
Application of Machine Learning Methods in 
the Blood Glucose Prediction

Artur Wodołażski*

Department of Energy Saving and Air Protection, Poland

Abstract 

Type 1 diabetes (T1D) is a chronic disease that requires patients to know the blood glucose values to 
ensure their normal levels. The methods for predicting blood glucose are one of the areas of interest for 
clinical researchers. The literature describes many methods of predicting blood glucose, which require 
the determination of many activities, such as the time of insulin injection or emotional factors that may be 
susceptible to errors. To reduce the impact of individual activities, continuous glucose monitoring (CGM) 
is proposed to predict the level of glucose in the blood regardless of other factors. The paper presents 
the comparison of machine learning methods such as: linear regression, vector (SVR) and selected evolu-
tionary algorithms (AE) to predict glucose concentration. The proposed methods based on SVR, and AE 
algorithms have achieved high accuracy and quality of predicted results.
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Introduction
In the human body, the regulation of blood glucose levels is controlled by the action of 

two hormones: glucagon and insulin. The loss or destruction of β cells in the pancreas causes 
type 1 diabetes (T1D). Therefore, a reduction in insulin production leads to an increase in 
blood glucose and hyperglycemia [1]. Insulin plays a significant role in the ability of cells 
to metabolize glucose [2]. Hyperglycemia is usually associated with complications such as 
long-term microvascular complications (diabetes, neuropathy, retinopathy, and nephropathy) 
that cause cardiovascular problems (stroke, peripheral arterial disease, and coronary artery 
disease). In addition, a decrease in blood glucose levels hypoglycemia can quickly turn into a 
critical situation for the patient, such as nervousness, sweating, rapid heartbeat, headaches 
and even coma. In line with the latest technological advances in diabetes.

Patients have the ability to monitor their blood glucose levels continuously (every few 
minutes). The devices used (CGM - Continuous Glucose Monitoring) represent a continuous 
method of monitoring blood glucose levels [3]. These sensors are placed subcutaneously 
in the patient’s interstitial fluid. In fact, the lag time between blood glucose and interstitial 
fluid can be as long as 5 minutes. This time is needed for the diffusion of the sensor and the 
computation of the time delay due to the filtering operation used to measure the CGM. In 
order to shorten the response and response times of the sensor, new efficient algorithms are 
needed that are able to predict the concentration of glucose over a given time horizon.

Machine learning techniques are often used in biology, image analysis or path morphology 
[4]. They are divided into supervised and unsupervised learning. Machine learning algorithms 
with the teacher include the support vector method, regression methods and neural networks. 
For tutorless learning methods, for example, k-means algorithms, auto-coders. Mathematical 
modeling includes methods that can be applied and implemented in electronic devices. 
However, in practice, they did not meet performance expectations due to limited precision and 
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dependence on patient activity measurements [5]. Bremer et al. [6] 
tested blood glucose levels, recording data every 10 minutes. The 
experimental results obtained from the modeling of blood glucose 
data showed a time horizon of 10 minutes. Studies have shown that 
blood glucose levels can be predicted by using past blood glucose 
values. Sparacino et al. [7] compared the predictive accuracy of the 
autoregressive model (ARM) with the first-order polynomial model. 
The results showed that the ARM model was the most consistent 
for obtaining significant performance at 30-45 minutes ph. Palerm 
et al. [8] used the Kalman filter to predict blood glucose levels based 
on a derivative reconstruction of glucose levels.

Pappada et al. [9,10] proposed an artificial neural network 
(ANN) written on the basis of the “NeuroSolutions” software 
package, which allowed to predict blood glucose levels for a time 
horizon of 50-180 minutes. The experimental results showed 
that the predicted blood glucose levels were more accurate in the 
hyperglycemic and normoglycemic stages than in the hypoglycemic 
stages. Consequently, it can be concluded that the ANN prediction 
results largely depend on the quality and set of training data for 
these networks. The article presents the possibilities of using 
selected machine learning techniques in predicting the patient’s 
blood glucose. The goal is to accurately predict the blood glucose 
level of T1D patients using only CGM data as input to the learning 
phase. The practical implementation of the proposed method 
shows a reduction in computational complexity.

Methods
Selected machine learning algorithms, including linear 

regression, support vector regression (SVR) with and without 
nonlinear nuclear function, and evolutionary algorithms were used 
and compared in the modeling of glucose prediction. A description 
of each method is provided below.

Linear regression
When defining a linear model, the equation takes the general 

form:

where:

 predicted value of the dependent variable,

 constant component of the equation,

 regression coefficient

 measured value of the independent variable

The regression coefficient is given by the formula (2)
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where:

 n-observation numbers

 ∑ ix -sum of all measurement values 

 ∑ iy -sum of all measurement values 

Support vector regression
For the regression analysis of the support vectors, which 

maps a non-linear set of multivariate data, the SVR methodology 
determines the prediction function, which is given by the formula 
(3):
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where:

 trait space transformation,

 weights of spatial matrices

 random error

According to the Karush-Kuhn-Tucker theory [11], the 
regression function with the kernel function takes the form (4):
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where:

 Lagrange multipliers

 kernel function used to compute the similarity between two 
input vectors in the transformed space

Modified evolutionary algorithm
Evolutionary algorithms are a global search strategy based on 

sample population analysis, where it is typically used as a global 
optimizer. Uses techniques in the analysis of differences in given 
samples (subjected to mutation, selection) on a multidimensional 
plane When minimizing a one-dimensional object, the objective 
function given by the formula (5) can be used:

( ) ( ) [ ]jj
j

D

iix
ULPxxfxF ,,min

1,

*

=Ω∈
∏=∈=

where:

 F-objective function

( )Diii xxx ,1, .....=  -D-dimensional vector
*x  - global optimal solution to the optimization problem

jj UL ,  - limits of j-tej varible 

P -search space,

The fitting function based on the evolutionary algorithm is 
given by the formula:
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where:

 control parameter,
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kernel parameter,

current value,

predicted value,

 training set size

The optimal values of the parameters ()are found after the 
iterative operation of the algorithm is completed. For simulation 
studies, publicly available experimental data [12] were used as input 
data as the training set. These measurements were based on real-
time sensor sampling (CGM) for continuous glucose monitoring. 
Forecasting was performed using machine learning algorithms. For 
each new sample taken, the model parameters are re-estimated. 
The mu factor represents the weight of the blood glucose sample in 
relation to the current sampling time.

Discussion of the results
The studies compared machine learning algorithms to predict 

blood glucose values to generate early warnings of hypoglycemia. 
An example of a blood glucose forecast is shown in Figure 1. The 
figure shows that, depending on the algorithms used, the predicted 
signal exceeds the hypoglycemic threshold in the range of 1-2. 
For linear regression, in the first case t ≈730 minutes it is a false-
positive result. In the second case, at t ≈ 830 minutes, the model 
correctly predicts the event approximately 15 minutes in advance. 
The modified evolution algorithm and the SVR with nonlinear 
nuclear function are most effective in predicting glucose levels with 
an RMSE error below 8%. When using linear regression, the RMSE 
error varies between 32-11% depending on the dynamic change 
curves.

Figure 1: Results of blood glucose forecasting using various machine learning algorithms (ph=30 and mu = 0.9).

The proposed SVR technique similarly estimates non-linear 
changes in blood glucose while avoiding overfitting. Despite the 
rapid development of CGM systems as hardware devices, the 
evolution in the development of algorithms in blood glucose 
forecasting has been significantly less. The main problems of 
implementing devices for blood glucose monitoring systems are 
increasing the accuracy of predicting results, minimizing errors, as 
well as measuring accuracy of blood glucose concentration.

Summary
The paper presents selected machine learning algorithms 

for predicting blood glucose concentration. The support vector 
regression (SVR) algorithm and the evolutionary algorithm show 
the best prediction results. The evolutionary algorithm optimizes 
the SVR parameters and is most efficient. The proposed method has 
numerous advantages, such as: accuracy, adaptability, robustness, 
as well as efficiency in modeling nonlinear and complex data series. 
In the future, the clinical validation of the algorithm will continue 
for a potentially real application. Risk assessment is an adequate 
tool to predict the vulnerability of the system in terms of corrosion 
in order to manage a maintenance strategy for optimizing safety of 
human health.
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