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Middle-Aged and Elderly people today face a variety of health problems as a result of their 
modern lifestyle, which includes increased work stress, less physical activity, and altered food 
habits. Because of Complications arising, diabetes has become one of the most frequent, severe, 
and fatal illnesses around the world. Therefore, inaccurate measurements of blood glucose levels 
can seriously damage vital organs. Several strategies for long-term glucose prediction have been 
proposed in the literature. Unfortunately, these methods require the patient to identify their 
daily activities, which can be error-prone, such as meal intake, insulin injection, and emotional 
aspects. This paper suggests using continuous glucose monitoring (CGM) of 14733 patients, with 
three assistance factors to predict blood glucose levels independently of other parameters, hence 
reducing the burden on the patients. To support this an Artficial Neural Network (ANN), Binary 
Decision Tree (BDT), Linear Regression (LR), Boosting Regression Tree Ensemble (BSTE), Linear 
Regression with Stochastic Gradient Descent (LRSGD), Stepwise (SW), Support Vector Machine 
(SVM), and Gaussian process regression (GPR) were investigated. The result indicated that The 
highest classfication accuracy of (92.58%) has been achieved by BDT followed by BSTE (92.04%) 
and GPR (88.59%). The obtained average of root means square error (MSE) was 1.64, 1.67, 
1.69, mg/dL for prediction horizon (PH) respectively to GPR, BSTE, and ANN.

1. Introduction

As shown in a report published in 2017 by the International Diabetes Federation [1], there have been 537 million diabetics around 
the globe, with predictions that this number would rise to 783 million by the year 2045 [2]. Diabetes also contributes to ten percent of 
worldwide health spending (USD 760 billion) [3]. Diabetes Mellitus (DM) is a life-threatening, incurable health condition instigated 
by the inability of pancreas’ beta cells (cells) to produce enough functional insulin for the body to utilize, resulting in chronically 
high blood glucose levels [4]. The insulin-glucose-intake cycle is depicted in Fig. 1. There is a chronic course to the disease, as well 
as a disturbance of all types of metabolism.
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Fig. 1. The cycle of insulin on glucose intake [5]. 

The development of DM in patients has been linked to a number of variables. The current global increase in diabetes has been 
attributed to indolent routines, chubbiness, an absence of knowledge, and other variables [6]. There are three kinds of diabetes: 
gestational diabetes, diabetes mellitus of type-2 (T2D), and, diabetes mellitus of type-1 (T1D) [7,8].

Hypoglycemia occurs when the body generates too much insulin, causing low blood sugar concentrations. It is more common in 
patients with type-1 diabetes, but it can also happen in individuals with diabetes type who are on insulin or other medications. Low 
blood sugar can cause shakiness, hunger, a fast heart rate (tachycardia), and perspiration. Hypoglycemia symptoms occur progres

sively and may go overlooked at first, but they will become more deadly if left untreated.

Hyperglycemia occurs when glucose levels in the blood are elevated. It happens when the body doesn’t have sufficient insulin or 
can’t employ the insulin it has to convert glucose to energy. Hyperglycemia can cause fatigue, headaches, excessive urination, and 
extreme thirst. Over time, symptoms such as vomiting and diarrhea, breathlessness, and unconsciousness may appear.

Many patients are fearful of experiencing hypoglycemia (low blood sugar) and hyperglycemia (high blood sugar) which are 
categorized as: normal glycemia (the level of glucose is ≥ 70 mg/dL and <250 mg/dL), Hypoglycemia (the level of glucose is <
70 mg/dL), and Hyperglycemia (blood glucose is ≥ 250 mg/dL) [9]. More ways to diminish the hazard of hypoglycemia in diabetic 
patients have emerged as a result of recent advances in glucose monitoring and medication development [10]. As a result, for all 
people who have diabetes, Hypoglycemia and Hyperglycemia prediction [11] and early classfication [12] are essential.

Currently, current cutting-edge insulin delivery methods combine glycemic data from continuous glucose monitors (CGMs), that 
assess levels of glucose in the subcutaneous interstitial fluid, along with pumps of insulin that give short-acting insulin formulations. 
The latter technology’s use is contingent on the patient’s effort of data on diet quantities and carbs, insulin bolus dose, exercise, and so 
on [13]. In the recent decade, several statistical approaches for forecasting future glucose readings from CGM data have indeed been 
proposed, including dynamic hazard [14], stochastic models [15,16] auto-regressive models [17--19] dynamic state-space models, and 
control algorithms [20,21], neural network-based models [22,23], support vector regression models [24,25] and machine learning 
(ML)-based models [19,25,26].

Hypoglycemia and hyperglycemia must be predicted accurately using the previous records to receive proper treatment and prevent 
the condition from escalating to severe consequences. The goal of this research is to develop models that are based on machine 
learning that can precisely predict the likelihood of low blood sugar ``hypoglycemia'' and high blood sugar ``hyperglycemia'' based 
on sugar readings from the previous days. It also concentrates on predicting the protracted hazard of iatrogenic hypoglycemia and 
hyperglycemia using data from continuous glucose monitors.

The structure of the paper is organized as follows. A brief summary of published CGM prediction methods is presented in Section 2. 
The Methodology for predicting blood glucose levels is described in Section 3. Section 4 presents the Experimental setup. The result 
is discussed in section 5. Finally, the conclusions, Limitations, and future works are provided in Section 6, 7 and 8 respectively.

2. Glucose prediction algorithms: state of the art

One of the most essential areas for society to progress via scientific knowledge [27,28] and technologies [29--31] is health care. 
Machine learning (ML) and Deep learning (DL) approaches [32--35] are strong tools that augment classical machine learning by 
allowing computers to learn through data [36] to develop smarter apps, process health records and apply computer vision for medical 
images and genomics [37].

There have been numerous attempts to construct models for forecasting blood glucose levels in diabetics. Natural online use of CGM 
is the prevention of hypo/hyperglycemic episodes. Some projection methods were proposed a few years following the introduction 
of CGM sensors to create alerts when the actual trend of the glucose concentration prfile revealed that hypoglycemia was likely to 
occur within a short period. As an example, for such a scope, Choleau et al. [38] used a first-order linear extrapolation of the latest 
two/three glucose samples. A more complex strategy is to generate hypo/hyper warnings based on a glucose concentration forecast 
generated ahead of time from previous CGM data. Insulin pumps without and with integrated CGMs have been recommended to lower 
the risk of hypoglycemia, according to Johnson-Rabbett, and Seaquist [39]. In a three-month study, 247 experienced T1D patients 
of the pump were randomly allocated to a sensor-enhanced pump without or with low glucose suspend option, with the threshold 
suspend group having a 37.5% reduced mean area under the curve (AUC) for nocturnal hypoglycemia incidents. Nestoras et al. [40]. 
Researchers developed a model to predict the probability of iatrogenic hypoglycemia within 24 hours (the short-term risk) following 
each measurement of blood glucose (BG) throughout hospitalization. A data set of 54978 admissions of 35147 T1D patients from 
the biggest hospital was obtained and divided into a training set of 70% and a test set of 30%. Random Forest Classfication (RF), 

Heliyon 11 (2025) e41199 

2 



B. Alkalifah, M.T. Shaheen, J. Alotibi et al. 

Table 1
Memorization of previous works.

N0. Dataset Method Features Evaluation Results

[39] 14 T1D. AUC. 3 MAE = 37.5 mg/dl.

[40] 35147 T1D. RF, LR, naïve Bayes, and SGB. 9 ACC = 95% for (RF) model.

[41] 22 T1D. AR, and ARMA. 4 ACC = 90% .
[42] 10 T1D. NN. 4 RMSE = 44 mg/dl, MAPE = 22

[9] 11 T1D. SML - based algorithm 4 RMSE = 21 mg/dl, Acc= 93%.

[43] 130 US hospitals. LR, BDT, SVM, NN, and DF. 13 ACC = 76% for (BDT) model.

[44] 6,579 T1D. Xg Boost, RF, NN, and CRT. 14 RMSE = (5.4 mg/dl) for (Xg Boost) model.

[5] 12 T1D. SVM. 1 RMSE = 45 mg/d.

[45] 28 T1D. AR1 4 MSPE = 3.79 mg/d.

[46] 20 virtual and 9 real patients. NNLPA, NNPG, LR. 3 Real data: RMSE = 9.4 mg/dl and Virtual 
data: RMSE = 9.7 mg/dl, for (NNLPA) model.

multivariable logistic regression, naive Bayes, stochastic gradient boosting were all examined for their effectiveness in predicting the 
outcome. The results of the internal validation were better than those of the external validation. The model had a C statistic of 0.90 
(95 percent cofidence interval: 0.89--0.90), a positive predictive value of 0.09 (95 percent cofidence interval: 0.08--0.09).

Based on data acquired from monitoring 22 T1D patients over 48 hours, Eren-Oruklu et al. [41] built a model employing autore

gressive moving average (ARMA) models. The purpose of this work is to advance consistent subject-based glucose forecast models 
employing CGM data. The accuracy of the predictions is measured using the glucose forecast error and the Clarke Error Grid analysis 
(CG-EGA). The CG-EGA analysis produces 90% incorrect values. The quality and quantity of the training dataset for networks have 
a significant impact on the ANN prediction results.

To address this issue, Pappada et al. [42] introduced a real-time glucose prediction feed-forward neural network model (NNM) 
consisting of a feed-forward network of (9 hidden neurons) with tangent (sigmoid) activation functions and (1 output) with a linear 
transfer function. The model was tested on 10 T1D patients who were being monitored by the CGMS Gold (Medtronic, Northridge, 
CA), the NNM was trained using a collection of 23,432 vectors of CGM and computerized diary data. MSE 22.1 mg/dl and RMSE 
43.9 mg/dl were different percentages in NNM. The work of Yonit et al. [9]. SML analysis, based on a continuous glucose tracking 
system, boosted blood glucose concentration forecasting and future hypoglycemia and hyperglycemia occurrences (CGM). The data 
was acquired from 11 T1D individuals between the ages of 18 and 39 during a period of 7 to 50 days. The algorithm’s tailored 
solutions were successful in anticipating glucose concentration 30 minutes from the last check.

The true-positive-hypoglycemia-prediction-rate was 64 percent using the bes-fit model, while the false-positive-rate was 4.0 
percent and the false-negative-rate was 0.015 percent. The real rate of positive hyperglycemia prediction was 61%. SML tools that are 
state-of-the-art are successful in forecasting the glucose levels of people with type-1 diabetes and alerting them to future hypoglycemia 
and hyperglycemia episodes, thereby improving glycemic management. In Reid [43]. The dataset spans ten years (1999--2008) and 
includes 50 attributes and 101,766 occurrences from 130 US institutions. LR, BDT, SVM, NN, and DF are examples of predictive 
models. The performance of the models where a BDT got the best results was measured using metrics such as accuracy, recall, and 
AUC. The accuracy of hospital readmission is 86%, and the accuracy of diabetes diagnosis is 67%. To predict and improve performance 
after surgery, Akira et al. [44] built and evaluated machine learning and linear regression approaches, random Forest (RF), Extreme 
Gradient Boosting (Xg Boost), neural network (NN), regression trees and Classfication. A substantial perioperative dataset (6,579 
T1D patients) comprising patient- and surgery-specific information was utilized to train the model, with 5,265 (80%) being used for 
training and 1,314 (20%) being used for validation. The model with the best results, Xg Boost, was turned into a web tool called 
Hyper-G, which perioperative practitioners may use to anticipate peak glucose concentration during operations at the local clinic.

To develop a more reliable prediction compared to the cited works, a recent approach based on support vector regression (SVR) was 
proposed in Hamdi et al. [5] combining support vector regression with a differential evolution technique in a model The researcher 
recommends utilizing solely continuous glucose monitoring (CGM) data to predict blood glucose levels, regardless of other factors. The 
recommended technique is validated using real CGM data from 12 T1D patients. The root mean square error (RMSE) for prediction 
horizons (PH) 45 mg/dl.

Sparacino et al. (2010) [45] studied an AR-based model in a hospital setting. For 48 hours, 28 T1D participants were monitored 
every three minutes by the Glucoday, a noninvasive CGM device, to test if they could predict glucose concentration ahead of time. 
With a time window of 30 minutes, the results demonstrate that breaching the hypoglycemic threshold may be predicted 20--25 
minutes in advance. With the AR model, the performance of the algorithms was tested using both classic signals estimating indices 
and novel delay indices, and the MSPE was 3.79 mg/d.

Zecchin et al. (2012) [46] developed a classfier using a neural network model combined with a linear prediction algorithm (NN

LPA) and a first-order autoregressive model (NNPG). This model integrates historical CGM data with carbohydrate intake information. 
The prediction algorithm was tested on 20 virtual patients created using a type-1 diabetes simulator and on 9 real datasets from type-1 
diabetics monitored for 7 days with the Abbott FreeStyle NavigatorTM CGM sensor. The best RMSE for real data was 9.4 mg/dl over 
5 minutes, while for virtual data it was 9.7 mg/dl over 5 minutes. Table 1 summarizes the studies on predicting blood glucose levels 
using ML techniques.

Recent advancements in machine learning and data analysis have led to significant progress across various domains, enhancing 
our understanding and treatment of complex health issues. For instance, optimizing epileptic seizure recognition performance through 
feature scaling and dropout layers has shown promise in improving predictive accuracy [47]. Similarly, the acoustic detection of large
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Fig. 2. The utilized machine learning pipeline to process the blood glucose data. 

scale emergency vehicle sirens amidst road noise has highlighted the potential of machine learning in public safety applications [48]. 
In women’s health, revolutionizing core muscle analysis related to female sexual dysfunction through machine learning offers new 
insights into effective therapeutic strategies [49]. Additionally, utilizing convolutional neural networks to classify monkeypox skin 
lesions represents a critical step in dermatological diagnosis [50]. On the oncology front, harnessing machine learning to identify 
synergistic combinations of FDA-approved cancer drugs could pave the way for more effective treatment protocols (Singh et al., 
2023). Furthermore, optimizing disease classfication through language model analysis of symptoms provides a novel approach to 
enhancing diagnostic precision [51]. Research on predicting female pelvic tilt and lumbar angle in cases of urinary incontinence and 
sexual dysfunction underscores the intersection of biomechanics and machine learning [52]. Lastly, a machine learning framework 
for predicting Hepatitis C Virus outcomes has yielded valuable insights in a real-world case study conducted in Egypt, demonstrating 
the practical applications of these technologies in global health [53].

3. Methodology

Fig. 2 depicts the methodological framework used in this study, which comprises five major stages: data collection, pre-processing, 
feature reduction, model training, and model testing for blood glucose level prediction.

In the first stage, data collection, raw datasets are acquired. During the second stage, pre-processing, occurrences with non

available (NA) values are removed. The third stage, feature reduction, involves eliminating redundant variables to prevent ovefitting 
of the machine learning model. The fourth stage, model training, involves training the machine learning model with the prepared 
dataset. Finally, in the fifth stage, the trained model is tested to predict blood glucose levels.

3.1. Dataset

The dataset utilized in this study comprises records of individuals’ blood glucose levels alongside their supeficial body feature 
readings [54]. It includes 16,969 records of individuals of various ages, among which 16,641 are diabetic and 328 are non-diabetic. 
The dataset encompasses supeficial bodily parameters such as body temperature, heart rate, blood pressure, pulse oximetry (SPO2), 
sweating, and shivering. The primary objective of this dataset is to understand the impact of blood glucose levels on these supeficial 
body markers. Variations in blood glucose levels significantly ifluence these physiological parameters. The dataset is a combination 
of authentic and synthetic recordings [55]. True data were collected from diabetic patients using electronic devices to measure body 
temperature, heart rate, and blood pressure. Additionally, real records of diabetic patients were obtained through finger pricking 
or using flash glucose monitoring tools. For non-diabetic individuals, data were collected using electronic devices such as smart 
wristbands. Their synthetic blood glucose levels were calculated based on the average blood glucose level over five days, which 
showed minimal variance in non-diabetic patients.

3.2. Data pre-processing

The dataset underwent crucial pre-processing due to its collection from various monitoring devices. Initially comprising 16,969 
records, it was rfined and cleaned to 14,733 records, delineated into two categories: diabetic and non-diabetic

3.3. Feature reduction

3.3.1. Neighborhood component analysis

Numerous studies have shown that individuals with different traits exhibit varying discrimination abilities. However, simply 
utilizing the entire array of collected characteristics during the training phase often results in subpar sensitivity when estimating 
blood glucose levels. Some features may even have a detrimental effect on the accuracy of predictions. Therefore, it’s imperative to 
identify the key criteria that make a machine learning (ML) model effective. This typically involves investigating the suitability of 
each characteristic for the task of predicting blood glucose levels. Through methods like neighborhood component analysis (NCA), 
researchers can pinpoint the most relevant features that contribute to accurate glucose level estimations, as depicted in Fig. 3.
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Fig. 3. The feature weight of each investigated feature to predict the blood glucose level. 

Fig. 4. The percentage variability of each investigated feature to predict the blood glucose levels. 

3.3.2. Principle component analysis

In an optimal feature selection process, the goal is to gather a small number of attributes with high variance and minimal correlation 
among traits. Principal Components Analysis (PCA), as described by Pino et al. (2021), determines the most effective collection of 
characteristics. It generates a set of key components that are uncorrelated and compact in size, ordered by variance rank (where the 
first component exhibits more variation than the second, and so forth). In this study, PCA was employed to streamline the information 
set from nine features (Blood Glucose Level (BGL), body temperature, heart rate, blood pressure, Pulse oximetry, Sweating, Shivering, 
Diabetic/Non-Diabetic status, and age) down to just four features (Blood Glucose Level (BGL), body temperature, heart rate, and blood 
pressure). This reduction aimed to decrease complexity and mitigate the risk of ovefitting. The selected four elements encapsulate 
99 percent of the dataset’s variation. Fig. 4 illustrates the percentage variation of each of the nine criteria. It becomes evident that 
the first four attributes are closely associated with blood glucose readings, while the remaining attributes are deemed redundant.

3.4. Splitting data

To impartially evaluate machine learning models, data is typically split into training and testing subsets. An empirical study 
suggests that allocating 30% of the data for validation and testing, and the remaining 70% for training, yields the most accurate 
predictions. In line with this recommendation, the dataset was randomly divided using the devset function: 70% for training (10,313 
records), 15% for validation (2,010 records), and 15% for testing (2,010 records). This approach ensures that the model’s performance 
is assessed on data it hasn’t been exposed to during training, guaranteeing fairness in the analysis.

3.5. Regression analysis

Various regression models were employed to predict blood glucose levels, including Gaussian process regression (GPR), linear 
regression with stochastic gradient descent (LRSGD), boosting regression tree ensemble (BSTE), binary decision tree (BDT), linear 
regression (LR), stepwise (SW), artficial neural network (ANN), and support vector machine (SVM). The proposed artficial neural 
network (ANN) model, illustrated in Fig. 5, utilized a feed-forward architecture. It underwent training using the Levenberg-Marquardt 
training method and the log transfer function. This model comprises one input layer with three neurons, a single hidden layer with ten 
neurons employing tangent (ReLU) activation functions, and one output layer with a linear transfer function. This research presents 
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Fig. 5. The structure of the neural network in MATLAB. 

a real-time glucose prediction feed-forward neural network model (NNM), designed specifically for accurate blood glucose level 
prediction.

The paper presents a feed-forward neural network (ANN) designed for predicting blood glucose levels. It features a simple archi

tecture with an input layer (3 neurons), a single hidden layer (10 neurons) using ReLU activation for feature extraction, and an output 
layer (1 neuron) with linear activation for continuous prediction. The Levenberg-Marquardt training method is employed, supported 
by a log transfer function for preprocessing. This design emphasizes simplicity, effectiveness in handling nonlinear relationships, and 
suitability for real-time glucose prediction, rflecting a balance between model complexity and computational efficiency tailored to 
the task at hand.

4. Experimental setup

The experiments were conducted using MATLAB 2020, a software platform developed by MathWorks Inc., renowned for its 
capabilities in algorithm development, data visualization, and analysis. Leveraging an advanced computational language and an 
interactive numerical computation environment, MATLAB is widely utilized in scientific research. The hardware specfications of the 
computing device utilized for the experiments include an iMac (Retina 4K, 21.5-inch, 2017) equipped with a 3.4 GHz Quad-Core 
Intel Core i5 processor and 8 GB 2400 MHz DDR4 memory. A training dataset was employed to train the machine learning models, 
while a separate testing dataset was used to evaluate their performance. The dataset was randomly partitioned into training (70%), 
validation (15%), and testing (15%) subsets using the ``devset'' function. Principle component analysis (PCA) was implemented to 
mitigate ovefitting by artficially oversampling the training samples. The ``quantum particle swarm (QPS)'' algorithm served as the 
optimizer during model training. The training process involved an elapsed time of 00:00:11, spanning 90 epochs with six validation 
checks. The overall hyperparameters for the used models are given in the following table.

4.1. Performance evaluation

For the experiments evaluated, an accuracy matrix was used to evaluate the models’ performance in addition to the confusion 
matrix. The Equation (1) shows the formula of accuracy:

Accuracy = 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
(1)

Where TP, FN, TN, and FP represent the true positive prediction, false negative prediction, true negative prediction, and false positive 
prediction, respectively.

Several quality measures are offered to examine the effectiveness of the regressor to analyze the effectiveness of regression investi

gation. For both learning and evaluation experiments, mean absolute value (MAE) shown in Equation (4), mean squared error (MSE) 
represented in Equation (3), and root mean squared error (RMSE) mathematically represented in Equation (2) were determined to 
assess and compare the efficacy of individual regressors.

𝑅𝑀𝑆𝐸 =

√√√√1
𝑛 

𝑡=1 ∑
𝑛=1 

𝑒2
𝑡

(2)

𝑀𝑆𝐸 = 1
𝑛 

𝑡=1 ∑
𝑛=1 

𝑒2
𝑡

(3)

𝑀𝐴𝐸 = 1
𝑛 

𝑡=1 ∑
𝑛=1 

|𝑒𝑡| (4)

5. Results

5.1. Blood glucose level predictions

Table 2 presents the efficacy of blood glucose concentration projections using different training strategies, while Table 3 evaluates 
various machine learning networks. Among these approaches, GPR demonstrates the highest efficacy with an MSE of 1.64 mg/dl, 
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Table 2
Dataset description for blood glucose and physiological parameters study.

Feature Description 
Total Records 16,969 individual records 
Diabetic Records 16,641 records of diabetic individuals 
Non-Diabetic Records 328 records of non-diabetic individuals 
Age Range Various ages 
Blood Glucose Levels Collected through finger pricking or flash glucose monitoring for diabetic individuals; synthetic values for non-diabetics 
Body Temperature Measured using electronic devices 
Heart Rate Recorded via electronic monitoring 
Blood Pressure Monitored with electronic devices 
Pulse Oximetry (SPO2) Collected via electronic measurement 
Sweating Recorded as a physiological marker 
Shivering Monitored as a physiological response 
Data Composition Authentic data for diabetic records, synthetic for non-diabetic blood glucose levels 
Non-Diabetic Data Source Collected with smart wristbands; synthetic glucose based on a five-day average 

Table 3
Hyperparameters of different models.

Model_Algorithm Hyperparameters used Values_Description 
Neighborhood Component Analysis (NCA) Lambda 0.5 
Neural_Network (NN) Training_function trainscg 

Hidden_layer_size 1 
Stochastic_Gradient_Descent Learner leastsquares 
Gaussian_Process_Regression Basis_function constant 

Kernal_function exponential 
Ensemble_of_Learners_(Boosted_trees) No_of_learning_cycles 30 

Learning_rate 0.1 
Minimum_leaf_size 8 

Decision_tree (BDT) Minimum_leaf_size 4 
Step_wise_regression No_of_steps 1000 

followed by BSTE with an MSE of 1.67 mg/dl, and ANN with an MSE of 1.69 mg/dl. Lower MAE, MSE, and RMSE values indicate 
better performance of the regression methods.

The reliability statistics of all explored regression approaches on testing data are depicted in Fig. 6, blood glucose concentrations, 
both actual and anticipated, are graphically shown. The performance of LR, LRSGD, GPR, BSTE, SW, and ANN may be seen to be 
equivalent. The SVM and BDT, on the other hand, have the poorest productivity outcomes.

5.2. Hypoglycemia and hyperglycemia predictions

Along with forecasting blood glucose levels, the study’s secondary goal was to categorize the glucose levels into the appropri

ate glucose classfications, such as hyperglycemia, hypoglycemia, and normal. Hypoglycemia (blood glucose less than 70 mg/dL), 
normoglycemia (blood glucose between 70 mg/dL and 250 mg/dL), and hyperglycemia (blood glucose greater than 250 mg/dL). In 
order to determine which machine learning model predicts the proper class of blood glucose level based on the dataset.

Fig. 7 shows the outcomes of the tests in the form of confusion matrices. Used the classfication accuracy of the performance mea

suring parameter in this study to evaluate the performance of the machine learning algorithms. From Fig. 7. The highest classfication 
accuracy observed (92.58%) has been achieved by BDT followed by BSTE (92.04%) and GPR (88.59%). Also, it should be observed 
that since the utilized dataset is imbalanced concerning the number of classes (hypoglycemia, hyperglycemia, and normal), the poor 
performance of the machine learning models is due to the inclusion of the hyperglycemia class. Thus it is suggested that in the future 
a balanced dataset should be explored to further investigate the hypothesis of the presented study. The table below presents the R2

metric for regression models evaluated during both training and testing phases.

Table 4 shows the classfication reliability of all machine learning strategies used for hypoglycemia, hyperglycemia, and normal 
class forecast. The greatest classfication accuracy was attained by BDT, followed by BSTE, then GPR. It’s worth mentioning that 
both BDT and BSTE are decision tree-based machine learning algorithms. The goal of using a Decision Tree is to construct a training 
framework that can be used to identify the class or amount of the attribute value by learning fundamental decision rules determined 
from prior data.

5.3. Comparison with previous literature on the same machine learning models

It is a well-known and widely accepted rule of thumb to always compare the results of machine learning models within the same 
domain with the same and/or similar dataset and the same models. Even through this, it is the first time the same database has 
been used to predict and anticipate continuous blood glucose concentrations (in this study). As a result, the study’s findings cannot 
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Fig. 6. Performance results of all investigated regression techniques for testing data. The blue lines represent actual blood glucose levels and the red lines represent 
predicted blood glucose levels.

Fig. 7. Performance results of all investigated regression techniques for testing data. Hypoglycemia, hyperglycemia, and normal are denoted by the numbers 1, 2, and 
3, respectively.
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Table 4
ML regression techniques (training results).

MAE MSE RMSE 
LR 24.9587 1.6733e+03 40.92.0458 
LRSGD 24.9584 1.6733e+03 40.92.0458 
SVM 23.1019 1.8038e+03 42.4712 
GPR 22.4098 1.5409e+03 39.2538 
BSTE 21.6135 1.5727+03 39.6576 
BDT 16.6680 872.5468 29.5389 
SW 24.9671 1.6709e+03 40.8771 
ANN 23.8636 1.6344e03 40.4281 

Table 5
ML regression techniques (testing results).

MAE MSE RMSE 
LR 25.4673 1.7411e+03 41.7266 
LRSGD 25.4670 1.7411e+03 41.7266 
SVM 23.6007 1.8809e+03 43.3692 
GPR 22.9470 1.6487e+03 40.6047 
BSTE 22.0655 1.6706e+03 40.8728 
BDT 28.1651 2.2681e+03 47.6241 
SW 25.4976 1.7411e+03 41.7261 
ANN 24.1311 1.692.049e03 41.1203 

Table 6
Comparison of R2 values for training 
and test sets in regression.

Model R2_Train R2_Test 
LinearReg 0.1933 0.1905 
LinearSGD 0.1933 0.1905 
SVM 0.1315 0.1115 
GP 0.2565 0.2265 
Ensemble 0.2460 0.2113 
Tree 0.5792 -0.0439 
StepWise 0.1944 0.1912 
NN 0.2382 0.2113 

Table 7
Prediction of hypo/hyperglycemia.

Model Accuracy 
LR 78.33% 
LRSGD 78.33% 
SVM 80% 
GPR 89.59

BSTE 92.04%

BDT 92.58%

SW 77.96% 
ANN 79.46% 

be linked to those of other research using the same dataset. To compare with previous work, we used the same models only and 
explained the performance evaluation. The results are shown in Table 5.

To compare with previous work according to classfication for prediction of the three classes of hypoglycemia, normoglycemia, 
and hyperglycemia, Table 6 shows the result.

Based on all the classfier’s results, it reveals the proposed BDT performs best over all other models with an accuracy of prediction 
the accurate results is 92.58%. Table 7 shows the overall accuracy of all the algorithms while Table 8 shows the comparison to 
previous work based on performance evaluation for prediction results. Moreover, Table 9 shows comparison of previous work for 
classfication.

6. Conclusion

Clinicians must work hard to keep hypoglycemia and hyperglycemia under control while maintaining optimum management. 
Hypoglycemia and hyperglycemia must be precisely anticipated using records to obtain adequate treatment and prevent the disease 
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Table 8
Comparison to previous work based on performance eval

uation for prediction results.

Resarch Model
Evaluation Metrics 
MAE MSE RMSE 

Hamdi et al. 
SVM

N/A N/A 45 
Our Work 23.6 1.8 43.4 
Pappada et al. 

ANN
N/A N/A 43.9 

Our Work 24.1 1.69 41.1 
Zecchin et al. 

LR
N/A N/A 23.8 

Our Work 25.46 1.74 41.72 

Table 9
Comparison of previous work for classfication.

Research Accuracy Features Model 
Patil et al. [56] 90% 8 K-means, Decision Trees 
Chen et al. [57] 90.04% 8 Decision_Tree 
Komi et al. 2017 [51] 89% 8 Artificial Neural Network 
Reid, Clodagh [43] 67% 13 BDT 
Proposed Work 92.58% 4 BDT 

from worsening. Early monitoring of blood glucose levels, prediction, and diagnosis of varying diabetes levels using machine learning 
are critical for prompt treatment. The goal of the work was to see how well machine learning-based regression approaches could 
anticipate blood glucose readings. Depending on four features: blood glucose, blood pressure, heart rate, and body temperature, eight 
machine learning-based prediction approaches, including LR, LRSGD, SVM, GPR, BSET, BDT, SW, and ANN, were used. The findings 
revealed that for blood glucose values, GPR (MSE=1.64 mg/dL) and BEST (MSE=1.67 mg/dL) provided the greatest outcomes. 
While investigating the prediction of hypoglycemia, hyperglycemia, and normal classes, it was observed that the highest classfication 
accuracy (92.58%) was achieved by BDT, followed by BEST (92.04%) and GPR (89.59%). This experiment is innovative in and of 
itself and will serve as a foundation for future research by the authors.

7. Limitations

This study has some limitations. The findings are based on a small dataset, and it is difficult to collect balanced datasets from 
patients. The vast amount of data being gathered by monitoring architectures also causes data handling and processing problems. 
Because the present research is based on limited inspection or experimental data, the applicability and generalization are limited.

8. Future work

In the future, the proposed dataset will be increased by including more patients to create a larger validation dataset. The GPR, 
BDT, and BEST prediction models will need to be clinically validated in preparation for possible real-world use. While this study 
employed well-known ML techniques, there will also be work to add more ML and DL techniques to detect and predict blood glucose 
levels to help doctors’ decision-making. To address the problem of big data generated from CGM devices, various machine learning 
techniques must be explored to achieve the best results for prediction.
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