essential hierarchy.

Regarding the performance of the three distinct methods utilized to build person-centric models, the findings point that the RF
technique is the most precise, giving high-quality forecasts for all PSWs and PHs investigated. Moreover, RF has a less significant
standard deviation, indicating hence it is less dependent on the unique characteristics of each patient. We must believe that every
subject’s performance is influenced by their habits and characteristics.

Utilizing a constant desilting window of six hours, delays in prediction (both upward and downward) were assessed across various
predictive horizons, as delineated in Fig. 6. The analysis reveals that the RF model exhibits superior performance in terms of both
upward and downward times, aligning with the RMSE accuracy results previously examined. In the context of hyperglycemia pre-
diction, the prediction error—or delay—is tolerable even at the longest predictive horizon when employing the BRNN.

It is essential to acknowledge that the implications of blood glucose levels exceeding the normal range are not as immediately
perilous as their decrease; thus, there is a broader window for intervention. Conversely, the hypoglycemic interval is narrower and
adjacent to euglycemia, necessitating swift action due to its instant impact on the patient’s wellbeing. This factor accentuates the
criticality of the downward delay over the upward delay and consequently influences the selection of the predictive method.

In this scenario, the outcomes are acceptable for predictive horizons extending up to 30 min, exclusively for the RF model.
Nevertheless, the 45-minute predictive horizon results employing the BRNN model verge on potentially hazardous values.
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Fig. 7. Parkes grid forecasting performance. RF (algorithm), 6 h (PSW).
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Remarkably, both models demonstrate swifter responses to increasing slopes compared to decreasing ones. The physiological
characteristics typically cause faster escalation in trends than their reductions, and the shifts from ascent to descent are generally more
pronounced than the inverse. Consequently, this causes both models to excessively extend beyond the peak in areas transitioning from
an increase to a decrease, subsequently influencing the following downward phase. As such, there’s a noticeable lag in the models as
they cross the threshold during the ensuing decrease, a result of the initial overextension.

In order to evaluate more accurately, from the DM1 point of view, the performance of the RF algorithm, we are going to present the
prediction results according to the so-called Parkes Grid [83]. The Parkes error grid was published in 2000 based on a survey of 100
physician attendees at the June 1994 American Diabetes Meeting. This metric has been intended for use in assessing clinical accuracy
of blood glucose (BG) meters for patient self-measurement.

The grid is divided into 5 zones ranging from —20 % to +20 % in relation to the reference values, taking into account the direction
and magnitude of the error.

Here’s a brief overview of what each zone represents:

Zone A: This zone encompasses values within 20 % of the reference value. The device’s readings in this region are considered
clinically accurate, and the treatment based on these readings would be appropriate.

e Zone B: This region represents readings that deviate by more than 20 % from the reference value but would still lead to benign or no
treatment errors.

Zone C: In this zone, readings could lead to an overcorrection of a hypo- or hyperglycemic event, which could potentially pose a
moderate risk to the patient.

Zone D: This zone represents values that would result in a failure to detect and treat hypoglycemia or hyperglycemia. The values in
this region pose significant risk.

Zone E: This zone is the most dangerous one and represents values that would confuse the treatment of hypoglycemia for hyper-
glycemia, and vice versa, posing severe risk.

Overall, the goal of glucose monitoring technologies is to have most of their readings fall within zones A and B, and minimize the
values in zones C, D, and E.

By developing this new grid, the authors intended to provide an alternative to the original Clarke error grid, which was originally
developed as a teaching tool rather than a BG meter clinical accuracy assessment tool and had been criticized for the placement of its
risk boundaries. In our case, it will be used as a measure of the validity of the prediction, comparing it with the actual measurement
obtained by the CGM for the predicted time.

Fig. 7 shows the results obtained for the different predictive horizons. We can see that for 15 and 30 min practically all the pre-
dictions are in zone A (clinically accurate measurements, no effect on clinical action), and in the case of 45 min only a part of the
predictions are in zone B (altered clinical action, little or no effect on clinical outcome). The incursion into zone C is minimal for this PH
(altered clinical action, likely to affect clinical outcome) and there are no results in zone D and E (altered clinical action, could have
significant/dangerous clinical risk).

Before the prediction phase, a variable selection was made, as described in Section 9.1. Once we have decided that the best per-
formance is achieved with RF for a PSW of 6 h, we will discuss the results of the variable selection ranking for that algorithm and that
historical data. Fig. 8 depicts the ranking obtained. In any case, with other selections, the ranking obtained is broadly similar.

Initiating with glycaemia, our principal variable, we initially delve into it as an isolated feature. Subsequently, it functions as a
predictive model’s anticipated characteristic and an input parameter, incorporating historical data. In terms of significance, glycaemia
holds the topmost position. Although there are some autoregressive models which only take into account glycaemia and the preceding
half-hour [84], these choices lack adequate explanation. It’s imperative to acknowledge that this feature somewhat embodies several
other conditions potentially impacting glycaemia; hence the previous six hours can be interpreted as a condensed version of significant
past events.
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Next in the order of importance is insulin, closely followed by meal intake. It’s notable that insulin exhibits a smaller standard
deviation, given that its behavior is generally more consistent across individuals. Rapid-acting insulin, or boluses, mainly exhibit
activity for approximately two and a half hours, peaking at 90 min [85]. However, evidence suggests a prolonged residual effect. The
term "Insulin on Board" frequently surfaces in scientific literature, referring to the amount of insulin currently active in the body. This
comprises basal insulin and remaining rapid insulin, both of which can have a low-intensity (yet detectable) effect for several hours. An
exceptional influence has been observed for insulin active since the past eight hours [86], though other research indicates an acting
range of five to eight hours [87].

Our third significant variable is meal intake, which appears to vary greatly between individuals. This aligns logically with the idea
that individual dietary intake and metabolism diversely impact food absorption. For instance, meals rich in fat tend to influence
glycaemia at a later stage [33,34], while fiber consumption can slow down the absorption of carbohydrates [88].

Exercise’s effect on glycemic progression is evaluated as it enhances glucose demand and insulin sensitivity. It exhibits a high
correlation with heart rate, suggesting that exercise data could be disregarded as it’s likely included within the heart rate time series.
However, this assumption warrants careful consideration and depends largely on the specific dataset, patients, and their habits. This
aligns with the sports impact literature [31], demonstrating high variability across various sports and intensity levels. Nonetheless, the
influence of exercise can persist up to 48 h later [89]. According to the data, individuals can be broadly categorized into those engaging
in high-to-moderate intensity sports and a smaller group participating in less intense physical activities.

Heart rate stands as the sixth variable. If a heart rate increase isn’t attributed to physical activity, it could be stress-induced [38].
Additionally, pulse variability may signal a hypoglycaemic episode [90], but heart rate responses tend to be extremely diverse among
individuals.

Lastly, sleep duration is incorporated as a feature. Given the connection between sleep deprivation and elevated hyperglycemic
stress hormones, we scrutinize the impact of sleep duration. Although its influence is minimal and varies widely from person to person,
sleep deprivation has been linked to insulin resistance [91], leading to hyperglycemia in diabetics.

Blood glucose levels, or glycemia, is the principal variable in managing Type 1 diabetes mellitus (DM1), serving as a reflection of
other influential variables and an essential predictor of its trajectory. Glycemia’s pivotal role derives from its direct relevance to the
disease’s core pathology - the body’s inability to regulate blood glucose levels.

New continuous glucose monitoring (CGM) systems offer robust data for glycemia, presenting the means for a continuous control
algorithm that informs clinical decisions in real-time. Other factors, such as insulin input, exercise, meals, stress, sleep quality, and
heart rate, can potentially impact glycemia, thereby underlying the need for their measurement or estimation. However, the com-
monality among these variables is their indirect effect on glycemia, reinforcing its centrality in DM1 management.

Importantly, the prediction of future glucose levels can be facilitated by previous glycemia data, particularly in auto-regressive
model approaches. This prediction value is heightened when considering the temporal nuances of DM1, such as insulin activity pe-
riods, exercise impacts, meal absorption rates, and stress-induced hyperglycemia. The ripple effects of these variables on glycemia
underscore its importance as a real-time gage of patient status and a foresight tool for disease progression.

Therefore, glycemia sits at the convergence point of these variables, reflecting their cumulative influence and providing an
insightful, accurate basis for predicting its future course, thereby reinforcing its fundamental significance in DM1 management.

It can be concluded that insulin and food are, to a certain extent, variables of primary importance, with exercise, heart rate and
sleep being secondary variables whose level of influence will be greater or lesser depending on the patient’s lifestyle. Glycemia, which
is the very variable we wish to predict, in a way encapsulates the information contained in all the others and is therefore the most
relevant. In any case, as shown in Fig. 8, the order of importance depends on the patient and his or her specific characteristics, which
reinforces the idea that these models must be specific to each individual.

The addition of more variables opens a debate as to whether to adopt a univariate/multivariate strategy. Within the myriad of
approaches available for glycaemia prediction, there’s a perennial debate between the efficacy of univariant methods, which rely
solely on past glycaemia, and multivariant ones, which incorporate a wider array of physiological parameters.

Deep learning models have recently underscored their capacity in forecasting glucose levels, achieving an accuracy marked by an
RMSE of 9.38+0.71 mg/dL over a 30-minute horizon [92]. In certain experimental frameworks, to mitigate computational overload,
univariant options are adopted, effectively simplifying the prediction algorithm. The seminal work by Palumbo et al. [93], involving
differential equations, though remarkable, diverges from the machine learning focus of this paper.

While there are undeniable advantages to univariant models in terms of computational efficiency, it’s often at the expense of
accuracy and richness of prediction. Pérez Gandia et al. [67], for instance, managed to predict glucose levels for 45 min using only
glycaemia data within an Artificial Neural Network. Despite its reasonable error level, this methodology demands vast amounts of
data, thereby extending training times and computational efforts. Such a narrow focus also amplifies the risk of overfitting.

In contrast, when we look at the work of Plis et al. [94], they utilized Autoregressive Integrated Moving Average (ARIMA) models,
observing diabetic patients over a period and achieving RMSEs of 22.9 and 42.2 mg/dl for 30 and 60-minute prediction horizons
respectively. When juxtaposed against Support Vector Machines (SVM) for the same dataset, RMSEs reduced to 19.6 and 35.7 mg/dl.
This enhancement in SVM’s performance can be attributed to the incorporation of other physiological features, hinting at the potential
of multivariant models. This is further illustrated by Hamdi et al. [81], whose algorithm, though intricate, yielded superior results
when blending past glycaemia values with SVM and Differential Evolution algorithms.

AR and ARIMA models have historically been the preferred choice for predictions based solely on past glycaemia. Woldaregay
et al.’s [95] study corroborates this, where an autoregressive (AR) model achieved an accuracy of 85.3 % and 66.2 % for 30 and
60-minute horizons, respectively.

Beyond the above methodologies, the Random Forest (RF) algorithm deserves a notable mention. Unlike traditional decision trees
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which are prone to overfitting, RF, an ensemble learning method, offers a remedy by constructing multiple decision trees. The
effectiveness of RF, particularly when contrasted with SVM, is evident in [96], where both demonstrated exceptional accuracy in
predicting hypoglycaemia.

BGL prediction models are multifaceted, encompassing physiological, hybrid, and data-driven models. Especially, machine
learning and classical time-series methodologies have been gaining traction [97,84]. For instance, Mirshekarian et al. [98] leveraged
both simulated and real TIDM datasets, introducing variables like skin conductance and heart rate, and found improvements in
prediction accuracy. In a similar exploration, Martinsson et al. [99] leaned on the Ohio T1DM dataset and RNN models, yielding an
RMSE of 18.867 + 1.794 mg/dl and 31.403 + 2.078 mg/dl for 30 and 60-minute horizons, respectively.

A comprehensive study by Xie and Wang [100], which encompassed a multitude of variables, positioned the ARX and Ridge
regression models at the forefront in terms of accuracy. Jeon et al.’s [101] research further accentuates the merit of multivariant
methods, revealing that an ensemble model derived from 19 physiological and monitoring variables outshined individual models. On
another front, Zhu et al. [92] championed the use of dilated RNNs, surpassing the performance of traditional models. Meanwhile,
Guemes et al. [102] effectively harnessed multiple parameters to alert T1DM patients of nocturnal adverse glycaemia.

In summary, while univariant models, with their singular focus on past glycaemia, offer computational simplicity, multivariant
models embrace a holistic approach, more accurate. By assimilating diverse physiological parameters, they deliver richer and more
accurate predictions, emphasizing their indispensable role in modern BGL forecasting.

11. Conclusions

As a result of technological advancement, our world is always experiencing tremendous changes. All of these technologies are
groundbreaking and life-improving in a variety of disciplines. New technology, such as CGMs and insulin pumps, have aided the quest
for comprehensive, thorough, and definitive diabetes management. Hence, science has progressed, and new systems are now
accessible.

In DM1 patients, glucose dynamics canbe unstable and they are affected by, among other things, insulin responses, nutrition, and
lifestyle.

In this sense, the amount of information that can be generated, can be appropriately collected in an IoMT environment. The current
connection systems lead to the existence of suitable proposals for data management. Only recently has it been possible to integrate, on
the one hand, the application of biosensors with the successful management of an enormous volume of data, as well as the generation
of knowledge from this data by means of machine learning applications. In the field of DM1, the application has proven to be
straightforward and suitable.

To produce an accurate forecast, it is vital to determine how much information about a person’s prior physiological state is
required. This article also examines the necessary amount to accurately forecast future blood glucose levels in diabetics.

Forty DM1 patients were passively observed for a maximum of fourteen days, resulting in the development of many glycemia-
related characteristics. Notably, the measured dataset comprises not only the CGM readings of a large number of people over an
extended period of time and in real-world scenarios, but also insulin, meals, and cleverly derived factors such as exercise, heart rate,
and sleep duration. These characteristics improve glycemia prediction. Using the Random Forest technique, the developed models can
forecast blood sugar levels in a 30-minute horizon presenting an average RMSE of 18.60 mg/dL for six-hour data and 26.21 mg/dL for a
45-minute prediction horizon. Other models can also accurately forecast the future.

As a limitation, the present study has taken into account the measurements of 40 diabetics, which may be a limitation given the
characteristics of the volunteers. Although our sample reflects a wide range of glycemic control, it is possible that patients who
experience very poor disease care may suffer from poor accuracy performance.

Our research reveals that the best accurate predictions are generated from historical data encompassing six hours. Adding more
data does not improve accuracy. In fact, the performance of all created forecasting models declines as the amount of past measures
grows across all horizons of forecast under analysis. Lastly, our analysis demonstrates that the most accurate and effective glucose
prediction models are those constructed using the RF approach.

The proposed method presents promising potential for future developments in the area of diabetes management and personalized
medicine. The primary area of interest for advancing this research is the refinement of the predictive models, focusing on exploiting the
power of machine learning techniques. With the advent of more sophisticated algorithms and increasing computational capabilities, it
would be worthwhile to explore more advanced techniques such as deep learning methods, which could capture intricate patterns and
relationships in the data more effectively.

For future study, it is crucial to expand our monitoring program beyond 14 days in order to assess the models’ validity over time. In
addition, contemporary prediction algorithms enable reliable forecasts of blood glucose levels for a particular prediction horizon. In
addition, the IoMT smart environment is expanding every day, so future proposals can certainly be made with other contributions in
this area.

Another future direction could involve expanding the range of biological and lifestyle variables considered by the model. While this
study focused on a select number of features, there are myriad other factors which could potentially influence blood glucose levels.
Incorporating additional parameters like stress levels, detailed dietary information, or even genetic data, could contribute to creating a
more holistic and accurate predictive model.

Also, the integration of real-time patient feedback and personalized model tuning could be investigated. The incorporation of a
patient feedback loop could provide the opportunity to fine-tune the model based on individual experiences and responses, increasing
its accuracy and reliability for the individual user.
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Finally, the application of this approach to other chronic diseases should be explored. The fundamental principles of continuous
monitoring, data analysis, and predictive modeling could be adapted and applied to a range of other conditions, thus extending the
reach and impact of this research.

These future developments could offer significant benefits to patients, healthcare providers, and the wider medical community, by
enabling more effective, personalized disease management strategies and improving patient outcomes.
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