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MODELS OF GENERATION OF INPUT DATA OF TRAINING OF NEURAL
NETWORK MODULES FOR DIAGNOSTIC OF DISEASES IN UROLOGY

The subject of the research presented in the article is neural network modules (NNMs), which are used to solve
problems in the practice of diagnosing diseases in urology. This work aims to develop a mathematical model
for generating a multitude of uroflowmetric parameters, in particular, graphs of uroflowrograms of the
required volume, used as input data for NNM training. Objective: to develop a mathematical model for the
formation of uroflowmetric parameters using a probabilistic approach based on a uniform "white noise”. To
develop an effective algorithm for the procedure for generating new parameter values and tools for its
implementation. Methods used: NNM training methods, mathematical modeling methods, digital signal
processing methods, tools for generating and processing random numerical sequences, digital data filtering
methods. The following results were obtained: when creating and implementing a mathematical model for
generating a large amount of training data, the requirements of randomness are taken into account when
obtaining new values of uroflowmetric parameters. And at the same time, the obtained noise values are filtered
to values of a given range, which are percentage-wise comparable to the amplitude value of the uroflowmetric
parameter. Conclusions. The scientific novelty of the results is as follows: the NNM training method for
recognizing diseases in urology has been improved by developing a mathematical model to generate
uroflowmetric parameters for NNM training. The presented model allows you to create the necessary amount
of data for training neural network modules in the course of experimental research on the recognition of
diseases. The generation of uroflowmetric parameters is based on adding noise to the parameter values. This
allows you to change the input data of the NNM training in a given range. This ensures the creation of the
required input volume of the NNM training procedure. In the future, this contributes to the testing process of
trained neural network modules with reliable information on the diagnosis of diseases in urology.

Keywords: uroflowmetric parameters; graph of the uroflowrogram; normal noise; neural network modules;
training of neural network modules; diagnosis of diseases.

Introduction

Modern medicine has been long using computer
diagnosing of diseases. The procedures for collecting
and processing diagnostic information (in particular, the
results of radiography, electrocardiogram, ultrasound,
mammography, tomography, uroflowmetry, etc.) have
been automated, in real time as well by means of
telemonitoring [1-3]. Another factor influencing the
systems of diagnosing diseases is the implementation of
intelligent information technologies for solving medical
issues. In particular, the neuronet approaches to
diagnosing diseases have been widespread in various
fields of medicine, such as cardiology, urology, diseases
of the lungs, infectious and other diseases [4-6].

A current task with such an approach is to obtain
the necessary amount of data sufficient for training, and
further correct recognition of diagnosed diseases. In
addition, neuronet modules should have a high level of
generalizing abilities to identify diseases, taking into
account the individual characteristics of patients and the
possible influence of regional factors on the diagnostic

parameters associated with the state of the environment
or natural changes. In this regard, the current task is to
provide a sufficient amount of training data to assure the
reliability of the diagnosis of diseases in urology.
Objective of the paper is to develop a model for the
formation of uroflowmetric parameters using a
probabilistic approach based on a uniform "white noise".

Network training issues

Network generic capabilities can be improved by
increasing the amount and updating of training data. The
study of the neuronet is performed with the help of
additional learning pairs. The purpose of this approach is
to provide a network that allows one to identify the
incoming data that is slightly modified and has variations
in values within the given permissible limits. In other
words, when processing incoming signals the network
should produce adequate output signals, so it should be
insensitive to the variations in input data within a given
range. Even when it was tested, the input signals were
not included in the training set. There is a mathematical
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substantiation for such a requirement. Let the vector of
test set be xv. The task of network training is to
minimize the target function [7-9]:
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where p; is the type of disease, f(xl;) is the output

value of the net, N is the volume of training sample.
However, this does not guarantee that the trained
network will accurately recognize the input vector xvg

from the test set XV = {(ka)}f:l, where Z is volume

of test set. Further research is based on the assumption
that the test vector is xvi slightly different from the
vector xl. Define this difference in the form:

xvi =xlj+r, (2)
where r =[ri, I2, ..., rm]" is a noise vector which is a
random variable with small values of the amplitude,
M- is the number of input neurons.

Influence of noise on uroflowmetric
parameters

When forming the training data for learning the
neuronet, the author has used the values of the
uroflowmetric parameters and their respective diseases.
An increase in the amount of training pairs has been
carried out by generating a quantity of values of the
uroflowmetric parameters.

This is done by adding the noise as indicated in
formula (2) to the uroflowmetric parameters, which with
100 % confidence correspond to the disease.

The studies were conducted to analyze the
network's response to changes in training data over
several stages. In particular, in the first phase of training
there were 100 training pairs.

After completing the training, an analysis of
quantitative and qualitative indicators of the network
operation was carried out.

The network has been trained to diagnose of two
classes of diseases: a slight bladder outlet obstruction
(class 1), detrusor-sphincter dyssynergia (class 2) [10].
The analysis of the influence of noise on changes of the
uroflowmetric parameters was investigated in the graphs
of uroflowrograms. Figure 1 shows a typical graph of
the uroflowrogram for disease in class 1. Noise
formation is based on the following condition white

noise is a random value ranging from O to axxlj ,

where a is a constant (threshold value of change in

. . Mo
amplitude of noise)), xI;, {xlj}_ | is a vector of the
J:

values of the uroflowmetric parameter (in particular, of
the uroflowrogram) involved in the training, M is a
number of vector values of the uroflowmetric parameter
(number of input neurons). It should be noted that the
value of the constant a is determined experimentally,
depending on the value of the reliability of the results
obtained by the identificating the uroflowmetric
parameter.

Subsequently, an analysis was made of the effect
of noise on changes in the values of uroflowmetric
parameters. In particular on the graphs of
uroflowrograms for a disease of class 1. Figure 1 shows
a typical graph of uroflowrograms for this disease.
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Fig. 1. Uroflowrogram for disease in class 1
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To prepare the parameters for learning the network their
values are normalized by the formula

XI]
le: Xlmax ’ ©

where Xl is the maximum value quantity of

uroflowmetric  parameters, xlj is the current vector
value. Figure 2 shows the graphs of the uroflowrogram
after normalization for two classes.

Then the normalized values of the uroflowrogram
change under the influence of noise in the same way as
in expression 2:

where r;jis the noise value corresponding to each value
of the vector of the uroflowmetric parameter. MATLAB
generates noise sequentially; one random number is
generated in the range from 0 to 1 using the function

rand(l,l) which is called even white noise.

Figure 3 shows a graph of generated noise for a set
of 125 values of a uroflowrogram.

At the initial stage of the constant a has value 0.15
In other words, the noise threshold is 15 % of each
current value of the vector of uroflowmetric parameter.
After that, the noise value is filtered in the range from
0 to a = 0.15. Figure 4 shows the filtered noise graph for
class 1 uroflowrogram.  Further  network learning
included 100 training pairs for two diseases of class 1
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Fig. 2. Graphs of normalized uroflowrograms of two classes
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Fig. 3. Generated noise graph for a set of 125 value
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Fig. 5. Graphs of distorted and undistorted uroflowrograms of class 1

and 2. In Figure 5 shows one of the variants of the
uroflowrogram of the first class of the disease (distorted
and undistorted), which took part in the learning
process.

Figure 6 presents a variant of distorted
uroflowrograms of two classes of diseases involved in
the training.

Figure 7 shows the graphical results of training a
neural network module in the volume of 100 training
pairs for two classes of diseases with distorted input
vectors.

Conclusion

The article presents a mathematical model for
generating a sufficient volume of input data for training
neural network modules for diagnosing diseases in
urology. A solution to this problem is necessary for
experiments to analyze the reliability of disease
recognition results. The experiments were carried out
on uroflowrograms, which are one of the most difficult
to recognize uroflowmetric parameters. In the work, we
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Fig. 7. Results of recognition by the module of distorted input data in training cycles

used graphs of uroflowrograms with 100 % certainty  of its amplitude in a given range. This approach allows
identifying the disease. The required number of graphs  you to simulate the presence of patients with the same
is generated by adding uniform “white noise” to the  diseases.

main uroflowrogram taking into account the limitation
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MOJEJIM TEHEPAITUY BXO/IHBIX JTAHHBIX OBYYEHUS HEHPOCETEBBIX MOJIYJIEN
JAJI JUATHOCTHUKHA 3ABOJIEBAHHUU B YPOJIOI'NN

H. U. ®eoopenko

IIpenmeToM wccienoBaHus, MPEICTABICHHOTO B CTaThe, SBIAIOTCSA HelpoceTeBbie Moayan (HCM), koTopsie
HCTIONB3YIOTCS AJIS PeIIeHUs 3ajad B MPaKTUKE AHArHOCTHKH 3aboneBanuid B yposoruu. Ileablo manHo# paboThl
SIBIISICTCA pa3padOTKa MaTeMaTHYECKOW MOJENH Ul TeHepalud MHOXKECTBA ypo(IOyMeTpHIECKUX TapaMeTpoB, B
YacTHOCTH TpaduKoB ypodioyporpaMM HeoOX0AMMOT0 00BhEMa, HCHOIB3YEMBIX B KAU€CTBE BXOJHBIX JaHHBIX IJIS
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o0ydenuss HCM. 3amava:  paspaboraTh  MareMaTHYeCKyl0  MoAenb  (OpPMHUpPOBaHHMS  MHOXECTBA
ypOo(IIOyMETpUYECKUX HapaMeTpOB C MCHOJIB30BAHUEM BEPOSITHOCTHOTO MOAXO/a, OCHOBAHHOTO Ha PaBHOMEPHOM
«0OesoM mrymey; pazpabotaTh 3(pPEeKTHBHBIN aNrOpUTM VIS MPOIETypHl TeHePallni HOBBIX 3HAUCHUI IMapaMeTpoB U
MHCTPYMEHTSHI I ero peann3anuu. Mcmonas3yembie MeToabl: MeToasl 00ydennss HCM, MeTonsl MaTeMaTH4ecKOro
MOJIETMPOBAHS, METOIBI HU(PPOBOH 00pabOTKH CHTHAJIOB, HHCTPYMEHTHI JJIs TEHEPAIui M 00pabOTKH CITydaiHBIX
YHUCIIOBBIX MOCIIENOBATENBHOCTEH, MeETOAbl HU(POBOH GMIBTPALUKM [JaHHBIX. BBUIM MONXYydYEHBI CIEYIOIIUE
pe3yJIbTaThl: TIPH CO3JaHWUH W pPEATN3alMH MaTEeMaTHIECKOW MOIETHM AJISI TCHEpaluH OOJNBIIOTO KOJIHMYECTBA
o0yJalomux JaHHBIX TpPeOOBaHHWA CIyYailHOCTH  yYWTBHIBAIOTCA IIPU  MOJNYYECHWHM HOBBIX  3HAYCHUH
ypodioymMeTpuieckux napamerpoB. M B To ke BpeMsl IOJIydeHHbIE 3Ha4YeHUs HIyMa (QUIBTPYIOTCS 10 3HAUCHUH
3aJaHHOTO JMana3oHa, KOTOpble B NPOLEHTHOM OTHOLIEHHWH COIOCTaBUMBI CO 3HAUCHHUEM aMILIUTY/bI
ypoduoymerpuueckoro mnapamerpa. BwiBoabl. HayuHas HOBM3HA TIOJNy4EHHBIX pe3yJIbTaToOB 3aKIIOYaeTcs B
cnenyromeM: Meron ooyuenust HCM st pacnio3HaBaHus 3a00J1€BaHui B YPOJIOTUH OBLI YCOBEPIICHCTBOBAH ITyTEM
pa3paboTKW MaTeMaTHYecKOH MONeNu JUIs TeHepalud MHOXECTBa YpOo(IOyMETpHYEeCKMX MapaMeTpoB JUIs
o0yuennss HCM. IlpencraBieHHas MOJETb MO3BOJISIET CO3[aTh HEOOXOMUMBIA 00BEM MaHHBIX sl OOYYCHUS
HEWpOCETEeBBIX MOYJEH B XOJ€ 3KCIEPHMEHTAIBHBIX HCCIICIOBAHUN 1T0 pacro3HaBaHMUIo 3aboneBaHuid. ['eHepanns
MHOXXECTBa YpO(IOyMETpHUECKHX MapaMeTpoB OCHOBaHA Ha JOOABICHUM IIyMa K 3HAYCHMSAM IapaMmeTpoB. OTO
MIO3BOJISIET M3MEHWTh BXOAHBIC AaHHbIe oOydeHns HCM B 3amaHHOM [uama3oHe, YTO OOECIeYMBacT CO3JaHHE
HeoOxoanMoro odwseMa JaHHBIX Ui Tpouexypsl oOydenns HCM. B manpHeiimeM 3T0 cnocoOCTByeT mpomueccy
TECTUPOBAHMSI OOYUYCHHBIX HEHPOCETEBBIX MOAYJICH C TOCTOBEpHOH MH(OPMAINEH 110 ANarHOCTHKE 3a00sieBaHni B
YPOJIOTHH.

KaroueBble cioBa: ypoduioymMeTpudyeckue mHapaMeTpbl; rpaduk ypoguioyporpaMMbl; HOPMaNbHBIH IIyM;
HelpoceTeBble MOAYIH; 00yUeHUE HEUPOCETEBBIX MOIYJICH; IMarHOCTHKA 3200 IeBaHUI.

MOJIEJII TEHEPAIII BXIZTHUX JAHUX HABUAHHS HEMPOMEPEKEBUX MOJIY.IIB
A JIATHOCTUKH XBOPOB B YPOJIOI'TI

M. 1. @eoopenxo

I[IpeameToM [IOCHIKEHHS, TIPEACTAaBICHUM B CTaTTi, € HehWpomepexei woayrmi (HMM), sxi
BUKOPHCTOBYIOTHCS JJIsI BUPILICHHsS MPOOJIEM y IMpakKTHIi AIarHOCTHKM 3aXBOPIOBaHb B ypojorii. MeToro maHoi
poboTH € po3podKa MaTeMaTHYHOT MoJeli it popMyBaHHS MHOXKHHH YPO(IOYMETPUYHHUX MapaMeTpiB, 30Kpema,
rpagikiB ypodmoyporpam HeoOXimHOTO 00CATY, M0 BHKOPHUCTOBYIOTHCS SIK BXIIOHI HaHi ais HaB4aHHA HMM.
3ajgaua: po3poOMTH MaTeMaTW4Hy MoJelib  (OPMYBaHHS MHOXHHHA  YpO(IOYMETPHYHHX TapaMeTpiB,
BUKOPHCTOBYIOYHM WMOBIPHICHMH MiNXiJl, 3aCHOBAaHUN Ha PIBHOMIPHOMY «O1JIOMy LIyMi»; po3poOuTH e(eKkTUBHUI
AITOPUTM TPOLIEAYPU TeHepalii HOBUX 3HA4YeHb MapaMeTpiB Ta IHCTPYMEHTIB sl Horo peaizarii.
BukopucToByBaHi MeTOAM: MeTOaH HaBuaHHI HMM, MeTomu MaTeMaTHYHOTO MOJCIIOBaHHSI, METOaU HUGPOBOL
00pOOKH CHUTHAJIB, IHCTPYMEHTH IJIsi TeHepallii Ta oOpoOKHM BHITQJKOBHX YHCIOBHUX IOCIIAOBHOCTEH, METOAM
uudposoi dinbrpanii qannx. OTpUMaHi Taki pe3yJbTaTH: NPU CTBOPEHHI Ta peaiizalii MaTeMaTH4HOT MOJeNi st
(opMyBaHHs BEIMKOTO OOCATY HaBYAJIBHHMX JAHMX, BUMOTH BHUIIQJIKOBOCTI BPAaXOBYIOTHCS IPU OTPUMAHHI HOBHX
3HaueHb ypodIoyMeTpruyHHX mapamerpiB. I B TOH ke yac OTpHMaHi 3Ha4YeHHS IIyMy (UIBTPYIOThCS 1O 3HAYEHb
3a[JaHOTO [iarla3oHy, sKi B BIJCOTKaX TMOPIBHSHI 31 3HAYEHHAM aMIUNTYAH YpPO(MIOYMETPUIHOTO MapaMeTpa.
BucnoBku. HaykoBa HOBH3Ha pe3ynbTaTiB INOJSArae B HAaCTyMHOMY: MeToj HaByaHHI HMM juis posnizHaBaHHS
3aXBOPIOBaHb B ypoJIOTii OyB yJOCKOHAJICHUH HUIIXOM PO3pOOKHM MaTeMaTHYHOI MOJENI [UIsi CTBOPEHHSI MHOXKHHHU
ypohaoymeTpudHUX mapameTpiB ais HaBuaHHS HMM. IlpencraBieHa Mojenb 03BOJSE CTBOPUTH HEOOXiTHUN
obcAr maHuWx AJs HaBYaHHS HEHpOMeEpe)KeBUX MOJMYIIB B XOJi €KCIEPHUMEHTAIBHUX AOCHIIHKEHb 3 PO3Ii3HaBaHHSI
3axBoproBaHb. DOPMYBaHHA MHOXHHH YpPO(IOYMETPHUYHHMX IMapaMeTpiB 0a3yeThCsl HA JOJABaHHI IIyMy, IO
3a0e3nedye CTBOPEHHS HEOOXiTHOTO BXimHOTO oOcsry maHumx mponenypu HapuanHs HMM. Hanani me crpusie
MPOIIECY TECTYBAaHHS HABUYCHUX HEHPOMEPEKEBUX MOMAYIIB 3 JOCTOBIPHOI iH(pOpMAIIEI0 IO JiarHOCTHII
3aXBOPIOBaHb B yPOJIOTii.

KarouoBi cioBa: ypodnomerpuuni mapamerpu; rpadik ypooyporpamMu; HOpMIEHUN IIyM; HEHpOMEpexKeBi
MO/TyJIi; HABYaHHS HEHPOMEpEKEeBUX MOIYIIB; AIarHOCTHKA 3aXBOPIOBAHb.
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