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Abstract 
 

 In this paper, a comparison of two different approaches that can be used in developing time series 

mathematical models (MM) of diabetes mellitus was carried out. The trade-off should be considered between 

the complexity of the model and its accuracy to predict future glucose concentration. This work is a 

continuation of the author’s work and results obtained previously and showed the potential and superiority of 

using autoregressive with exogenous terms (ARX) model in describing the dynamics of diabetes. Moreover, 

it is shown that despite the models are of general form but they are different depending on individuals’ 

regimen of diabetes management. The last fact was demonstrated by using six diabetic patients’ records, with 

rich information about their life style and treatment program, to derive models. In addition to that an answer 

is given to two main questions: how many future samples of glucose levels can be predicted with acceptable 

accuracy and what is the acceptable order of the model –complexity-, if the prediction horizon is specified. 

Both types of models were developed, tested and compared. This work emphasizes the fact that diabetes 

management plan should be formulated as an individualized therapeutic to achieve the desired level of 

diabetes control. This can be of help in improving the metabolic control of type-1diabetes patients by 

implementing these characteristics and models in both computerized controlled decision support system and 

simulation systems for educating and training of healthcare professional staff. Additionally, these MM of 

glucose-insulin interaction are expected to aid in reaching a generalized model. 
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1.  Introduction 

 

 Diabetes mellitus (DM) is a term applied to a 

number of conditions or symptoms that, in 

untreated state, are known by hyperglycemia. 

Hyperglycemia is characterized by the inability 

of the pancreas to control blood glucose 

concentration. In other words, it is a disorder of 

metabolism of carbohydrate, fat and protein 

associated with a relative or absolute 

insufficiency of insulin secretion and with 

various degrees of insulin resistance. Insulin is a 

hormone that is produced in the beta cells of the 

pancreatic islets of Langerhans. Its role is 

twofold; firstly to enhance the entry of glucose 

into the liver, muscle and adipose tissue, and 

secondly to promote storage of energy substrate 

in the form of glycogen, fat and protein thus 

resulting in a lowering of the blood glucose 

concentration. It is very important to keep blood 

glucose concentrations within a range from 60 

mg/dL to 120 mg/dL, depending on when a 

person last ate [1]. Lower blood glucose 

concentrations (hypoglycemia) impair brain 

function, whereas higher glucose concentrations 

(hyperglycemia) exceed the renal glucose re-

absorption threshold, which results in wasting of 

glucose. In addition, protracted hyperglycemia 

causes degenerative complications in the long-

term and may cause damage to the eyes, kidneys, 

nerves, heart and blood vessels [2, 3]. There are 

two major forms of diabetes mellitus: type 1 and 

type 2 DM; Type 1 diabetes mellitus (formerly 

called Insulin Dependent Diabetes Mellitus, 

IDDM, or juvenile diabetes) is characterized by 

destruction of the pancreatic beta cells caused by 

an autoimmune process, usually leading to 

absolute insulin deficiency. Type 2 diabetes 

mellitus (formerly called Non-Insulin Dependent 

Diabetes Mellitus, NIDDM, or adult-onset 

diabetes) is characterized by insulin resistance in 

peripheral tissue, and an insulin secrecy defect of 

the pancreatic beta cells. The latter is the most 

common form of diabetes mellitus, and is highly 

associated with a family history of diabetes, older 

age, obesity and lack of exercise. 

 Despite recent general improvements in 

diabetes care, it remains one of the leading causes 

of death, main cause of new blindness, kidney 

failure, and amputations and poses as a major 

risk factor for heart disease, stroke and birth 

defects [4-6]. In the same time and while all 

patients and  medicine community look for a 

solution to diabetes problem, the main effort of 

physicians still focused on controlling blood 

glucose level which can substantially reduce the 

risk of developing complications and slow their 

progression in diabetics. The control, in its 

natural meaning, requires the determination of 

related inputs, processes, and outputs of diabetes 

metabolism, or in control engineering terms, the 

discovery of system’s dynamics. This leads to 

build a mathematical model that reflects the 

understanding of interrelationships among most if 

not all factors that have impact on diabetes as a 

process.  

 Although all diabetic patients share a 

common goal to gain control of their blood sugar, 

it is agreed that every patient has individual 

treatment program that works best for him or her 

[7, 8]. In addition to that this individualism is not 

of a constant non-changing nature but changes 

with time (age), growth, and other factors. Many 

individual patient’s characteristics and factors are 

relevant for achieving blood sugar control. This 

includes, but is not restricted to, prior glucose 

levels records, eating patterns, physical exercise, 

current treatment of diabetes including insulin, 

oral glucose-lowering agents, glucagon and other 

medications, and results of glucose monitoring. 

An individualized patient action plan should be 

developed and patients should be instructed 

and/or taught within this action plan on how to 

adjust their regimen in response to results from 

self-monitoring of blood glucose, when a large 

meal is eaten, or during illness. 

 This work investigates the individual’s life 

style and treatment program history impact on 

developing one specific mathematical model 

category, i.e. time series models that are a strong 

candidate to manage and hence improve 

metabolic control of glucose level. Moreover, one 

of the objectives of this work is to verify that 

different patients have different parameters but of 

the same time series category model. 

 Models are indispensable for scientific 

research and they are of more importance for 

biomedicine as it deals usually with complex 
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systems. The objectives of mathematical models 

are to represent and predict the profile of a drug 

in a patient or group of patients. Consequently, 

mathematical models are used in attempting to 

mimic the real natural process by using the 

simplest model defined by a mathematical 

formula. Biologically realistic mathematical 

models serve as the basis for the majority of the 

methods used in quantitative physiologic analyses 

of medical data [9, 10]. These models help to test 

hypotheses about the mechanisms that govern 

these complex systems. They help to identify 

contradictions or incompleteness in data testing 

of hypotheses, and allow prediction of system 

performance under either untested or practically 

un-testable conditions. They may also predict and 

supply the values of experimentally inaccessible 

variables. The more and the deeper the 

knowledge of the biomedical system, the more 

potential and beneficial is the use of the MM. 

 A wide diversity of mathematical models has 

been proposed to describe DM as a biomedical 

phenomenon. These models range from models 

that consist of a set of linear differential 

equations to models of nonlinear differential 

equations [11-13]. Other classes of models like 

time-series models [14], probabilistic models [15] 

and non-compartmental models [16] have also 

been used. Moreover, there are other research 

about the impact of DM on other diseases and 

illnesses [17]. In the last two decades, several 

research groups have used, and continue to use, 

new  modeling and identification techniques that 

are based on artificial intelligence[18]. These 

include fuzzy logic[19, 20], neural networks [21-

24] and a combination of these and other methods 

[25-27]. All these models, including those 

developed in this paper, are built around glucose 

metabolism and insulin kinetics. They are 

intended to estimate the time course of glucose 

concentration and are expected to be conclusive 

to a generalized model (secret formula) that 

explores the internal relationships among such 

factors like the insulin dose and its types, 

exercise, meal, and other relevant factors. Recent 

developments in diabetes modeling are reported 

in several papers [28-32]. 

 In the specialized areas of diabetes modeling, 

the time series models have been the most 

commonly used. This is because they make use 

of time history of the patient’s measured data, in 

addition to the fact that these models are of wide 

variety and have yielded promising results [9, 

33]. In other words, the comprehensive medical 

history can uncover symptoms that help 

establishing the diagnosis of the patient’s case. 

Moreover, the history should confirm the 

diagnosis, review the previous treatment, allow 

evaluation of the past and present degrees of 

glycemic control, determine the presence or 

absence of the chronic complications of diabetes, 

assist in formulating a management plan, and 

provide a basis for continuing care. 

 Patients with type 1 diabetes require more or 

less intensive insulin regimens to maintain 

optimal blood glucose control. The goal of 

insulin therapy is to mimic normal insulin 

secretion by the pancreas. Normal insulin 

secretion consists of basal and mealtime insulin 

secretion [34]. Self-monitoring of blood glucose 

is recommended several times daily, because 

many factors, such as food consumption, 

Exercise, illness, stress, and alcohol, can 

influence insulin requirements.  

 There are many forms of insulin used to treat 

diabetes. They are classified by how fast they 

start to work and how long their effects last. The 

types of insulin include: Short-Term acting 

Insulin (STI), Mid-Term Insulin (MTI) and Long-

Term acting Insulin (LTI). 

 

2.  Data and methods  

 

 In order to investigate the individualism of 

diabetes management, a data from six type 1 

home monitoring diabetics’ were used. The data 

covers a period of about 3 months. During that 

time, the Present blood Glucose Level (PGL), 

dosages of insulin injections (STI, MTI, and 

LTI), qualitative indication about the amounts of 

food intake (Meal) and physical effort exerted 

(Exercise) were recorded [35]. The data reflects 

the general parameters that can be either 

measured or estimated and therefore managed by 

the patient himself. The glucose and insulin 

values are given precisely but the amount of food 

and extend of physical exercise were estimated 

high, medium or low. 
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 The goal of this study is to use the real data 

collected from patients to develop empirical 

dynamic autoregressive exogenous input (ARX) 

time-series models of these diabetics. After that, 

obtained models to be analyzed and compared 

from the point of view of their efficiency in 

addition to their mathematical properties. The 

efficiency of the developed models is tested by its 

ability to predict the future glucose level readings 

for specified parameters values as well as to 

perform parameter estimation in which model 

output are fit to the clinical data. The input to the 

system in all developed models consists from 

PGL, STI, MTI, LTI, Meal, and Exercise, while 

the output is the next value of PGL or it can be 

called Next Glucose Level (NGL). In this study 

the data is divided into two sets: one called 

estimation data used to estimate the formula 

coefficients, and the other called validation data 

used to find how fit is the given formula in 

predicting the output. Two different multivariate 

time-series models of glucose/insulin dynamics 

are developed and compared for all patients in the 

study.  

 The Auto-Regressive with Exogenous input 

(ARX) model is used in this study. The use of 

this type of models is justified because of its 

relative simplicity and is power in performing 

sufficiently accurate predictions [36].Two aspects 

of these models were investigated. They are the 

variability of the model’s order and the model’s 

performance with constant order. This was done 

by using, firstly ARX model with fixed order to 

answer the question: how perfect can the model 

predict fixed number of NGL values of glucose 

levels. Secondly, the order of the used model was 

assumed to be changeable factor but the number 

of NGL values that can be predicted was fixed. In 

the last case, five and ten NGL values of blood 

glucose concentration were tested. All these 

simulations were carried out using MATLAB 

software package. 

 

3. ARX modeling and validation  

 A common question that justifies the use of 

ARX models is whether present and future 

glucose values can be predicted from recent 

blood glucose history. The fact that there is 

significant statistical inter-dependence among 

the individual successive glycemic measurements 

motivates the use of patient’s record to find a 

model that at least forecasts the near future values 

of glucose. The latter might be helpful for both 

the patient and physician in dealing with the 

complications of the disease. A multivariable 

ARX model is given by 

                                    

( ) ( ) ( ) ( ) ( )A q y t B q u t nk e t    (1) 

 

where u(t),y(t), and e(t) are input, output and 

random disturbance vectors respectively, nk  is 

the number of delays from input to output and 

( )A q , B(q)  are the corresponding polynomials , 

to be determined (estimated), in the delay 

operator 1q .But the model, after that, is to be 

validated. One principal method to accomplish 

the task of validation is to test prediction 

properties of the model i.e. the response of the 

system to the validation data set which is usually 

different from that used for parameter estimation. 

Hence, prediction is necessary to evaluate how 

well the proposed model is capable of predicting 

future values of the observed data. This 

prediction method depends on the model 

structure[37]. The performance of the model is to 

be assessed using the following measures 

  

1-Mean Square Error (MSE) 

 

       MSE = ∑( Error.^2) / length(ANGL)         (2) 

 

2-Mean Absolute Error (MAE) 

 

       MAE = ∑ |Error| / length (ANGL)             (3) 

 

3-Percentage Relative Error 

 

       PRE = | ((PNGL - ANGL. / ANGL)|*100  (4) 

 

where PNGL and ANGL are Predicted and 

Actual Next Glucose Level and the Error is 

defined as 

                       Error = ANGL – PNGL              (5) 
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4. Results  

 Figure (1) shows the actual data set 

compared with the predicted values using ARX 

model with a length up to 60 future values. The 

figure shows that the ability to predict upcoming 

values is possible but the choice is between the 

model order and length of accurately predicted 

values of glucose concentration. 

 

 
 Figure 1. Actual and Predicted Data for ARX Model 

 

 

4.1 Fixed Order ARX 

 Here the modeling was carried out for 6 

patients with the same model order, third order, 

and then the performance of all cases was tested 

to explore the individual differences between 

patients. The ability of the models to predict 10 

future values of glucose concentration was the 

criterion; Table (1) shows the quantitative 

measures of the models for patients P1-P6, where 

figure (2) shows the first ten actual and predicted 

data for ARX model. 

 It is clear that MSE gives values that are 

different not only in value but also in the order 

i.e. the last patient P6 and P3 have a value of 

hundreds while other four patients have a value 

of thousands. The individual character of patients 

is reflected clearly. Moreover other measures of 

performance are consistent with this conclusion. 

 

 

 

TABLE 1. Ten steps arx models performance 

                 10 Steps  ARX Models 

Performance  MSE MAE PRE 

P1 2.6196x10
3
 33.8207 2.3973 

P2 2.4463 x10
3
 33.8676 0.3984 

P3 846.0165 20.5047 0.8504 

P4 4.6213 x10
4
 172.0476 22.7075 

P5 3.6833 x10
3
 43.4477 0.2999 

P6 340.6306 12.8987 0.1053 

 

 

 

 

 

 

 

 
 

Figure 2. First 10 actual data and predicted data 

for the ARX model. 

 

 

 



 

Am. J. Biomed. Sci. 2013, 5(3), 188-196; doi: 10.5099/aj130300188    © 2013 by NWPII. All rights reserved                      193 

 
Table 2:  Order of ARX models with fixed 

prediction horizon. 

 

 

4.2 Variable Order ARX 

 The second group of models with variable 

order is intended to show that changing the order 

can be helpful in achieving exact prediction of 

some number of future values. The models were 

developed with the order that gives precise 

prediction of five future values of glucose 

concentration. Table 2 shows that these orders are 

different and the individual aspects are obvious. 

The order of the input polynomial, A, for the first 

patient, for example, is one, while the last 

patient's order is eighth and for other polynomials 

the difference between patients is very clear. 

After that, the ability of the obtained models was 

evaluated for the case of 10 future values of the 

output and summarized in Table 3 which 

indicates the decreased values of MSE and other 

performance criteria for the same patient. 

Moreover, for one patient (P6), the model’s 

ability to predict 10 values is excellent, i.e. with 

very small value of MSE and other performance 

indices. 

 

5. Discussion and Conclusions 

 The above results bring out two options for 

developing the appropriate algorithm of therapy. 

The first is to use the ARX model with fixed 

order to predict the future course of glucose 

concentration but the horizon of accurate future 

values is from three to five values or near half a 

day time values. Here it’s worth to emphasizing 

on the fact that the model used is of low order, 

third order, which has low computational load to 

the decision support system while other studies 

are using more higher order models or don't 

consider this factor [38, 39]. The next choice 

offers longer horizon starting from 5 and may be 

10 or more if necessary but the order of the 

model is increased. In both cases the availability 

of accurate measurements (history) of the blood 

glucose is essential. Treatment regimen is to be 

carried out individually; this reduces the patient's 

risk for severe hypoglycemia, and may increase 

benefits of glycemic management and control. 

People with diabetes should work with a health 

care provider to find the appropriate individual 

patient targets and how to achieve them. 

Elements of the medical history of particular 

concern in patients with diabetes include the 

following prior glucose levels  records , eating 

patterns,  physical Exercise history current 

treatment of diabetes, including medications, 

(insulin, , oral glucose- lowering agents, glucagon 

and other medications, and results of glucose 

monitoring. 

 In order to extend the done work, 

consideration can be given additionally to the 

patient's age, school or work schedule and other 

conditions, physical activity, eating patterns, 

social situation and personality, cultural factors, 

and presence of complications of diabetes or 

other medical conditions. With the goal of 

achieving near normoglycemia and delaying the 

onset and the progression of many complications, 

of type 1 diabetes, this future task requires 

precise quantitative and/or qualitative recording 

and/ or estimating of these factors. 

 

 

 

 

 

 

 

patient Order of 

polynomial  

A 

Order of 

polynomial 

B 

Number of 

delays 

nk  

P1 1 9 1 

P2 2 9 2 

P3 1 9 1 

P4 1 9 1 

P5 2 9 4 

P6 8 9 9 
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Table 3:  Comparison of the five and ten steps models 

 

 5 step model 10 step model 

MSE MAE PRE MSE MAE PRE 

P1 0 0 0 378.57 8.2704 0.8439 

P2 0 0 0 72.3978 2.5655 0.2171 

P3 0 0 0 158.5636 5.3377 0.5544 

P4 0 0 0 1.1209x10
3
 12.4691 1.6270 

P5 0 0 0 7.3436 x10
-28

 1.5503 x10
-14

 6.1570 x10
-16

 

P6 0 0 0 3.6718e-029 2.5838e-015 2.5577e-016 
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