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muand cBs3u (MHTepHeT, B ToM uncne GPRS, u moOunpHyIO
(COTOBY10) CBSI3b);

JUTEPATYPA

MIPOTOKOJIBI CHHXPOHHOT'O TENEKOHCYIbTUpoBaHUS Mo cxeme |.Bnamsumupckuii A.B., [lonny6nas A.B. [lorocniutanbsHble Tene-

«MobusHbIe cepBuCchI+E-mail» (1o MOOUIBHBIMU CEPBHCAME MBI
noHumMaeM ooMeH MMS/SMS coobmenusimu, MoOMITBHEIH HTEp-
HET U TOJIOCOBYIO CBS3b).

2. IlepBBle pe3yibTaThl CBUAETENBCTBYIOT O BBICOKOH d((ek-
THUBHOCTH YPreHTHOTO TEIEKOHCYJIbTHPOBaHMs (OBICTpOE MONTyde-
HHE KOHCYJIbTAIIMU Y3KOTI'O CIICHUAINCTa, ONTUMU3ALUS OIlepaTHB-
HOTO JIEYEHHs], yBEeIN4YeHHe 00beMa MOMOIIY 10 JUYHOTO IIpue3na
KOHCYJIBTAaHTa, yJIy4IlIeHHEe Pe3yJIbTATOB JEYCHHS).

3. Heobxoanma pa3paboTka MpOTOKOJIOB IS JOTOCTIUTAIBHOTO
U TOCTIUTATBHOTO CUHXPOHHOTO TEIEKOHCYIBTUPOBAHUS TPABMHUPO-
BaHHBIX.

4. Majoe KOJIMYeCTBO MPOBEICHHBIX YPIeHTHBIX TEICKOHCYIIb-
Tanuii Moka He MO3BOJSIET HaM IPOBECTH CTPOTO€ CTATHCTHIECKOE
00ocHOBaHME BBIpaOOTaHHBIX perieHni. JlokasarenpHas 0a3a cHH-
XPOHHOTO TEIEKOHCYJIBTUPOBAHUS B TPABMATOJIOTUH U CTaHET 00b-
€KTOM Halllero JalbHEeHIIero H3yueHus..
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Aim of the work — development of optimal scheme of usage urgent teleconsultation in traumatology at in-
hospital stage, investigate first results. Its carried out 9 teleconsultations bya few technologies: scheme
«MMS+E-mail», mobile telephony, mailing list, e-mail. Results. Optimal scheme of usage urgent teleconsulta-
tion in traumatology at in-hospital stage include: telemedical work stations on the base of mobile devices with
digital cameras and alert-function (PDA, smartphones, communicators etc); communications lines (Internet,
GPRS, mobile telephony); protocols for synchronous teleconsultations. The first results show the high effi-
ciency of urgent teleconsultations (fast advicing of expert, optimisation of surgical treatment, increasing of
medical care, good outcomes). It is necessary to develop protocols for pre- and in-hospital synchronous telecon-

sultations of injuried.
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Abstract

This paper illustrates the use of combined neural network (CNN) models to guide model selection for breast cancer
diagnosis. Diagnosis tasks are among the most interesting activities in which to implement intelligent systems. Spe-
cifically, diagnosis is an attempt to accurately forecast the outcome of a specific situation, using as input information
obtained from a concrete set of variables that potentially describe the situation. The CNN network model trained with
Levenberg-Marquardt algorithm used the attributes of each record in the Wisconsin breast cancer database. The first
level networks were implemented for the diagnosis of breast cancer using the attributes of each record as inputs. To
improve diagnostic accuracy, the second level networks were trained using the outputs of the first level networks as
input data. For the Wisconsin breast cancer diagnosis problem, the obtained total classification accuracy by the CNN
network model was 98.15%. The CNN network model achieved accuracy rates which were higher than that of the

stand-alone neural network models.

Key words: Combined neural network (CNN), Levenberg-Marquardt algorithm, Breast cancer diagnosis, Diagnos-
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1. INTRODUCTION , , o , Table 1.
Medical ~diagnostic ~decision  support Wisconsin breast cancer data®: description of attributes
systems have become an established Attribute Attribute description Minimum | Maximum | Mean Standard
component of medical technology. The main| number deviation
concept of the medical technology is an| | Clump thickness 1 10 4.44 2.82
inductive engine that learns the decision - - -
characteristics of the diseases and can then be | 2 Uniformity of cell size 1 10 3.15 3.07
u_sed to diagnose future patients with uncertain| 3 Uniformity of cell shape | 1 10 302 2.99
disease states. Neural networks have been used - -
in a great number of medical diagnostic 4 Marginal adhesion 1 10 2.83 2.86
dheCiSéOi} SFPIQOIT SEStenlll applications beC?(lil}Sf{ of | 5 Single epithelial cell size | 1 10 3.23 2.22
the belief that they have greater predictive -
power. Unfortunately, there is no theory | © Bare nuclei 1 10 354 | 3.064
available to guide an intelligent choice of| 7 Bland chromatin 1 10 345 2.45
model based on the complexity of the -
diagnostic task. In most situations, developers 8 Normal nucleoli 1 10 2.87 3.05
are simply picking a single model that yields | 9 Mitoses 1 10 1.60 1.73

satisfactory results, or they are benchmarking a
small subset of models with cross validation
estimates on test sets [1-3]. The economic and
social values of breast cancer diagnosis are very high. As a result,
the problem has attracted many researchers in the area of
computational intelligence recently. They managed to achieve
significant results varying from 95% to 98% [4-7] In this study,
an application of the combined neural network (CNN) to the
Wisconsin breast cancer diagnosis problem was reported. In order
to implement CNN, for the first level models we used two sets of
neural networks since there were two possible outcomes of breast
cancer diagnosis (benign records and malignant records).
Networks in each set were trained so that they are likely to be
more accurate for one type of disorder than the other disorders.
The predictions of the networks in the first level were combined
by a second level neural network. We were able to achieve
significant improvement in accuracy by applying neural networks
as the second level model compared to the stand-alone neural
networks.

2. WISCONSIN BREAST CANCER DATABASE
OVERVIEW

Breast cancer is a malignant tumour that has developed from
cells of the breast. Although scientists know some of the risk
factors (i.e. ageing, genetic risk factors, family history, menstrual
periods, not having children, obesity) that increase a woman’s
chance of developing breast cancer, they do not yet know what
causes most breast cancers or exactly how some of these risk
factors cause cells to become cancerous. Research is under way
to learn more and scientists are making great progress in
understanding how certain changes in DNA can cause normal
breast cells to become cancerous [7]. In this study, the Wisconsin
breast cancer database taken from fine needle aspirates from
human breast tissue was analyzed. They have been collected by
Wolberg and Mangasarian [7] at the University of Wisconsin-
Madison Hospitals. The data consists of 683 records of virtually
assessed nuclear features of fine needle aspirates taken from
patients’ breasts. Each record in the database has nine attributes.
The nine attributes detailed in Table 1 are graded on an interval
scale from a normal state of 1 to 10, with 10 being the most
abnormal state. There are 239 malignant cases and 444 benign
cases. A malignant label is confirmed by performing a biopsy on
the breast tissue. Either a biopsy or a periodic examination is
used to confirm a benign label.

3. COMBINED NEURAL NETWORK MODELS

CNN models often result in a prediction accuracy that is
higher than that of the individual models. This construction is
based on a straightforward approach that has been termed stacked
generalization. The stacked generalization concepts formalized
by Wolpert [8] and refer to schemes for feeding information from
one set of generalizers to another before forming the final
predicted value (output). The stacked generalization scheme can
be viewed as a more sophisticated version of cross validation and
has been shown experimentally to effectively improve
generalization ability of artificial neural network (ANN) models
over using stand-alone neural networks [2,3]. The multilayer
perceptron neural networks (MLPNNs) were used at the first

*N=683 observations, 239 malignant and 444 benign

level and second level for the implementation of the CNN
proposed in this study. This configuration occured on the theory
that MLPNN has features such as the ability to learn and
generalize, smaller training set requirements, fast operation, ease
of implementation. In both the first level and second level
analysis, the Levenberg-Marquardt training algorithm was used.

4. APPLICATION OF COMBINED NEURAL
NETWORK TO WISCONSIN BREAST CANCER
DATABASE

The CNN architecture used for the diagnosis of breast cancer
is shown in Figure 1. ANN architectures are derived by trial and
error and the complexity of the neural network is characterized
by the number of hidden layers. There is no general rule for
selection of appropriate number of hidden layers. Our
architecture studies confirmed that for the diagnosis of breast
cancer, a minimal network has better generalization properties
and results in higher classification accuracy. The nine attributes
detailed in Table 1 were used as the inputs of the MLPNNs
employed in the architecture of CNN. For this data, MLPNNs
with one hidden layer were superior to models with two and three
hidden layers. The most suitable network configuration found
was 20 neurons for the hidden layers and the number of output
was 2. Samples with target outputs benign records and malignant
records were given the binary target values of (0,1) and (1,0),
respectively. In both the first level and second level, training of
neural networks was done in 500 epochs since the cross
validation errors began to rise at 500 epochs. Since the values of
mean square errors (MSEs) converged to small constants
approximately zero in 500 epochs, training of the neural networks
with the Levenberg-Marquardt algorithm was determined to be
successful.

The adequate functioning of neural networks depends on the
sizes of the training set and test set. There are a total of 683
records in the Wisconsin breast cancer database, of which 444
benign records and 239 are malignant records. In the CNN, 250
of 683 records were used for training and the rest for testing. A
practical way to find a point of better generalization is to use a
small percentage (around 20%) of the training set for cross
validation. For obtaining a better network generalization 50
training records were selected randomly to be used as a cross
validation set. The training set consisted of 80 malignant records
and 170 benign records. The testing set consisted of 159
malignant records and 274 benign records. The cross validation
set consisted of 20 malignant records and 30 benign records. The
test performance of the CNN was determined by the computation
of the following statistical parameters:

Specificity: number of correct classified benign records /
number of total benign records

Sensitivity: number of correct classified malignant records/
number of total malignant records

Total classification accuracy:
records/number of total records

number of correct classified
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The CNN classified benign records and malignant records
with the accuracy of 98.54% and 97.48%, respectively. The total
classification accuracy was 98.15%. The correct classification
rates of the stand-alone MLPNN were 92.34% for benign records,
91.19% for malignant records. Thus, the accuracy rates of the
CNN model presented for this application were found to be
higher than that of the stand-alone MLPNN.
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Figure 1.
The architecture of CNN
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5. CONCLUSION
The classification results and the values of statistical
parameters were used for evaluating performances of the
classifiers. The conclusions drawn in the applications
demonstrated that the CNN model provide a good distinction
between classes.
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7.

NMPUMEHEHUE HEUPOCETEBbIX TEXHOJIOMMHA
B SAOAYAX AUATHOCTUKU CKOJTUMO3A

@I'Y «Huorcezopoockuit HUH mpasmamonoeuu u opmoneduu Poczopasay
Huoicnuii Hoseopoo, Poccus

AHHOTAIUA

OpHolt M3 CephE3HBIX MATONOTHI JeTell W MOOPOCTKOB SIBISETCS CKOIHMOTHYECKas IeopMalus MO3BOHOYHHKA.
s 00beKTUBHOI OIICHKH XapaKTepa TEUEHHs CKOJMOTHUYECKON Oone3Hn u3MepsatoT yroi Kobba mo peHTreHomornye-
CKMM CHHMKaM, U ONHCBIBAECT KPUBU3HY OyTW MCKpHBIeHHA. C IeTbI0 YMEHBIICHHS YUCIa PEHTI€HOIOTNYECKUX 00-
clIeZIoBaHUiT OOJIBHBIX CKOJIMO30M IIpEIaraeTcsi Cocod ONTHYECKOH PerucTpanuy n300pakeHus Ha OCHOBE Helpoce-
TEBBIX TEXHOJIOTHH. MapKepHbIe TOUKH Ha OMOPHBIX TOYKAaX, BBHICTABISIEMBIC BPauOM aBTOMATHUECKH PACIIO3HAIOTCS
CHCTEMOH U, Jajee 110 METOIUKE IPOUCXOAUT 00CUET IMHEHHBIX M YTIIOBBIX BEIMYNH MEXTY JHHUSIMH, TOCTPOCHHEIC
Ha OIIOPHBIX TOYKaX. JJaHHBII METOJ NMpegHa3Ha4eH IS aBTOMATH3AIMX TPOIecca U3MEPEHUsI U yJ00CTBa BEICHUS
OOJBHBIX CKOJIMO30M, C IIENbI0 HAOMIOAEHMS 332 AMHAMHKOM M3MEHEHHs CTeNeHH Ae(opMaliy MO3BOHOUHMKA INPU

JICUCHUMU.

KuaroueBrble ciioBa: ckoinos, yroa Ko66a, Spinal pantograph, Heitpocery, cetb XemMmMmuHra, pakTopHBbIil aHAIN3

E-mail: proxima78@yandex.ru

Cusranii 06pa3 KU3HU U yBEJIMUCHUE HArpy30K B y4eOHOI
mnporpaMme TpedyeT 0co00T0 BHUMAHHUS K OCaHKE MOAPACTal0-
miero noxoneHus. OOHOM M3 CephE3HBIX MATONOTHH AeTel H
HOPOCTKOB SIBJISIETCS] CKOJIMOTHYECKast JeopManyst T03BOHOY-
HHKa, MPOSIBILIIONIAsCS UCKPUBICHHEM BO (ppOHTAIBHON ILIOC-
KOCTH U pOTalluell I03BOHOYHHUKA BOKPYT CBOEH ocH.

Jy1s1 OOBbEKTHBHOM OLIEHKH XapaKTepa TeUCHUS CKOIHOTHYIC-
CKO 00NIe3HM Hy)KHA KOJIMYECTBEHHAsk Mepa, JTOCTOBEPHO OIH-
chIBaomas AeopMaliio MO3BOHOYHKKA. Takoil oOimenpuHs-
TOI MepOH, ABJISIIOILEHCS "30JI0THIM CTaHAAPTOM", CITY)KUT YIoJ
Ko66a [1], xoTopslii ompenenseTcs MO PEHTTEHOJIOTHMYECKUM
CHHMKaM H OIMCHIBAET KPUBH3HY IyT'd UcKpuBieHHsA. OqHAKO,

pEHTTeHOoIoTHYecKoe oOCle[oBaHNEe II03BOHOYHHMKA He Oe3-
BpEIHO Ul PacTyllero opranmiMa pedenka. C IeTIpi0 YMEHb-
MIEHHUS] YUCIIa PEHTTEHOJOTUUECKUX OOCIeJOBaHUIi OOJIBHBIX
CKOJINO30M pa3paboTaHbl MHOTOYMCIICHHBIE HEWHBa3HUBHBIC
METOIbI, B TOM YHCIIE IPOCTEHIINE KOHTAKTHBIE METOJBI: Spi-
nal pantograph, flexible curve, body tracer [2, 3] u xp. Onun
CeaHC IUAarHOCTHUKH TaKMMH METOJAMH 3aHHMaeT okoio 15-20
MHH, HE CUMTasl BPEMEHHU JUIS TOTO, YTOObI 3aHECTH JAHHBIE B
KapTouky. U1 emeé xakoe-To BpeMsi HEOOXOIUMO IJIS TOCTAaHOB-
K1 uaruo3a. [109ToMy 0COOEHHO aKTyalbHBIM SIBIISICTCS pa3pa-
00TKa aBTOMAaTU3MPOBAHHOTO KOMILIEKCA HEHMHBAa3WBHOM JIuar-
HOCTHKH, MO3BOJISIOMINA aBTOMaTH3HPOBATh IPOIECC HU3MeEpe-
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