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ONLINE MEDICAL DATA STREAM MINING
BASED ON ADAPTIVE NEURO-FUZZY APPROACHES

Introduction. Data mining approaches in medical diagnostics tasks have a number of special
properties that do not allow the use of such approaches in a classical form. That’s why adap-
tive neuro-fuzzy systems for online medical data stream processing tasks and its learning
algorithms have been developed. Proposed systems can process medical data streams in
three modes: supervised learning, unsupervised learning and active learning.

The purpose of the paper is to develop approach, based on adaptive neuro-fuzzy sys-
tems to solve the tasks of medical data stream mining in online-mode.

Methods. The methods of computational intelligence are used for medical data stream
processing and, first of all, artificial neural networks, neuro-fuzzy systems, neo-fuzzy systems,
their supervised, unsupervised and active learning approaches, gradient methods of optimi-
zation, methods of evolving system.

Results. As a result, approbation of the developed approach in supervised learning
mode using multidimensional neo-fuzzy neuron on medical data of patients with urological
disease was investigated. Percentage of errors in system testingusing all feature space is
11.11 %, using the most informative features the error rate becomes 6.4 %. Also multidimen-
sional neo-fuzzy neuron was used for diagnostic of the pharmacoresistant form of epilepsy,
percentage of errors in system testing is 5.82 %. Approval of the developed approach in the
mode of active training and association on the data of patients with pulmonary diseases was
performed. For all approbation results performance criterion was calculated, its values are
suitable for the tasks of medical diagnostics in data stream mode.

Conclusions. The proposed neuro-fuzzy approaches allow obtaining additional infor-
mation about patients diagnosis in conditions of limited a priori information about patient.

Keywords: adaptive system, neuro-fuzzy system, medical data mining, medical data stream.
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INTRODUCTION

Currently, data mining approaches are widely used to solve a wide range of
problems in industry, economics, finance, banking, agriculture etc. In the area of
medical diagnostics these methods are called medical data mining approaches
[1-4]. The specialty of this area is the inability to use the traditional methods of
data mining in its pure form, which is associated with a number of circum-
stances:

- limited sampling to be classified;

- significant overlapping of classes related to various diseases;

- nonlinear nature of hypersurfaces that divide these classes;

- the presence of anomalous observations that can distort primary information;
a significant role of the subjective human factor that does not provide
accurate data;

- aneed to process medical data sequentially in online mode;

- an ability to present medical data in the form of data streams.

All of these circumstances lead to the formation of non-convex and blurred
classes, for which the suitable mathematical methods are methods of computa-
tional intelligence, above all, artificial neural networks, fuzzy inference systems
and hybrid neuro-fuzzy systems. However, the systems listed are not a «pana-
cea» in the tasks of medical diagnostic because they require large amounts of
information for their training, which are often not available to physicians and are
not adapted to the need to process data in a sequential online mode. It should
also be emphasized that the compulsory stage is the preparation of medical data,
covering the task of filling in missing values (if any), normalizing the data and
reducing the number of features by compressing the data or selecting the most
informative features. The available approaches do not ensure compliance with
these online requirements for medical diagnostic tasks.

The eHealth system was introduced in Ukraine in 2018, with the ultimate
goal of creating a database of medical records for all Ukrainians by 2020. At this
stage, the processing of medical information in sequential mode using the medi-
cal data mining approaches will be relevant. The main tasks in this area are the
problems of diagnosis, which are solved by means of pattern recognition based
on paradigms of supervised learning and unsupervised one (self-learning), and
they are reduced to solving problems of classification or clustering.

The goal of this work is to improve the effectiveness of medical diagnostics in
online mode based on the intellectual analysis of medical datasets using hybrid neuro-
fuzzy systems in conditions of limited a priori information about patient.

DATA STREAM PROCESSING

High-dimensional medical data form data streams — sequential feeding to processing
at short time intervals. That is why all the approaches used to processing and analyzing
such datasets must be adapted to sequential data stream processing. An example is the
formation of a data streaming one of the departments of a hospital or one hospital as a
whole, when different physicians form separate data about each patient and these data
are sent to the central repository or hospital database. Thereafter, medical data from all
hospitals are transferred to the eHealth Repository (Fig. 1).
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Fig. 2. System training process

It is understandable that data stream characteristics (such as density and time
between patients) in a single hospital department will be less than those ones in the
entire hospital and country.

Medical data stream processing should be performed in several steps, which
depends on ability to know the diagnosis d; of a sufficient number of patients to

form training set for using supervised learning approaches or using unsupervised
or active learning methods in other cases. The use of the mentioned approaches
requires different initial data, depending on whether the system is trained or tested
(Fig. 2, Fig.3).
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At first we need to find out input data characteristics such as parameters of
one element of data stream, formed by N n — dimensional feature vectors

X:{x(l),x(Z),...,x(N)}, (1)

where x(k)e X ; k=1,2,..,N ; N— total number of patients; » — total number

of features for each patient.
In our case each element is a sample of observations

3 (k) = (3 (k)03 (k) (k) ey () > () )

Further analysis assumes a fuzzy partitioning of the original dataset into m
classes with some level of membership of & —th vector to the j—th cluster class

(diagnosis)d ; (k).

DATA PREPROCESSING STAGE

In the medical data stream mining tasks, the data of biomedical research are
collected from different sources (different hospitals, hospital departments, etc.).
That is why there is a problem of the absence of clearly defined parameters of
the organism, which were measured for a particular nosology. This problem is
expressed in gaps in the patient's features, in the presence of which it is not pos-
sible to process the whole table without filling them in advance. Approaches for
filling gaps was described in [5-6], for its online version adapted for medical
data processing see [7]. During data stream processing, the gaps will be filled in
such a way that the recovered elements would in some sense be most "similar"
or "close" to the a priori unknown patterns hidden in this table by improving the
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method of spatial extrapolation (Fig.4) [8]. To fill gaps in the features of patient
x(k) at first we need to calculate the partial distances dist(k, p) between x(k)

and all other patients x(p), k # p using formula
1 n

> | (k)= x; (p)

n=8r —8&p* 8kp i=1

dist(k,p) =

’ A3)

where g;, g, — number of gaps in the features of k-th and p-th patient, gz, —

number of gaps in common features of k-th and p-th patient.
Using partial distances values dist(k, p) we can calculate membership func-

tion mu (k,p) :

. —1
(k) = dist™ (k,p) ‘
N @)
dist_l(k,p)
p=1

At the final stage a gap value is filled using formula:

w(0)=3 mu(k.p) % (p), )

p=l

where x; ( p) does not contain a gap.

After filling all gaps online medical data preprocessing tasks require to cal-
culate basic sample statistics such as mean, variance, extreme values (maximum
and minimum) also sequentially without the need for accumulating data [9].This

step allows you to normalize the data stream to the necessary interval [—l;l]n or

[0;1]" in online mode.

A final stage of data stream preprocessing is a step of feature selection-
extraction. The need for such processing is due to the fact that medical datasets
often contain too many features with a small number of patients, which signifi-
cantly limits the possibilities of existing methods for further diagnosis. In order to
select the most informative features from the available feature space, it is pro-
posed to integrate the advantages of systems based on the combination of meth-
ods of compression of the original features space with the methods of finding the
most informative features and to create a single adaptive hybrid method of eval-
uating the informativeness of features with the selection of the most informative
ones [10-11]. A hybrid method of evaluating the informativeness of medical
features is presented in Fig. 5.

It consists of a block of normalization and centering of input features, a
block of calculating of first principal component using a modified Oja neuron
[12-15], a block of definition of the "feature-winner" where a feature with mini-
mal distance to the first principal component is defined.The distance in the sense
of the Manhattan metric is calculated according to:
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: m)_5 )
dist x_norm(z),pr_comp = z X _normy (z) - pr_comp 6)

i=1

in the reduction block, "feature-winner" is removed and the next informative
feature begins to be searched.

SUPERVISED LEARNING MODE

Medical data mining approaches in a supervised learning mode based on adaptive
hybrid neuro-fuzzy systems are appropriate to use in situations where there is a
representative training sample that means that diagnosis of many patients is
known. The first method in this approach is to modify a multidimensional neo-
fuzzy-neuron (Fig. 6) [16-17].

Triangular structures are usually used as a membership function s, (x;), its
value is determined by the distance between the value of the input feature x; and
the centers of these functions ¢;; . So the output of this layer can be presented in

the form:
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The signal at the output of the neo-fuzzy-neuron can be calculated as:

u(k)=W (k) (k) y(k)=signu(k), (8)

Wi (K)o Wit (Koo g (K)o Wiy (K)
(k)= w211.(k),..., Wapt (K) sy Wi (K) ey W (K)

where W e — synaptic
Wt 1(K)soes Wit (K)seees Wty (K)sevss Wy (K)
weights matrix, customizable using a modified procedure [18]
W (k+1)=W (k)+r" (k)(d(k)-sign W (k) u(k)) " (k).
r(k)=ar” (k=1)+|u(), 0sasl ®
that optimizes the learning criterion
£ (k) =36} (k) =3 (k) =, (0)) (10)

To enhance the capabilities of Medical Data Mining approaches in super-
vised learning mode, a hybrid neuro-fuzzy system (HNFS) has been provided
[19] (Fig.7). A particularity of this system is the ability to further change its
architecture in situation when number of features or diagnosis can be changed
[19-21].The normalized feature vector is fed to the input layer of the HNFS, that
consists of nih membership functions z;(x;(k)) and performs the fuzzyfication

of feature vector:
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(11

207}

() — )2
i (x; (k) = exp(—MJ ’

where ¢;; — center of membership function, o; — width of membership function.

n
At the output of multiplication block values [ [ s, (x;(k)) have been calcu-
i=1
lated. After we perform tuning of synaptic weights matrix, adder blocks (AB)
calculate signals:

h n
X (k)= wil ] (x; (k). (12)
I=1 =l
In Rectified Linear Unit (ReLU) block calculates [22]:
) % (k). it % (k)>0,
x:(k))= =12,..,.m,
o(%(+) {o, if %;(k)<o. / (13)
which are transformed in normalizing block using adder block (AB) value

h n
12‘11_{ #4; (x;(k)) and provide calculating of u ; (k):
=]i=

(P(éwﬂﬁﬂli (xi (k))J

uj (k)= (14)
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Fig. 7. Hybrid neuro-fuzzy system (HNFS)
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Output signal of HNFS is calculated using maximum detector:
y(k)=max {uy,uy,...,u,,} . (15)

Learning criterion for training proposed system can be presented in the form [22]:
1 - 2
E; (k)=5||d(k)—x(k)|| . (16)

Modificated procedure that is used for tuning of synaptic weights matrix has
been written in the form:

e(k@uﬁ(x,-(k))f

w(k+1)=w(k)+ ' =

éﬂli (xi (k))

(17)

:W(k)+[d(k)_W(k)(lf[1ﬂli(xi(k))jJ(lf[lﬂli<xi(k))J ;
w“(k) le(k) Whl(k)

wzl.(k) wzz'(k) th.(k)

where W (k)= — (mxh)- synaptic weights

Wt (k) Wy (k) oo wyy (k)
matrix; d (k)= (dl (k),dy (k),....d,, (k))T — reference signal, which contains
information about the patients diagnosis and can take only two values of 0 or 1,
e(k)= (el (k),ey (k),....e,, (k))T — vector of training errors.

In situation when number of features of any patients or number of its possible di-
agnosis can be changed, HNFS architecture also changes (HNFS evol — Fig. 8) [19].
If patient vector x(k) is fed to the system input and it characterized by the

same set of features as all previous patients and one more feature n+1:

(k) = (351 (K)o () 1 (K)) - (18)

System evolution can be realized in the layer of membership function calcu-
lation, were new functions y,l-(xi(k)), i=1,2,..,n+1, [=1,2,...,h appear. These
n+l
functions are multiplied to / values [] 4;(x;(k)) and HNFS_evolworks ac-
i=1

cording to the equations(11)—(15).
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In situations when a patient is diagnosed with a new diagnosis, the HNFS_evol
architecturally evolves at the level of synaptic weights calculation: a new synaptic
weights w,,,11,....W,,11, » @ ReLU activation function and one more normalization
block for defuzzyfication system results appear in the system architecture. The most
probable diagnosis is formed by the maximum detection block a:

y(k):max{ul,...,um,um+1} . (19)

For training of HNFS_evol criterion (16) is used. For synaptic weights tun-
ing we should concatenate the pre-trained matrix # with a new weight-vector

that corresponds to the new diagnosis:

W(k+1) w (k)
W (k+1)=|—————- N
Wy (k+1) W1 (£)
d (k) x(k)

i (a0 @0

dm+1 (k) im+1 (k
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So synaptic weights matrixis transformed to the form of ((m +1)x h) -matrix:

wi (k) owip (k) (K)
war (k) wn (k) wy ()
wik)= : : St 1)
Wyt () Wi (k) e Wi (k)
Wm+1)1 (k) Wm+1)2 (k) . Wm+1)h (k)

This matrix must be trained on m+1 diagnosis without retraining previ-
ously trained synaptic weights for m diagnosis.

UNSUPERVISED LEARNING MODE

The need of using unsupervised learning methods arises in mass health examina-
tion when the diagnosis of all patients is unknown or they are considered condi-
tionally healthy. Structural diagram of a method of adaptive robust fuzzy cluster-
ing of a patient features using a Manhattan metricsis shown in Fig. 9 [23].

For calculating distances in Manhattan metrics between x(k) and ¢,, we can use:

dist(x(k), ) =|x(k)—c,] - (22)

Calculation of position of cluster centers ¢,, and membership level of each

patient to each of clusters g, is performed using self-learning algorithm [23]:

S (6) e ()] @3)
Cm (k + 1) =cp, (k) + n(k),u,%, (x(k))sign(x(k) —Cpy (k))

Thus, the diagnostic physician receives the degree of membership of each
patient to each of clusters-diagnosis.
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Fig. 9. Method of adaptive robust fuzzy clustering of a patient features using a Manhattan metric

ACTIVE LEARNING AND ASSOCIATIVE MODE

Approaches based on active learning are necessary in situations when a non-
representative dataset is being processed, that is some patients diagnoses are
known, but their numbers are insufficient for supervised learning mode [24-25].
In situations where the diagnosis of only a few patients are known, the use
of associative neuro-fuzzy memory methods is appropriate. The associative clus-
tering method based on neuro-fuzzy auto-associative memory realizes in few
stages (Fig.10). At first stage a membership function is introduced, which can be
described by (11) and its centers correspond to features of patients with known
diagnosis with which it is necessary to associate. Width parameter of Gaussian
functionis adjusted using level A that corresponds to a given level of intersec-
tion of two neighboring membership functions.These membership functions are

n
fed to the multiplication blocks, in which values [, (x;) are calculated. These
i=1
m n
values are summarized ) [] My (x;) at adder block. A normalizing procedure is
p=li=l
realized at the system output:

up (x)anzln—, p=1,2,...,m. (24)
Z H:up (xi)
p=li=l
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Thus, when patient’s feature-vector is fed to the system input, signals
u, (x) appear at the system output which correspond to levels of association

with patients with known diagnosis.

As a part of the active learning mode, the neuro-fuzzy network with active
learning is proposed. The system switches between self-learning and supervised
learning modes, depending on whether the patient has a known diagnosis or not.
In situations where the diagnosis is unknown, the system switches to self-
learning mode and the first stage is the competition process when for each cen-
troid-diagnosis cd; the distances dist are calculated:

dist® (cd ; (k),x(k)) =[x (k) - cd, (k)”2 : (25)

Then the next step is the processes of cooperation and synaptic adaptation,
presented in the form:
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cdp(k)+77(k)ui (k) (x (k) —cd, (k))

cdp(k+1)= vV p=12,..,m,
e () +17()a2 () (x() = ()
0<u, (k)=[x(k (o) - [g"x(k) —edy ()| j_ <1, (26)

In situations where the patient's diagnosis is known, the system switches to
supervised learning, in which two situations may occur. If the feature vector falls
into one of the specified Voronoi cells, the procedure for pulling up this particu-
lar centroid cd, (k) to x(k)is implemented:

cd, (k+1)= cdp (B) 1)k ) =124,

Jed, () + (k) (x(x )H @n
n(k)=r"(k), r(k)=ar(k—1)+1, 0<a<l.

In a situation when x(k) falls in a Voronoi cell with a centroid winner
ca’;xf (k) that does not relate to particular diagnosis, the center of gravity is pushed

away from x(k):

(1-cos(ed; (k).x(k))

od; (k)= (k)

((k) = ed (1))

> (1-cos(cd; (k). x(k)))”"
cd ; (k+1)= = :
—cosled; (k),x(k - . (28)
o (K)-n(k) ,,El (). +(6) (x(k) - ed (k)

3 (1-cos(ed; (k). x(k))) "

n(k) =r_1(k), r(k)=ar(k-1)+1, 0<a<l.

PERFORMANGE CRITERION

To compare the effectiveness of online medical diagnosis methods, the quality
information criterion (Performance Criterion PerCr) was provided, taking into
account the Fault diagnosis and the time for decision making (7ime) required to
process one patient:
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PerCr = ZjFault + 2, Time , (29)

where 4;,4, — weighting coefficients that are chosen under the conditions
that) A=1.

By analyzing the processing time for diagnostics of one patient, it was as-
sumed that the processing time (Time) should be normalized [0;1] where O cor-
responds to a zero processing time and 1 to a possible maximal processing time
equal to 1 ms. For diagnostic tasks in the data stream mode a value of perform-
ance criterion should be from 0 to 0.25, acceptable from 0.25 to 1 under the con-
ditions of controlling the accuracy of diagnostics. All the results were obtained
using MacBook (Retina 12-inch, Early 2016), processor 1,1 GHz Intel Core m3,
8 Gb 1867 MHz LPDDR3. Python 3.7 programming language in Spyder 3.3.2
was used for programming.

RESULTS OF RESEARCH IN SUPERVISED LEARNING MODE

Approbation of the developed approach in supervised learning mode for patients
with urological diseases on the basis of evaluating the information content of the
symptom complex was conducted. The medical sample contained information
about features of patients with six urological diagnoses. The number of patients
who participated in the study was 188, each described by 106 features. At first
step Feature Selection-Extraction method was used to evaluate the informative-
ness of the features, number of features was reduced to 12. At second step all
188 patients were divided into training and testing sets (126 patients were in the
training set, 62 patients were in the testing set). Table 1 lists the training and
testing errors of multidimensional neo-fuzzy neuron and the value of the per-
formance criterion.

It is easy to see that error percentage and performance criterion were less when
input data were represented by 12 features compared to initial 106 features.
A fuzzy diagnostics of the pharmacoresistant form of epilepsy using a multidi-
mensional neo-fuzzy neuron was performed. Examination of 309 patients with
epilepsy was used as input data, the experience of the disease in each of the pa-
tients was at least one year. The total number of features was 25. All patients
were divided into two groups: the first group with efficacy of drug treatment and
the second group were patients with pharmacological resistance. A visualization
of position of the classes-diagnosis in the space of the first three principal com-
ponents is presented in Fig. 11.

Table 1. Results for multidimensional neo-fuzzy neuron

Errors PerCr
Training set Testing set
All features (106) 7.19 % 11.11 % 0,085
The most informative
features (12) 53% 6.4 % 0,0545
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Fig. 11. Dataset was divided into training and testing sets in a ratio
of 206 patients to 103 patients. The results of multidimensional
neo-fuzzy training and testing were presented in Table 2.

Table 2. Results for multidimensional neo-fuzzy neuron

Errors on training Errors on testing
set set
(206 patients) (103 patients)
Number of patients 2 6
% of patients 0,97 5,82
PerCr 0,0683 0,0501

Approbation of the hybrid neuro-fuzzy system (HNFS) and hybrid neuro-
fuzzy evolving system (HNFS evol) in supervised learning mode performed on
datasets from UCI Repository [26-29]. In the first step, datasets were normalized
at interval x; €[0,1]. The columns corresponding to the patient's health status (5"
for the Iris.data, 9™ for Pima-indian-diabetes.data, 35" for dermatology.data and
17" for parkinson.data) were moved to the vector d (k). In the next step, one ran-

dom attribute was removed from all datasets. The system was trained on n fea-

tures, after this deleted attribute was returned. The results are shown in Table 3.
All values of the performance criterion are acceptable for Medical Data

Mining Tasks (its value is more than 0.25) in situations where the data is re-

ceived sequentially, including situations when it is necessary to work in the con-
ditions of data stream.
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In the next phase of the approbation, patients with one of the diagnosis clas-
ses were excluded from all datasets. The system was trained on n+1 attributes
and m diagnoses. Further removed patients were added to the experiment. The
classification results are shown in Table 4.

Thus, it should be noted that the HNFS, HNFS evol and procedures of its
training showed a high percentage of correct classification for medical diagnosis
tasks. Testing the operation of a system on three medical datasets confirms its
performance in overlapping diagnostic classes on small datasets with variable
numbers of features and diagnoses.

Table 3. Classification results for HNFS and HNFS_evol

% errors for n features / % errors for (n + 1) features /
Dataset Time(HNFS) Time(HNFS evol)
Training set Testing set Training set Testing set
Iris.data 1,4%/130us | 2,68 % /70 ps | 3,57 % /128 us | 8,23 % /70 ps

Dermatology.data 0,87 % /171 pus | 6,5%/91 ps 4,75 % /158 ps | 16,55 % /90 ps
Pima-indian- 0,45% /136 us | 7.33%/79us | 025%/135pus | 7.94%/77 ps

diabetes.data
Parkinson.data 1,33 % /135 us | 4,66 % /81 us | 0,56 % /132 us 7,92 % /76 ps
PerCr <0,0898 <0,07615 <0,0102 <0,127

Table 4. Classification results for HNFS and HNFS_evol

% errors for m diagnosis / | % errors for (m+l) diagnosis /

Dataset Time (HNFYS) Time (HNFS_evol)
Training set Testing set Training set Testing set
Iris.data 1%/ 2%/ 9%/ 16,6 % /
) 820 us 640 us 850 us 630 ps
Dermatology.data 0,5%/ 4%/ 13,16 %/ 20 % /
) 980 us 690 us 990 ps 720 ps
PerCr < 0,492 <0,365 <0,56 <0,46

RESULTS OF RESEARCH
IN THE ACTIVE TRAINING AND ASSOCIATION MODE

Approval of the developed approach in the mode of active training and association
on the data of patients with pulmonary diseases was tested. The medical data set
consists of 132 patients, each is characterized by 104 features (gender, age, patient
complaints — 24 features, medical history — 14 features, objective description of
the patient's condition — 26 features, clinical blood test — 10 features, biochemical
blood test — 8 features, clinical analysis of urine — 10 features, chest radiography
— 6 features, ECG — 8 features, spirometry — 2 features).

The entire data set was divided into three groups-diagnosis: 46 patients with
chronic obstructive pulmonary disease, 53 patients with bronchial asthma, and 33
patients with pneumonia. Data visualization in the space of the three principal compo-
nents is presented in Fig.12.
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Table 5. The results of fuzzy association patients

Patients ID A -value Errors PerCr -value
0.2 18,15 % 0,469
1D25 0.5 24,7 % 0,502
0.2 21,44 % 0,486
ID64
0.5 35,8 % 0,558
0.2 26,7 % 0,512
ID18
0.5 30,66 % 0,532
0.2 19,75 % 0,477
D32
0.5 25,78 % 0,507
0.2 17,89 % 0,468
ID65
0.5 19,9 % 0,478
0.2 21,33 % 0,485
ID70
0.5 30,02 % 0,529
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Fig. 12. Data visualization: ¢ — patients with pneumonia;
* — patients with chronic obstructive pulmonary disease;

+ — patients with bronchial asthma.

The physician identified the most typical representatives of each of the disease
groups (five for each group). All other patients were fed to the system input unmarked
(with unknown diagnosis). The neuro-fuzzy network with active learning showed the
percentage of correctly classified patients at the level of 84.38 %. One patient's proc-
essing time is Time = 36 ps. Performance criterion value is PerCr = 0.0961.

Associative neuro-fuzzy memory methods were used for fuzzy diagnostics of hy-
pertension and coronary heart disease.The following medical data of patients were
obtained: age, gender, patient complaints coded from 0 to 1 (12 features), the value of
clinical (8 features) and biochemical (22 features) analysis, heart rate. So, each of the
patients can be represented as a vector containing 44 features. The total number of pa-
tients was 95. Physicians identified 6 patients who could be considered as the most
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representative of each group (patients with ID18, ID25, ID64 for hypertension; patients
with ID32, ID65, ID70 for ischemic heart disease). The results of fuzzy association at
different values of centers of fuzzy membership functions are shown in Table 5 with
different parameters A . The best percentages of association with value of A=0.2 has
shown for patient with ID65 and ID25, as evidenced by the minimum value of the per-
formance criterion.

CONCLUSION

Online medical data stream mining based on adaptive neuro-fuzzy approaches in the
mode of supervised, unsupervised and active learning was considered.Special learn-
ing algorithm for neuro-fuzzy systems training was introduced. The proposed ap-
proaches allow obtaining additional information about patient diagnosis in condi-
tions of limited a priori information about patient.Testing results on clinical medical
data confirm the efficiency of the developed approaches.
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IHTEJ'IEKTYAJ'II?JHI/Iﬁ AHAJII3 TIOTOKIB MEJJUYHNX JAHUX
HA OCHOBI HEMPO-®A33I IIIIXOAY

Beryn. ITinxou iHTEIEKTYalbHOTO aHAli3y MAaHUX B 3aBJAHHIX MEIHYHOTO TIarHOCTYBaHHS
MAaroTh Psiji OCOOJIMBHX BJIACTHBOCTEH, SIKI HE JJAIOTh 3MOTY BUKOPUCTOBYBATH TaKi i IXOIH B
ki1acuuHii ¢opmi. 3 miei mpuuuHK Oysio po3polIIeHO ajanTHBHI Helpo-¢has33i cucTeMu Uit
3aBJjaHb 0OPOOJICHHS MOTOKY MEAMYHUX JAHWX B PEKUMI OHJIAWH 1 alTOPUTMHU TXHBOTO Ha-
BYaHHA. 3alpOIIOHOBAHI CHCTEMHM MOXYTh OOpOONATH NMOTOKM MEAMYHHMX AAHMX B TPHOX
pexuMax: y KOHTPOJIbOBAHOMY HaBUYaHHI, HEKOHTPOJIHOBAaHOMY HAaBYaHHI Ta AKTHBHOMY
HaBYaHHi.

MeTtoo cTaTTi € po3pobIeHHS MMiAX0y, OCHOBAHOTO Ha aJlaTHUBHUX Helipo-¢ha3ssi cuc-
TeMax, JUis pOo3B’sI3aHHS 3aBJaHb OOPOOJICHHS MOTOKIB MEIMYHHX JIAHUX B OHJIAHH-PEXKUMI.

Metoan. [Ins oOpoOIeHHS MOTOKIB MEMYHUX TaHUX BHKOPHCTOBYIOTHCS METOIH 00-
YHCITFOBAJILHOTO 1HTEJIEKTY i, TIepIll 3a BCe, MITyYHI HEMPOHHI MepeKi, Helpo-(a33i cucremu,
Heo-(a33i CHCTeMH, IXHE KOHTPOJIbOBAHE HABYAHHSI, CAMOHABYAHHS i aKTHBHE HaBYaHHS,
rpajlieHTHI METOIM ONTHMI3allil, METOAH E€BOJIOI[IHUX CUCTEM.

PesyabTaTu. IIpoBeneno anpobaiiro po3poOIeHOro mjgxony B peXHUMi KOHTPOJIbOBA-
HOT'O HAaBYaHHS 3a JIONIOMOTH 0aratoBUMipHOTo Heo-(a33i HelpoHa 3 BUKOPUCTAHHIM MEIIH-
YHUX JaHHUX TMAMi€HTIB 3 YPOJIOTIYHIUMH 3aXBOPIOBAaHHIMHU. BiJCOTOK MOMUJIOK TIiJ] 4ac Tec-
TyBaHHS CUCTEMH 3 BUKOPUCTAHHAM BChOI'O IIPOCTOPY O3HaK cTaHoBUTH 11,11 %, 3 BUKOpuc-
TaHHAM HaliHpOpMaTHBHIMIMX 03HaK — 6,4 %. Takox U1 fiarHOCTYyBaHHS (hapMaKOpe3uc-
TeHTHOT popMu emiserncii OyJI0 BUKOPUCTAHO OaraTOBUMIpHHIA Heo-(a33i HEWPOH, BiICOTOK
noMuIiku ckiaB 5,82 %. [IpoBeneHo anpoOariiro po3po0JIEHOTO MiIX01y B PEKUMI aKTHBHOTO
HABYaHHS Ta acolliallii 3a JaHMMH TAIi€HTIB 13 3aXBOPIOBAHHAMHU JiereHb. [IJif BCIX pe3yJbTa-
TiB anpobarii 0yi10 po3paxoBaHO KpUTepill epeKTUBHOCTI, HOro 3HAYEHHS € 3a10BUIBHUMHU
JUTS 3aBJJaHb MEAWYHOTO IarHOCTYBaHHS B PEXKHMIi IIOTOKY JTAHUX.

BucHoBKH. 3arponoHOBaHM MiJXif 1€ 3MOTY OTPHMATH JI0JATKOBY iH(OpMAIIiio TIpo
JIiarHO3 MAIliEHTa B yMOBaX 0OMEXEHOT anpiopHOi iHpopMaIIil Mpo NalieHTa.

Knrouoei cnosa: adanmuena cucmema, Heupo-ghazsi cucmema, iHmenreKkmyanvhe 00poonents
MEOUYHUX OAHUX, NOMIK MEOUYHUX OAHUX.
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I/IHTEHHEKTYAJ}BHBIVI AHAJIN3 IIOTOKOB MEJIMITMHCKNX JAHHBIX
HA OCHOBE HENPO-®A33U ITIOAXOOA

Baenenne. ITox0/1bI HHTEIUICKTYAIBHOTO aHATIN3A JAHHBIX B 33/[a4aX MEIUIMHCKON IMarHOCTUKU
00MaatoT PSIOM OCOOBIX CBOMCTB, KOTOpBIE HE IO3BOJIIOT MCIIONB30BAaTh MX B KIACCHIECKOH
¢opme. 1o 3700t prdMHE OBUIH Pa3pabOTaHbI aJANTHBHBIC HEHPO-(pas33y cHCTeMBI T 3a71a4 00pa-
0OTKM TIOTOKa MEIMIMHCKUX JAHHBIX B PeKIME OHJIAMH W aJrOPUTMBI UX 00ydeHws. [Ipemmarae-
MBI€ CHCTEMBI MOT'YT 00pabaThIBaTh IIOTOKM MEANLIMHCKUX JAHHBIX B TPEX PEXKUMAX: KOHTPOJIIPY-
€MOM 00y4YeHHUH, HEKOHTPOIUPYEMOM OOYUEHUN U AKTUBHOM OOYUEHUH.

Ieab craTbu — pa3paboTKa MOJX0/a, OCHOBAHHOTO Ha alaNTHBHBIX Helpo-(has3u cucremMax,
JUTS peIeHus 3a1a4 00pabOTKU TIOTOKOB METMIIMHCKUX JIAHHBIX B OHJIAHH-PEKHME.

Metoasbl. {11 06pabOTKH MEIUIMHCKUX ITOTOKOB JAHHBIX HUCIIOIB3YIOTCS METOABI BBI-
YHCITUTEIBHOTO WHTEIUIEKTa M, MPEXIEe BCEro, MCKYyCCTBEHHbIC HEHpPOHHBIC CETH, HEHpo-
(azs3u cucremsbl, Heo-(ha33U CHCTEMbI, UX KOHTPOJIMPYEMOE, CaMo- M aKTHBHOE OOYy4YeHHeE,
TPaJUCHTHBIC METOABI ONTHMHU3ALNH, METOIBI YBONIOHOHUPYIOLIHX CHCTEM.

Pe3yabTathl. [IpoBenena anpobarus pa3pabOTaHHOTO IMOAXOJA B PEXKUME KOHTPOIIH-
pyeMoro o0y4eHHs ¢ MPUMEHEHUEM MHOTOMEPHOT0 Heo-(a33u HeHpoHa MMPH UCIIOIb30BaHUH
MEIULIMHCKUX AAaHHBIX MAIMEHTOB C YPOJOTMYECKHMH 3a00ieBaHMAMH. IIpOIeHT ommboK
MPU TECTUPOBAHUH CHCTEMBI C UCIIOJIB30BAHUEM BCETO MPOCTPAHCTBA MPU3HAKOB COCTABIISET
11,11 %, ¢ ucnonp3oBanueM Hanbonee HHGOPMATUBHBIX NMpHU3HAKOB — 6,4 %. Tawke st
JIMarHOCTHKH (papMakope3UCTEHTHON (HOPMBI SMIICTICHH OBUT HCIOJIB30BaH MHOTOMEPHBIH
Heo-(}a33u HeHpOH, MPOIEHT omuboK coctaBmi 5,82 %. [IpoBenena ampobanus pazpaboTaH-
HOTO TOJIX0/Ia B PEKMUME aKTHBHOTO OOYUCHHUS U aCCOLMALMH 110 JAHHBIM ITAI[UEHTOB ¢ 3a00-
JICBAHUAMHU JIeTKUX. [ BceX pe3ysbTaToB anmpoOaiu ObUT paccuuTaH Kputepuid 3dhdexTu-
BHOCTH, €TI0 3HAYCHHS SIBJIIOTCS YAOBICTBOPUTEIEHBIMY UL 33124 MEIUIIMHCKOTO ANAarHOC-
THUPOBaHHMS B PEKHUME MTOTOKA JaHHBIX.

BeiBoabl. IIpeioxeHHbII TOAX0/ MO3BOJISIET NMOJTYYUTh JOIOJHUTENIBHYIO HH(pOpMa-
MO O AWAarHo3e MalyeHTa B YCIOBUIX OrPaHUUeHHOHN alpHOpHON HH(POPMALUH O HalUeHTe.

Knrwouesvie cnosa: adanmuenas cucmema, Heupo-gaszu cucmema, UHMENIEKMYANbHbI
AHANU3 MEOUYUHCKUX OAHHBIX, NOMOK MEOUYUHCKUX OAHHDLX.
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