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Rafat DONIEC

THE REMOTE CONTROL SYSTEM OF THE INSULIN LEVEL

The following research characterises the systemeimiote data collection of blood glucose conceiatnaBased
on the data an algorithm was introduced in ordeddtermine the infusion of insulin. This paper prés a glucose
measurement method using the test strips, instmgtior collecting the source data, as well agptioeess of adjusting
the insulin dosage.

1. THE INTRODUCTION

The main goal of the following study is to creatseparate wavelet-neuron structure which would
reflect the patient’s glucose profile curve recdias a result of the blood glucose measurement. The
successive aim is to construct an artificial paasrmodel on the basis of the telemedicine and the A
algorithms. Its main elements are: blood glucosasuement device based on the reflectance converte
adapted for the dry tests Accutrend, artificialeligence as a decision-making element, as well as
characterization of the available applicators amglilin pumps as the closing elements of the glucose
insulin feedback system. Medium combining all thelmments together is the application in the Irgern
which collects all the necessary data for calcoleti

2. THE METHOD

The wavelet signal representation s(t) is a redffimew method. There are not many studies basec
on this method. The artificial pancreas model dgwelent as well as glucose-insulin system simulation
with the help of the wavelet signals representatfom complete novelty. Studies which apply to this
subject matter are:

- Simulation of glucose-insulin model implementadSiIMULINK, Brown [1],

- Creating adaptive controllers for intelligent ntonng of diabetic, Bellazzi [2],

- Constructing a subcutaneous insulin absorptiodehdNucci [3],

- Study about the control of drug delivery to aigratt Doyle, Parker [4],

- Model pancreas function during a long-term insdiierapy, Young, Chuang [5],

- Kinetic model of blood glucose variation in a &ibficial pancreas, Young [6],

- Development of the insulin-glucose feedback mgodelic [7].

In Poland the issue of artificial pancreas has bra@ed in the studies of Nak [8], Swiercz [9],
tadyzynski [10] as well as Trojanowski and Wach [11, 132].1

There have been used different methods of modethegnsulin-glucose system based on the Al
algorithms in the aforementioned publications; hesve none of the known studies has tried
approximation and modelling with the use of waveketiron networks.

Construction of wavelets in the MATLAB environmdat the ‘wavemngr’ function.

Arguments of the function ‘wavemngr’ (‘fadd’, FN, RSWT, NUMS, FILE, B) are:

- FN — full family name,

- FSN — short name of the wavelet family,

- WT — wavelet type,

- NUMS - the definition of the wavelet,

- FILE — adds a new wavelet to the MATLAB set,

- B — number of trials in a given wavelet.
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As a result of this research based on 2600 measuterfl ‘own’ wavelet functions have been
distinguished which demonstrate the features ofrtbalin-glucose system.

Characterization of the glucose profile curve seemgossible. It's a very variable process which
depends on many factors like diet, time, metabqligestyle, work and many others. In order to take
account as many features as possible, 2600 measotrgroints have been analyzed. Furthermore, 200
most characteristic processes from among them Hmen selected. The main task of wavelet
restructuring was to define the feature vector Whiould be influenced by the learning process. eat
vector could be determined thanks to the previodsgracterized wavelet functions:

- Haar wavelet,

- Coiflets

- Biorthogonal,

- Symlets,

- Alternative function “diab”.

The experiments were unsuccessful as the preditiothe diabetes support system had not been
received.

Feature vector is the first part of the classigstem where the results of dry tests are being
exposed to the wavelet decomposition for N-factord ai scale defined with the wide range of analyze
data.

An alternative solution has been prepared and wé&velalled ‘diab’ have been designed. As a
result N wavelet components have been received hwbarespond with the subintervals set in the
bounded interval with endpoints among parameters fscale ai. Feature vector Fihas been received for
the neuron net.

3. THE PROJECT

In order to collect the necessary data a specidl siee was created, namely http://virtual-
net.pl/DiabLab/personData.html. On the web pagateempt is supposed to write his or her weight, age,
gender and of course the level of blood glucosecentnation obtained by the strip test method.
Furthermore, the system saves the data and entil@gsatient to view the history of measurements.
There is also a possibility to refresh the resdfser having collected the necessary data, theegysvill
determine the required amount of insulin, as welihee blood glucose curve.

The blood glucose level
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Fig. 1. Graph of the blood glucose level withinggitime periods for the research trial of 56 pasien
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Fig. 2. The graph of the patient’s glucose prafileve.

The results, which have strictly a research charaere based on the trial of 56 patients from
different age groups. The important point of analys also the fact that the blood glucose leves wa
monitored several times a day during the whole weaelrder to establish the right doses of insutin f
every patient.

The results suppose to identify the problem and fire best solution for the patients. Therefore,
three different methods were specified: proportiatifierentiating relation, Fourier analysis and Al
algorithm method.

3.1. THE Al METHOD

The IT system which facilitates the decision makprgcess has been constructed in such a way
that it would be available twenty-four hours andesedays a week for every Internet user. One of the
most important aspects of the IT system is the ipi$g of continuous patient’'s monitoring with the
assumption that the more data you have, the betiability of the system. Another essential featof
the system is a clear web page where text modeore important than the graphic one. Thanks to the
web page a patient has got an access to the dsganlih the daily glucose level. The server envinent
for the application is Apache/2.2.9.

The elements that influence the decisions of thetesy are two neuron networks. The first one
activated by the ‘diab’ wavelet family affects tthecisions of a doctor by identifying diabetes om blasis
of 2600 measurements of blood glucose level. Therobne defines the necessity for insulin infusion
based on 56 diabetes trials on patients with desbet

The IT system was tested on equipment with platfortel Core Duo2 T7250 and 2GHz, stroke of
main bus 777MHz, 1GB memory RAM.

3.2. THE RESULTS

System proved the following interrelations durihg tests based on 2600 data from patients with
diabetes:
Test in diagnosing diabetes for 100 randomly chaseses among 2600 measurements.

Table 1. Results of diabetic transforms diagnosgesysctivated by an alternative wavelet and nensiwork activated by polynomial
function and Fourier transform.

Approximation

Fourier transform

Polynomial

“Diab” wavelet

Diagnosis

49

71

75
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The model 1 — approximation by Fourier transforms:

f (X) = a, +a Ocos(awx) +b, sifwx) 1)
where:
ag= 133 (-399.5, 665.5)
a= -15 (-816, 786)

b= 0 (-5.622e+018, 5.622e+018)
w=  0.1047 (-1.995e+015, 1.995e+015)

The model 2 — approximation by polynomial:
f(x)=ax®+bx* +cx+d )
= 5.426e-005 (-0.0001022, 0.0002107)
= -0.02401 (-0.06649, 0.01847)

c= 2509 (-0.4938,5.512)
= 89.92 (37.22, 142.6)

Fourier Polynomial Wavwet

Diagram.1. Results of analyzing diabetic transfodiagnose system activated by an alternative wawelétneuron network activated by
polynomial function and Fourier transform.

Test verifies high efficiency of the system [SN]tigated by an alternative ‘diab’ wavelet or
polynomial. System [SN] released by the Fourierctiom proved recognizability on the level 49 from
100.

Test determining the necessity of infusion for 5&asurements from the data base.
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Table 2. Results of diabetic transforms diagnostesysictivated by an alternative wavelet and nengiwork activated by polynomial
function and Gauss function.

Approximation Gauss function Polynomial | Data fr?mtdiabetia
es
Diagnosis 18 11 38

40—

354

30

25+

O Recognizing

20+

154

10

Gauss Polynomial Wauet

Diagram 2. Results of analyzing diabetic transfodiaginose system activated by an alternative wawaelétiheuron network activated by
polynomial function and Gauss function.

Diagram 2 presents superiority of the system atd/directly from the data base of blood glucose
measurements where among 56 diabetic cases tleersystified it 38 times.

During the simulation of blood glucose profile ashdbetic transforms with the help of neuron and
neuron-wavelet network there was a search for amapm relative to the value:

Amount of iterations of networks learning

Number of hidden networks

Operation time

Above-mentioned equipment was able to perform ati60t000 iterations during one day. Tables
(1) and (2) as well as diagrams (1) and (2) preagangement of MSE (Mean Squared Error) for tke te
and for blood glucose profile.

Table 3. Acceptance or rejection the learningeyat the diabetic test.

[Number of ite 1000 2000 5000 10000 50000 100000 500000f 1000000
Levels of neural network 1
5 Fail Fail Fail Fail Fail Pass Fail Fail
10 Fail Fail Fail Pass Fail Pass Fail Pass
15 Fail Fail Fail Pass Pass Pass Pass Pass
20 Fail Fail Fail Fail Pass Pass Pass Pass
25 Fail Fail Fail Pass Pass Pass Pass Pass
50 Fail Fail Fail Fail Pass Pass Pass Pass
100 Fail Fail Fail Fail Pass Pass Pass Pass
150 Fail Fail Fail Fail Pass Pass Pass Pass
200 Fail Fail Fail Fail Pass Pass Fail Pass
250 Fail Fail Fail Fail Pass Pass Pass Pass
500 Fail Fail Fail Fail Fail Fail Fail Fail
1000 Fail Fail Fail Fail Fail Fail Fail Fail
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Table 4. Acceptance or rejection the learning cjmtehe blood glucose profile.

INumber of iterg 1000 2000 5000 10000 50000/ 100000f 500000 1000000
Levels of neural network 1
5 Fail Pass Pass Pass Pass Pass Pass Pass
10 Pass Pass Fail Pass Pass Pass Pass Pass
15 Fail Pass Fail Pass Fail Pass Pass Pass
20 Fail Fail Fail Fail Fail Pass Fail Pass
25 Fail Fail Fail Fail Pass Fail Fail Fail
50 Fail Fail Fail Fail Fail Fail Fail Fail
100 Fail Fail Fail Fail Fail Fail Fail Fail
150 Fail Fail Fail Fail Fail Fail Fail Fail
200 Fail Fail Fail Fail Fail Fail Fail Fail
250 Fail Fail Fail Fail Fail Fail Fail Fail
500 Fail Fail Fail Fail Fail Fail Fail Fail

The distribution of mean square error for the sample of blood glucose profile
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Diagram 3. Arrangement of MSE for the diabetic tisgpending on the amount of hidden neuron netwamkisthe number of iterations of
learning networks.
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Diagram 4. Arrangement of MSE for the blood glucpsgfile depending on the amount of hidden neuretwaorks and the number of
iterations of learning networks.
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4. THE CONCLUSION

A number of empirical researches have been condudige most important one was comparing
approximation of a characteristic transform foragignt with diabetes. A data base of the blood agec
level indications has been collected for diverstepés. Features of transforms in the above meetion
groups of data have been examined and on the ba#mat types as well as characteristic features of
transform approximation have been chosen.

Thanks to the standard wavelet algorithms ‘diakéraktive wavelet has been prepared. Neuron
network structure, which reflects the pancreas tfancand supports the possibility of diagnosing
diabetes, has been derived for the ‘diab’ alteveattavelet.

Principles for the IT system of artificial pancrdasve been prepared, and IT system within the
WWW has been implemented.
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Fig. 3. Window of data change in the artificial peeas system (in Polish).

The artificial pancreas algorithm has been workedt @s a supporting system for
a diabetologist. It enables to make decision wheonmes to the amount of insulin infusion. Systerfor
healthy patients as well as for those with diahdtesever, the second group should always constht w
the doctor. In such case, system can be usedegister for the patient as it allows daily moningyiof
the blood glucose level and the disease itself.

@ i | http:f/diablab, virtual-net, pl: 3080)DiabLab)personjcalculate, action

Fiit:  Edwoja  Widok.  1ubione

Marzediia Paomios

Diabetics Lab ‘ ‘
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2009-09-30 10:36
2009-09-30 10:37
2009-09-30 10:40

Za malo pomiarow
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Za malo pomiarow

Za malo pomiaraw
Za malo pormiarow

Za malo pomiarow

Za mato pomiardw | - -

Za malo pomiarow

Za malo pomiarow

2009-09-30 1041 | 15 negatywiy Za malo pomiarow | - -
2009-09-30 1043 | 15 negatywiy Za malo pomiarow | - -
2009-09-30 1044 | 15 pozvtywny Za malo pomiarow | - -
2009-10-06 14:24 | 15 negatvwiy Za malo pomiarow | - -

Strona glowna

Fig. 4. Window of decisions in the artificial pagas system (in Polish).

Programmer equipment has been chosen within thikcdidense which is available thanks to the
Open Source Definition so that the costs of maenter and implications could be as low as possible.
Therefore, system maintenance consists of paynientomain and service. What is more, in order to
cut costs a potential user needs an Internet atmesslevice using standard browsers without lieens

Mozilla/5.0, Firefox/2.0.

MS Internet Explorer minimum 5.0. version.

and other browser systems available on mobile phohthe most popular companies in Poland.
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The costs of a patient are equivalent to the boagbipment as producers of computers and mobile
phones equip it already with operating systemslate¥net browsers. This solution is in author’srngin
optimal from the economical point of view. An atiative would be to use paid licenses on SQL system.

Potential cost of such a solution begins from 16QN and includes purchase of programmer
environment and software. The upper limit is imgnesto define as it depends on the number of data
and time of safekeeping. Usefulness of the systgpeids on many factors like i. a. reliability, nienbf
stored data and performance, while these depermbione costs. Nowadays system operates optimally in
relation to the outlay. However, in future thisgoablution would be more safe and reliable.

Solutions presented in the following study arernegéing for telecommunications companies as the
incidence of diabetes is still growing.

Similar system has been tested with positive redujtthe Orange Austria mobile network operator,
Pilinger [14]. There are essential differences wltemparing the above-described system with the
solutions within Orange Austria.

Orange Austria service only monitors the patient.

The service operates only with Accu-Check Combdesydased on the Bluetooth technology.

System described in the following study is not dmiged on monitoring the patient, but also thanks
to the neuron wavelet algorithm it predicts theassary insulin infusion. As soon as the systenudes
pharmacodynamics parameters of insulin drugs, ulevbe possible to define the dosage by the insulin

pump.
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