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Abstract: A linear transfer function model comprising 4 parameters is used to describe the post-prandial 

breakfast excursions of a group of 10 type 1 diabetes patients who are treated with multiple daily insulin 

injections. The model is able to simulate the glucose concentration in blood and uses the information of 

carbohydrate content of the breakfast and the administered insulin injections as inputs. Additionally, a 

measurement of the actual blood glucose concentration at the time when the breakfast occurs is required. 

No additional information, in particular the use of a continuous glucose monitoring system is necessary. 

Based on a 3 day observational period, parameter intervals are calculated such that the measured glucose 

responses are inside the bounds given by the output of the model. The model together with the parameter 

intervals can be used for robust control design. 

 

1. INTRODUCTION 

Type 1 diabetes is characterised by the inability of the 

pancreatic β-cells to produce any insulin. As a result, in 

untreated diabetes the blood glucose excursions following a 

meal are quite high and prolonged compared to healthy 

subjects. To prevent the development of long term 

complications caused by diabetes in the eye, kidney and 

nerves, tight glycemic control and self-care practises have 

been emphasized (American Diabetes Association 2010). 

This therapy relies in most of the cases still in sparse blood 

glucose (BG) concentration measurements in the capillary 

blood and consists of several daily insulin injections. 

Nowadays, continuous glucose measurement systems and 

insulin pumps get more popular but are used only by a 

minority, see (Renard 2010) and the references therein. 

The control problem which diabetics have to face is to 

estimate the right amount of insulin in order to keep their BG 

in an euglycemic range which is commonly (American 

Diabetes Association 2010) understood between 70 and 180 

mg/dl. Too high doses lead to BG < 70 mg/dl (hypoglycemia) 

and too small doses can cause the BG to be above 180 mg/dl 

(hyperglycemia). This estimation is usually done according to 

rules of thumb, e.g., by simple bolus calculators as in (Gross 

et al. 2003). 

For advanced control methods such as model predictive 

control (Parker, R. S. et al. 2000), (Wang et al. 2010) and 

(Kirchsteiger et al. 2009) or H∞ control (Ruiz-Velázquez et 

al. 2004) there is the need for models that can sufficiently 

capture the blood glucose dynamics of real patients on the 

basis of the most significant inputs. Most commonly, these 

inputs are the carbohydrate content of the meals and the 

insulin quantity injected. 

There are basically two ways how to obtain such a model: to 

rely on physiology and first principles, for example (Dalla 

Man et al. 2007); (Sorensen 1978) which usually results in 

rather complex model structures with many parameters that 

are difficult to fit to the data obtained from a specific patient; 

or, to make use of data-based techniques as for example in 

(Stahl & Johansson 2009); (Castillo Estrada et al. 2010) 

giving patient specific models which are used as short-term 

predictors of the blood glucose concentration. These 

predictors usually make use of continuous glucose 

monitoring devices and can therefore only be used by a 

limited patient group.  

The aim of this paper is not to propose a BG predictor but to 

have a simulation model for multiple daily injection (MDI) 

patients – which is driven only by sparse blood glucose 

measurements, carbohydrate and insulin impulse inputs – 

together with uncertainty intervals of the parameters. As a 

first step towards such a model, we concentrate to model the 

breakfast data of a given population. The reason why to 

concentrate on the breakfast first and not to model lunch and 

dinner excursions also is the high variability due to the 

composition of those meals in the clinical trial measurements 

considered, as it will be explained in the following sections. 

Using this model, a simulation of the BG starting from the 

time when the breakfast was taken can be made using only 

the information of one BG measurement at the starting time 

for initialization. In this way, it is possible to use the model 

for patients that do not have continuous glucose monitoring 

devices. 
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As already noticed by several authors, e.g., (Garcia-Gabin et 

al. 2008), the dynamics of the underlying system vary 

significantly between subjects (inter-patient variability) as 

well as in one patient itself (intra-patient variability). 

Therefore, to design a controller for a specific patient, the 

intra-patient variability needs to be considered to avoid 

dangerous situations like hyper- or hypoglycemia in any case. 

Adaptive control design as applied in (Hovorka 2005) is one 

choice, robust control design, as for example in (Parker, 

Robert S. et al. 2000); (Garcia-Gabin et al. 2008) is another 

one.  

In this paper, we focus on providing the ingredients for the 

latter approach and moving towards robust control design we 

try to find useful models for this purpose, i.e., nominal 

models with a description of the uncertainty that is in our 

case determined by parameter intervals. It should be 

highlighted that we are using real life patient measurement 

data and do not rely on any physiological based model as 

treated in (Calm et al. 2007) 

The paper is organized in the following way: in section 2 the 

clinical data used for the further studies is described in detail, 

section 3 explains the model structure, parameter estimation 

procedure and also shows the resulting performance of the 

models. Finally, section 4 gives concluding remarks.  

2. DATA COLLECTION 

2.1 Subjects and datasets 

Ten separate patient datasets collected under disturbance free 

conditions are used. All the studies procedures were reviewed 

and approved by the Centre d’ Investigation Clinique (CIC) 

de Montpellier, France (Patients: P101, P102, P104, P109, 

P115, P118, P120, P121, P122, and P124). 

This study population consisted of subjects with type 1 

diabetes receiving MDI therapy (sample size n=10, 4 females 

and 6 males, 38.50±14.44 [SD] years old, body mass index 

[BMI] = 24.05±3.69 [SD] kg/m
2
, body weight [BW]= 

69.5±9.98 [SD] kg). The subjects were healthy apart from 

their diabetes. Their diabetes-related characteristics are the 

mean duration after diagnosis of diabetes 18.36±7.34 [SD] 

years and the mean HemoglobinA1c (HbA1c) 8±1.16 [SD]. 

Likewise, they did not present clinically overt diabetes 

complications.  

Subjects were hospitalized for 72-hours and were prescribed 

three standard meals for each day. During the whole trial, the 

patients decided his needs of insulin according to the current 

BG value and the full dose was delivered before each meal. 

Blood samples were taken and glucose concentration was 

analyzed using a Hemocue® glucometer and subsequently 

referenced to plasma glucose in hospital`s clinical laboratory. 

These samples were drawn 10, 20, 30, 45, 60, 90, and 120- 

minutes after each meal and every two hours afterwards. If 

hypo- and hyperglycemic events occurred, the subject 

received advice and help from a clinician.   

The observation period for modeling purposes is five hours 

of postprandial breakfast excursions. The reason why we 

selected this period was because of our clinical study 

protocol: each patient received the same breakfast 

composition (e.g., breakfast composition for P102: bread 

55g, butter 20g, tea, stewed apples) during the whole clinical 

trial and therefore there is no effect of meal compositions that 

need to be considered in the models. 

2.2 Analysis of the datasets 

To visualize the overall glycemic control, in particular 

glucose extremes, for this group of patients, the control 

variability grid analysis (CVGA) (Magni et al. 2008) is 

presented in Fig. 1. This graphic is built on a minimum- 

maximum plot of glucose values with ideas similar to those 

of the original Clarke EGA used for evaluation of self-

monitoring measurements (Clarke et al. 1987). Points 

exceeding the limits of the plot are drawn on the outer border. 

Each subject is represented with three data points in the 

CVGA – one for each breakfast.  
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Fig. 1. Variability-grid analysis (CVGA) of 10 patients and 30 

postprandial breakfast responses.  

 

In Fig. 1, we have 55.56% A+B-zone and 44.44% control 

errors. A reading in the E-zone indicates that both 

hypoglycemia < 70 mg/dl and hyperglycemia > 300 mg/dl 

occurred within the same observation period. Readings in the 

Lower D-zone and Upper D-zone indicate failure to deal with 

hypo- and hyperglycemia respectively. 22.22% of the total 

available readings fell into Upper C-zone which indicates 

over-correction of hypoglycemia. The majority of the 

analyzed breakfasts are in the B-zone (benign control 

deviations). 

Thus, the degree of variability in this group of patients is very 

high and the control effectiveness of the insulin doses 

estimated by the patients rather poor. Furthermore, our study 

also considers the glucose-insulin system of at least two 

patients (P0115, P0121) who present the occurrence of the 

dawn effect which describes an abnormal early-morning 

increase of blood glucose due to the natural overnight release 

of counter regulatory hormones.   
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3. METHODS 

3.1 Initial Model Structure 

The model structure (1) was chosen according to a typical 

response of the blood glucose concentration after an input 

disturbance of carbohydrates or insulin, where the first 

element of the transfer matrix is related to the impulse 

carbohydrate input and the second one with the impulse 

insulin input. The output represents the blood glucose (not 

interstitial glucose) concentration. The parameters 
i

T  are 

related with the time constants (rise and fall) of the 

carbohydrate and insulin effect on the BG and the parameters 

i
K can be interpreted as static gains.  

 ( )
( )( ) ( )( )

1 2

1 2 3 4

,
1 1 1 1

K K
G s

T s T s s T s T s

 
=  

+ + + +  
 (1) 

This third order transfer function for each input is marginally 

stable due to the integrating term; however the inputs are 

expected to appear only as single impulses as we are focusing 

on MDI patients. In this sense, a specific bolus input of 

carbohydrate or insulin results, after a transient behaviour, in 

a constant rise or drop, respectively in BG. 

A typical response of this model is shown in Fig.2, where the 

parameter vector [ ]1 2 3 4 1 2

T
x T T T T K K=  was set to 

[ ]30 40 50 60 3 45
T

− and 15g of carbohydrates and 1 

U of insulin were delivered at time 0.  
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Fig. 2. Exemplary response of the chosen model structure 

3.2 Parameter estimation 

The parameter vector x  was estimated separately for each 

patient and for each breakfast by minimizing the criterion (2) 

with respect to x  under the given constraints lb and ub, 

where ( )ŷ x is the output of the model which depends on the 

parameter vector x , y are the irregularly sampled Hemocue® 

measure-ments which were interpolated using splines, and λ  

is a regularisation parameter.  
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Fig. 3. Spline-interpolated Hemocue® measurements (solid) and 

simulated model output (dashed) for breakfast of day1, day2, and day3 

Here, 500λ =  turned out to be a reasonable value. With this 

choice, the performance in terms of reproducing the 

measurements with the model is still within 95% of the best 

case, which was determined by using 1λ =  and performing a 

Monte Carlo simulation with n=50 experiments with different 

initialization points for the optimization. 

For estimation purposes, the initial value of the interpolated 

BG measurements was subtracted to guarantee starting with a 

zero output of the linear model. Since the model is used 

afterwards to simulate responses, it is necessary to know the 

initial BG concentration, i.e., in reality the patient is required 

to perform a finger-prick measurement before the meal 

occurs.  

 
( ){ }2

2
ˆmin

. .

x
y x y x

s t lb x ub

λ− +

< <

 (2) 

[ ]

[ ]

1 1 1 1 1 75

100 100 100 100 30 5

T

T

lb

ub

= −

= −
 

 

The results for this configuration are shown for P102 in 

Fig.3. and in Table 1. It can be observed that the parameters 

1
T and 

2
T  are almost in the same range, the same holds also 

for the parameters 
3

T  and 
4

T  inducing to utilize an even 

more simplified model structure with combined parameters. 

This was also observed for all the other patients, whereas the 

variability of the parameters from day to day is the smallest 

in the presented case. 

In total, 24 out of the 30 breakfast data sets of the 10 patients 

could be estimated with fit values (3) – where y  is the mean 

value of y – greater than 75% (fit = 85,48±4,58[SD] %) and  

6 were below this threshold (fit = 63,55±6,64[SD] %) giving 

evidence that the chosen model structure is sufficient enough 

to capture the main dynamics of the underlying physiological 

system inside the given population of 10 patients.  
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Table 1.  Model Parameters for P102 

 
1

T  
2

T  
3

T  
4

T  
1

K  
2

K  

Day1 27,40 27,77 54,81 54,73 6,60 -35,05 

Day2 22,92 22,33 51,36 51,37 5,87 -26,04 

Day3 25,87 22,07 51,45 53,91 5,52 -21,88 

 

3.4 Simplified Model Structure 

As previously observed, the two parameters 
1

T  and 
3

T  are 

almost identical with 
2

T  and 
4

T , so a simplified structure (4) 

which contains only 4 parameters is proposed. The estimation 

was done in a similar way as before using (2) as minimization 

criterion to obtain the reduced parameter 

vector [ ]1 2 1 2

T
x T T K K= with [ ]1 1 1 85

T
lb = −  and 

[ ]120 120 30 5
T

ub = − . 

 ( )
( ) ( )

1 2

2 2

1 2

,
1 1

K K
G s

T s s T s s

 
=  

+ +  
 (4) 

When analyzing the results, the same number of breakfasts 

were above the 75% fit threshold with an even slightly 

improved mean value (fit = 86,41±4,41[SD] %) indicating a 

more robust optimization when using less parameters. For the 

remaining breakfasts a fit value of 66,49±6,62[SD] % was 

achieved. 

The model structure consisting of 4 parameters only is 

capable of reproducing the data but is not in coherence with 

the common physiological understanding as it implies that 

insulin for example has the same time constant to be released 

into the blood as it has for degradation; however we are 

focussing on models that describe the behaviour of the 

patients.  

Although the results in terms of the fit values are good for 

single breakfasts, the parameters of the models vary 

significantly from day to day, which can be seen in the width 

of the parameter intervals (Table 2). Here, the minimum and 

maximum parameter values of all three days are shown. Note 

that no intervals are given for patient P124 as only  

one breakfast reached the 75% fit. 

The reason for the high variability can be various: The 

chosen model structure does not rely on physiology but on 

the behaviour of the patients and may be not sufficient to 

capture the intra-patient variability. Significant input signals 

might be missing – or cannot be quantified as for example 

stressful situations – and are therefore not considered in the 

model, the insulin injection and diffusion process might be 

different, only to mention two reasons. 

Table 2.  Model Parameter Intervals based on 3 days for different 

patients (P101-P122); optimization criterion (2) 

 1,min
T  

1,max
T  

2,min
T  

2,max
T  

1,min
K  

 

1,max
K  

2,min
K  

 

2,max
K

 

P101 19,9 20,8 50,3 62,7 2,43 4,08 -50,9 -32,3 

P102 22,0 26,8 56,1 57,9 5,00 6,11 -33,5 -20,7 

P104 25,3 36,3 80,6 84,6 6,11 9,63 -85,0 -85,0 

P109 17,2 36,3 43,8 82,7 2,81 3,37 -32,2 -26,2 

P115 24,9 31,5 46,4 56,7 2,30 6,35 -35,8 -18,9 

P118 6,8 37,1 36,2 68,7 1,00 5,71 -84,4 -44,4 

P120 8,5 28,8 45,9 65,9 2,55 6,40 -50,2 -33,1 

P121 26,2 41,4 79,6 84,1 5,11 5,60 -67,7 -49,0 

P122 25,5 32,7 52,7 68,3 4,73 6,71 -36,6 -14,4 

 

3.4 Model with parameter uncertainty bounds 

In order to tighten the parameter intervals, a modified cost 

function (5) with the same constraints as before is proposed. 

Here, λ is again a regularization parameter, the matrix 

Γ multiplies the standard deviation xɶ of the model parameters 

(6) and thus can be used to scale the importance of the 

different parameter interval in order to be compact.  

The main idea behind this optimization is to get for each 

patient and each breakfast k an individual parameter vector 

k
x  and to minimize the distance between the three parameter 

vectors – quantified by the standard deviation – but still 

maintaining a certain performance bound given by the best 

performance with model (4) optimized using (2). The trade-

off between these two competing criteria performance and 

small parameter intervals is determined by the choice of λ  

and Γ  which were set to 250λ = and Γ  as diagonal matrix 

with [ ]10 10 100 1  in the main diagonal. This choice of 

Γ considers that the parameter
1

K  is by a factor 10 smaller 

than the other parameters and the fact that the insulin 

sensitivity is one of the main reasons for the intra patient 

variability (Garcia-Gabin et al. 2008). In other words, we 

would like that the parameters
1

T ,
2

T and
1

K have almost the 

same interval width whereas 
2

K  is allowed to have a higher 

variance. 

 
( )

2

2
1,2,3

ˆmin

. .

k k k
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k

y x y x

s t lb x ub

λ
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< <

∑ ɶ

 (5) 

 

( )

( )

( )

( )

1 2 3

1 1 1

1
1 2 3

2 2 2
2

1 2 3
1 1 1 1

1 2 32
2 2 2

, ,

, ,
,

, ,

, ,

k

k

k k

k

std T T T
T
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Table 3.  Model Parameter Intervals based on 3 days for different 

patients (P101-P122); optimization criterion (5) 

 
1,min

T  
1,max

T  
2,min

T

 

2,max
T  

1,min
K  

 

1,max
K  

2,min
K  

 

2,max
K  

P101 16,6 17,4 114 117 1,03 2,58 -56,9 -29,9 

P102 21,6 22,4 70,7 71,5 4,33 4,53 -28,7 -20,5 

P104 25,6 33,0 81,9 91,7 6,07 7,95 -85,0 -73,4 

P109 26,3 28,5 88,0 93,0 1,06 1,90 -30,8 -23,4 

P115 33,5 36,5 46,4 50,5 7,86 7,93 -46,9 -36,6 

P118 32,3 36,2 46,3 68,3 3,70 5,63 -85,0 -83,0 

P120 13,4 29,0 39,3 67,3 4,11 6,08 -49,9 -40,0 

P121 27,0 44,0 99,7 101 4,59 4,94 -74,4 -51,6 

P122 24,4 27,3 76,6 78,2 4,08 4,22 -29,0 -14,5 
 

The resulting parameter intervals, when the optimization (5) 

is applied over all three days of data for every patient are 

shown in Table 3. As expected, the intervals are now 

considerably smaller than before, still keeping almost the 

same performance: 23 breakfasts reached the 75% fit 

(86,14±5,08[SD] %) and the remaining ones have 

67,39±7,15[SD] %. Here, one global λ value of 250 was 

used for the whole population. For some patients it could be 

chosen even higher, as the performance was still very close to 

the nominal case (2). In this way it would possible to further 

decrease the parameter intervals. 

The effect of the estimated parameter variability on the 

simulated model output is presented in Fig.4. for patient 

P102. The simulated upper and lower bound not only depend 

on the model parameters, but also on the inputs fed into the 

model. For this reason, the three days are displayed 

separately as the insulin doses were not consistent. 

 

( )
( )

( )

( )
( )
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1 [70.7,71.5]

BG s CHO s
s s
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+
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Fig. 4. Spline-interpolated Hemocue® measurements (blue solid) and 

upper and lower bounds (red dashed) given by the model with 

parameter uncertainty bounds (7) for patient P102 

3.5 Model Validation 

One remaining issue is of course the validation of the models. 

Until now, all the data (3 days) was used for parameter 

estimation and simulations with the model were done on the 

same data. 

To validate the models, the optimization (5) was done on 2 

days only and the mean parameter values were used for 

validation on the third day. Fig.5. shows the validation on 

day 2, if data from day 1 and day 3 is used for parameter 

estimation for subject P104. In Fig.6. another validation 

result is shown for subject P115, where the parameter 

estimation was done on days 2 and 3 and the validation on 

day 1. Although in this particular patient, the response to the 

second day breakfast is quite different compared to the other 

days – there was a significant dawn phenomena – the 

performance on the validation day is still acceptable. 

However, it has to be mentioned that for some other patients 

the results are not as good as presented here. In the total 

population the fit value on the validation day was 

41,56±18,9[SD] %. 
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Fig. 5. P104 model validation: parameters were estimated on day 1 and 

day3 
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Fig. 6. P115 model validation: parameters were estimated on day 2 and 

day3 
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3.6 Remarks 

It should be mentioned that using only 3 breakfasts for 

estimation of the 12 parameters for each patient (4 per day) 

results in a rather poorly conditioned optimization problem 

with a high sensitivity with respect to the initial parameters. 

However, due to the additional term in the cost function 

penalizing the standard deviation of the parameters the 

optimization gets more robust.  

When more data would be available and used, it is likely that 

the parameter intervals will get larger. On the contrary, with 

more data it will also make sense to define a mean parameter 

vector. It is expected that the parameter intervals get even 

larger in the case of out-of hospital measurement data, when 

the meals are not standardized. 

To reach the final aim of a whole-day model, it would be 

required to consider lunch and dinner meals which usually 

vary considerably in their composition – also in the 

hospitalized situation – making it difficult to still keep the 

parameter bounds tight and not to extend the model structure. 

Theoretically, the model could be extended to use the meal 

composition – fat and protein content – as additional inputs, 

but practically a high number of experiments would be 

required to separate the effects of the different nutrients. 

Moreover, this situation will become a disadvantage as the 

usage of the model is then also restricted to specialists who 

know the exact composition of the meals.  

5. CONCLUSION 

It was shown that the postprandial BG dynamics following a 

breakfast of a diverse population of 10 MDI treated type 1 

diabetics could be captured using a very simple transfer 

function model with 4 parameters only. The model uses 

carbohydrate content of the meals and fast insulin injections 

as impulse inputs to simulate the glucose concentration in 

plasma.   

Narrow parameter intervals based on 3 day in hospital 

measurement data were determined and can be used to 

simulate the upper and lower bounds on the glucose response. 

The model together with parameter intervals might be useful 

for robust control design.  
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