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ABSTRACT

Context. The research is devoted to the development of a flexible mathematical apparatus for the intellectualisation of
knowledge in the medical field. As a rule, human thinking is based on inaccurate, approximate data, the analysis of which allows us
to formulate clear decisions. In cases where there is no exact mathematical model of an object, or the model is difficult to implement,
it is advisable to use a fuzzy logic apparatus. The article is aimed at expanding the range of knowledge of researchers working in the
field of medical diagnostics.

Objective. The aim of the study is to improve the quality of reflection of the subject area of the medical sphere on the basis of
building type-2 fuzzy knowledge bases with interval membership functions.

Method. The article describes an approach to formalising the knowledge of a medical specialist using second-order fuzzy sets,
which allows taking into account the uncertainty and vagueness inherent in medical data and solving the problem of interpreting the
results obtained.

Results. The developed approach is implemented on a specific problem faced by an anaesthetist when admitting a patient to elec-
tive (planned) surgery.

Conclusions. Experimental studies have shown that the presented type-2 fuzzy model with interval membership functions allows
to adequately reflect the input medical variables of a qualitative nature and take into account both the knowledge of a specialist in
medical practice and research medical and biological data. The acquired results hold substantial practical importance for medical
practitioners, especially anesthetists, as they lead to enhanced patient assessments, error reduction, and tailored recommendations.
This research fosters the advancement of intelligent systems capable of positively influencing clinical practices and improving patient
outcomes within the realm of medical diagnostics.

KEYWORDS: fuzzy clustering, medical diagnostics, membership functions of the second kind.

ABBREVIATIONS
ASA is the American Society of Anaesthesiologists;
FOU is a footprint of uncertainty;
FS-1 is a first-order fuzzy set;
FS-2 is a second-order fuzzy set;
LMF is a lower membership function;
MET is a metabolic equivalent;
MF is a membership function;
UMF is an upper membership function.

NOMENCLATURE
A is a fuzzy set;
Ajj is a linguistic term;
X is the set of features;
X; is an i-th element of the set X;
K is the set of classes;
kj is a class label, j-th element of the set K;
F(X) is a fuzzy classifier;
Jy 1s a primary membership function;
u is a membership function;
u(X*) is the value of the membership function at a

particular point;

Hz(X') is the secondary membership function;

n, m — number of elements in the set;
P is a number of rules;
Rpj is a product rule;

X is the primary variable;

X* is specific value of the indicator;
u is the secondary variable.

INTRODUCTION

Modern information technologies are widely used in
many areas of human activity, in particular, they are being
intensively implemented in the daily practice of health-
care. Fuzzy modelling is one of the most popular and rap-
idly developing areas in the field of modern methods of
managing poorly formalized objects.

The massive introduction of digital technologies in the
modern world demonstrates successful results, in particu-
lar in the diagnosis of socially significant diseases. The
use of computer systems by a practitioner requires con-
tinuous improvement of both the doctor’s knowledge and
the systems as a whole. Both subjective and objective
factors should be taken into account. Subjective factors
include physician errors in examination and diagnosis.
Objective factors include, first of all, the constant increase
in the number of criteria that must be taken into account
and analysed by a doctor when making a medical deci-
sion, which significantly exaggerate the cognitive capa-
bilities of a person, as well as the lack of time for deci-
sion-making. To solve these problems, it is advisable to
introduce intelligent systems based on artificial intelli-
gence technologies into clinical medicine. Such systems
are able to provide clinicians with personalized assess-
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ments and/or recommendations to assist them in making
medical decisions.

Intelligent decision-making systems should be focused
on the knowledge of a specialist doctor and be based on a
set of explicit, understandable, easily interpretable lin-
guistic “IF-THEN” rules. As a rule, in the process of as-
sessing a patient’s condition, medical practice uses lin-
guistic terms such as “high fever”, “old age”, “low blood
pressure”, which are intuitive and well aligned with the
doctor’s thinking and judgement, and can be used to de-
scribe uncertain and inaccurate information. These prop-
erties encourage researchers to use fuzzy logic theory in
intelligent decision support systems.

When admitting a patient to surgery, the anaesthetist
must comprehensively examine the patient, i.e. objec-
tively examine the patient’s condition, analyse laboratory,
X-ray and other types of examinations, and take into ac-
count the presence of other diseases of the patient. Proc-
essing a large amount of information about a patient is a
complex task that an intelligent decision support system
can help solve.

The object of study is the development of a flexible
mathematical apparatus for intellectualizing knowledge in
the medical field, with a specific focus on medical diag-
nostics.

The subject of study is the intellectualization of
knowledge in the medical field.

This paper proposes the use of a mathematical appa-
ratus using second-order fuzzy sets to determine the class
of a patient’s readiness for surgery.

1 PROBLEM STATEMENT

The problems faced by medical professionals are re-
lated to the situation when all parameters cannot be taken
into account, and the required number of parameters can-
not be determined, i.e. there are only significant parame-
ters, while the final solution is considered, which may be
approximate.

Such problems include the tasks of diagnosing and
predicting the consequences of a disease, choosing a
treatment strategy and tactics, determining the level of
patient readiness for surgery, etc.

To solve such problems in conditions where the de-
scription of medical data has a qualitative form, it will be
appropriate to build fuzzy logic systems that have the
ability to describe existing statements of medical profes-
sionals.

As arule, the formation of fuzzy knowledge bases, the
choice of the type of membership functions and the num-
ber of input parameters will significantly depend on the
degree of participation of medical specialists and labora-
tory information.

To solve this problem, it is proposed to use type-2
fuzzy models with interval membership functions[1],
which are adequately applied in the medical field and are
capable of taking into account both the knowledge of a
medical expert and laboratory biomedical data in the con-
text of descriptive, qualitative data.
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The problem of medical diagnosis can be formulated
as a classification problem. Such a problem can be solved
by finding an appropriate classifier, i.e. a mathematical
function F, that corresponds to a set of symptoms

X = {X{, X3, Xq } = {X;,i =1,n} with a certain class label
kj :

F(X): X —k;.

It is proposed to use a fuzzy modelling approach
based on observation data as a classifier. Such an ap-
proach allows for a compromise between classification
accuracy and interpretation of the result.

The task of classification is to predict the class of an
object by its feature vector.

Let the set of

X = (X[, Xgpeees X } = {Xi,1 = 1,1}
K =1{ki,Kasos kit = {kj, j=1m}.
A fuzzy classifier is represented as a function that as-

signs a class label to a point in the input feature space
with a calculated degree of confidence:

features
and the set of classes

F(X): X x Xy x..x X, = [01]" .

The basis of a fuzzy classifier is a product rule of the
following form:
Rpj i IF X = Ajjand X, = Ayj and...and X, = Ay; THEN class =kj.
The class is defined by the rule for which the IF-part

maximally corresponds to the description given by the
input vector X:

n
class = kj*’ j =arg 1rn'ax Hupﬁ (%)

<J<m i=1

The construction of fuzzy classifiers requires solving
the following tasks: selection of informative features,
formalization of knowledge, formulation of a fuzzy rule
base, and optimization of the parameters of the member-
ship function.

The problem of selecting informative features is to
find such input attributes from the dataset that most realis-
tically reflect the patient’s condition and the doctors’ un-
derstanding of the result. These can be statistical, theo-
retical, information and metaheuristic methods.

The formalization of knowledge is a problem whose
solution is to build a model that adequately reflects the
information of the subject area.

2 REVIEW OF THE LITERATURE
Today, computer-based clinical decision support sys-
tems for disease detection and patient monitoring are be-
ing developed and implemented[2—5], which are able to
provide clinicians with personalised assessments and/or
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recommendations to assist in medical decision-making.
As a rule, such systems are based on easily interpretable
linguistic “If-Then” rules. Such decision-making systems
are human-oriented and based on the apparatus of fuzzy
set theory [5—13], which is the basis for the development
of computer diagnostic systems [14—18].

In the development of computer diagnostic systems,
artificial intelligence methods are often used, such as neu-
ral networks [19, 20], the nearest neighbours method [21,
22], genetic algorithms [23, 24], support vector machines
[25, 26].

3 MATERIALS AND METHODS

The theory of fuzzy sets and fuzzy logic systems
makes it possible to build decision-making models for
tasks that are poorly formalized and operate with expert
information[27].

To formalize expert knowledge through fuzzy sets,
appropriate procedures for creating membership functions
are required. These procedures are a key stage of deci-
sion-making, as the quality of the decision depends on the
adequacy of the membership function that represents the
expert knowledge. The choice of the type of fuzzy set for
the construction of membership functions and the corre-
sponding fuzzy model poses the researcher with the task
of optimal choice [30].

The issue of constructing membership functions is one
of the key issues in fuzzy logic, and many scientists, start-
ing with L. Zadeh, have devoted their research to it. In the
theory of fuzzy sets, the membership function is the main
characteristic of a fuzzy object, and all operations with
fuzzy objects are performed through their membership
functions. Defining a membership function is the first and
very important step for further work with fuzzy sets. The
membership function can be built on the basis of statisti-
cal data or with the participation of an expert or a group
of experts. Depending on this, we get a frequency or ex-
pert interpretation.

Depending on the degree of fuzziness of fuzzy sets,
which is taken into account when building a fuzzy model,
we distinguish between type 1 fuzzy models, general type
2 models and interval type 2 models [28].

Type 1 fuzzy models, which are based on first-order
fuzzy sets, use membership functions with clear values of
membership degrees and produce only a point (clear) val-
ue at the output.

Lotfi Zadeh proposed a convenient interpretation of
type 1 fuzzy sets in solving practical problems:

A= {(x AKX E X, 0S AR ST}

Based on first-order fuzzy sets, various models and
algorithms have been developed to address uncertainty,
such as the model for assessing the effectiveness of in-
vestment projects [4]. However, the analysis of these me-
thods and models shows that they often do not provide
complete solutions due to insufficiently justified choice of

© Malyar M. M., Malyar-Gazda N. M., Sharkadi M. M., 2024
DOI 10.15588/1607-3274-2024-2-7

modelling parameters, requiring multiple implementations
to select the optimal parameters.

There are general and interval second-order fuzzy sets.
General and interval type-2 fuzzy models are based on
second-order fuzzy sets.

The concept of fuzzy sets of the second order (fuzzy
sets type-2) was given by the founder of fuzzy logic L.
Zadeh in 1975. Second-order fuzzy sets were understood
as “fuzzy” sets in which the degree of membership is a
fuzzy set of the first order.

The main reason for considering fuzzy sets with fuzzy
membership functions is the close relationship that exists
between the concept of linguistic truth, for example, with
such values on the one hand as true, completely true, very
true, more or less true, and so on, and fuzzy sets, the de-
gree of membership of which is described by such lin-
guistic terms as low, medium, high, very low, not low and
not high, etc. on the other hand.

In [6], second-order fuzzy sets are described using the
lower and upper membership functions (MF). Each of
these functions can be represented as a first-order fuzzy
set. The interval between these two functions is the foot-
print of uncertainty (FOU) [5], which is the main charac-
teristic of a second-order fuzzy set (SF-2). The footprint
of uncertainty describes the blurring of the first-order
membership function, which is fully represented by its
two limiting functions: lower (LMF) and upper (UMF),
which are first-order fuzzy sets (FS-1) (Fig. 1).

u 3

T

Figure 1 — Type-2 membership function

The introduction of fuzziness in the membership func-
tion makes it possible to bring the fuzzy model closer to
human thinking and perception. Reality is interpreted
differently by different people, and the same word can
have different meanings for different individuals, espe-
cially when it comes to evaluation statements. Therefore,
it is important to avoid a strict correspondence between
the values of the degree of membership by expanding the
range of uncertainty for each value of the interval. This
helps to reduce the risk of errors arising from the lack of
consideration of questionable points located near the
boundaries of the function.

One of the main tasks is to determine the size of the
uncertainty trace, as it affects the accuracy of the model
and the time required for computations in computer sys-
tems. Obviously, the size of the uncertainty depends on
the type of membership function used.
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The membership function of a general second-order
fuzzy set is depicted in a three-dimensional model in Fig-
ure 2, where the third dimension of the membership func-
tion at each point in the two-dimensional domain repre-
sents the so-called “footprint of uncertainty” (FOU).

FOU

Figure 2 — Uncertainty trace of a type 2 fuzzy set

In theory, you can choose any type of membership
function, it is unlimited. However, for type 2 fuzzy sets,
the most common are Gaussian, triangular, trapezoidal,
and bell-shaped membership functions.

Second-order fuzzy sets are characterised by the
blurred boundaries of the membership function (MF) and
the way the degrees of membership are distributed to the
values of the arguments. Blurring the boundaries is the
first step in the transition from type 1 to type 2 fuzzy sets.
At the next stage, it is important to choose the type of
membership function, just like for type 1 fuzzy sets.

There are two types of FS-2. If for any value of the ar-
gument from the universe over the entire interval, from
the lower degree of membership to the upper, the value of
FS-2 is unchanged, then this type of FS-2 is unified (ho-
mogeneous). A fuzzy set with such a type of FS-2 is
called an interval fuzzy set of the second order (IFS-2).

Figure 3 — Interval fuzzy set of the second order

Interval fuzzy models of type 2 use membership func-
tions built on the basis of fuzzy sets with interval values
of membership degrees (Fig. 3).

These models, unlike type 1 fuzzy models, provide
point and interval values at the output. They cope well
with various types of uncertainties and require signifi-
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cantly less computational resources than general type 2
fuzzy models. For example, studies [6—8] provide exam-
ples of the use of interval membership functions to solve
practical problems.

If, for any value of the argument from the universe in
the specified interval, the value of the FN-2 changes, then
a fuzzy set with this type of FN-2 is called a second-order
fuzzy set of general form.

The second-order membership function in the general
(heterogeneous) form can be defined by:

— type 1 characteristics (primary variable and mem-
bership function);

— type 2 characteristics (secondary variable and mem-
bership function).

Type 2 characteristics define the parameters of the
vertical section of the second-order membership function

(Fig. 4).

palx')

Figure 4 — General second-order fuzzy set

Fig. 4 shows the main characteristics of the second-
order membership function in general (heterogeneous)
form.

The heterogeneous type of second-order membership
function is not used very often due to the high cost of
computation, although it has a large number of degrees of
freedom. Therefore, expert systems are mostly based on
the interval type of second-order fuzzy sets. They allow
you to use all the features of interval computing and have
a wide range of practical applications.

It is also important to distinguish between different
types of uncertainty when constructing membership func-
tions in fuzzy systems, such as intra-uncertainty and inter-
uncertainty. Intra-uncertainty arises due to insufficient
knowledge or fuzzy expert judgement. Inter-expert uncer-
tainty results from different estimates by several experts.
Intra-uncertainty can be described by a second-order
fuzzy set, and inter-uncertainty by combining several FS-
2 [7].

4 EXPERIMENTS
In most practical tasks of medical diagnostics, the syn-
thesis of fuzzy knowledge bases and the construction of
fuzzy models in the conditions of qualitative data depend
on the ability of a medical specialist to formalise his
knowledge and understand the importance of the parame-
ters provided to the developer for the further design of a

fuzzy logic system.
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The construction of type-2 fuzzy knowledge bases
with interval membership functions for solving the prob-
lem of medical diagnosis and prognosis of disease states
consists of two main stages. The first stage is designed to
generate a fuzzy model based on sample X, which is actu-
ally verified data from medical practice of the results of a
patient’s disease examination.

Let’s demonstrate the use of this approach when mak-
ing a decision by an anaesthetist. Here is an example of
signs that are used to assess the patient’s physical condi-
tion during elective (planned) surgical interventions:

1) Physical status. In the provision of anaesthetic
care, the classification proposed by the American Society
of Anaesthesiologists (ASA) is most often used for as-
sessment [29]. The physical status of patients according to
the ASA classification is an assessment of the patient’s
condition before surgery, endoscopy or other manipula-
tion. There are 5 classes of physical status: from a healthy
patient to a patient in an extremely serious condition.

ASA 1T — Healthy patient (non-smoker, low alcohol
drinker).

ASA 1II — Patient with mild systemic disease (mild
disease only without significant functional limitations).
Examples include, but are not limited to: smoker, social
drinker, pregnant, obese (<30 BMI <40), compensated
diabetes mellitus, controlled hypertension, mild respira-
tory disease.

ASA TII — Patient with a severe systemic disease (sig-
nificant limitations of functional activity). Examples in-
clude (but are not limited to): poorly controlled hyperten-
sion or subcompensated diabetes mellitus, COPD, morbid
obesity (BMI >40), active hepatitis, alcohol dependence
or abuse, implanted pacemaker, moderate reduction in
cardiac output, chronic renal failure requiring regular
scheduled haemodialysis. A history (more than 3 months)
of myocardial infarction, stroke, transient ischaemic at-
tack, coronary heart disease or stenting.

ASA IV — A patient with a severe systemic disease
that poses a permanent threat to life. Examples include,
but are not limited to: myocardial infarction, stroke, tran-
sient ischaemic attack, coronary artery disease or stenting,
ongoing myocardial ischaemia or severe heart valve dys-
function, severe ejection fraction reduction, sepsis, DIC,
acute or chronic renal failure, with irregular haemodialy-
sis.

ASA V — Dying patient. Surgery for vital indications.
Examples include (but are not limited to): ruptured aortic
aneurysm, severe polytrauma, intracranial haemorrhage,
acute intestinal ischaemia with concomitant severe car-
diac disease or multiple organ failure.

ASA VI — Brain death has been established, organs
are removed for donor purposes.

The addition of the letter “E” indicates the urgency of
surgical intervention. An emergency situation is defined
as existing when a delay in treating the patient will lead to
a significant increase in the threat to life. For example:
ASATE,ITE, Il E or IV E. ASA V class is usually al-
ways ASA V E. There is no ASA VI E class. The Borg

Scale is used to assess a patient’s exercise tolerance.
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2) Metabolic equivalent. A metabolic equivalent
(MET) is a unit of measurement of the body’s energy
needs that is used during a treadmill test to assess a per-
son’s functional abilities (i.e., their tolerance to physical
activity).

The baseline value (I MET) is the metabolic rate at
complete rest (under basal metabolic conditions), which is
1 kcal/kg/h. Thus, 2 MET corresponds to a load that caus-
es a 2-fold increase in the body’s energy requirement
compared to the resting state. Activity requiring energy
expenditure of 2-4 MET (slow walk, doing routine
housework, etc.) is considered light, while running and
climbing uphill can be accompanied by an increase in
energy demand of up to 10 or more MET.

The functional capacity of a person unable to perform
a load of more than 5 MET during a treadmill test is con-
sidered to be reduced, which is associated with a more
severe prognosis, while the ability to perform a load
above this level indicates a favourable outcome.

The Borg Scale is used to assess the perceived exer-
tion of physical activity, i.e. how much a person feels
their body is working. Perceived exertion is based on the
physical sensations that a person experiences during phys-
ical activity, including an increase in heart rate, increased
respiratory rate, increased sweating, and muscle fatigue.
In its original form, the scale started at 6 points and went
up to 20, which corresponded to a heart rate of 60 to 200.
In recent years, an updated scale from 1 to 10b, the so-
called Newman scale, has been used.

3) Laboratory parameters:

Complete blood count:

Haemoglobin 120 — 160 g/1 (90-180),

Red blood cells 4.1-5.2 T/1 (2.5-7.0)

Leukocytes 4.4-11.3 G/1 (2-20.0)

Platelets 140— 400 G/1 (75-600)

Kidneys and their functioning:

Creatinine 38—85 pumol/l (30-200)

GFR (glomerular filtration rate) — more than 90
ml/min/1.73 m2 (less than 25)

Homeostasis:

Potassium 3.5-5.1 mmol/l (3—6)

Sodium 137-150 mmol/l (130-155)

Sugar 3.7—6.2 mmol/l (3.2-9.0)

4) Echocardioscopy, if available (LVEF%, normal 55—
75%, poor if less than 55%).

5) Coagulogram (blood coagulation).

INR 0.80-1.20 (0.6-1.4).

Fibrinogen 1.8-3.5 g/1 (1.2-5.0).

In addition to the above permissible values of indica-
tors for signs of 3—5 groups, there are normative values,
which, like personal indicators of patient’s symptoms,
depend on gender, age, clinical, biochemical and other
parameters of comorbidities, which complicates decision-
making depending on different stages of the life cycle.
Such a relationship of parameters and symptom indicators
can be set not only analytically, but also algorithmically
by building various models of functioning systems.
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Information on the first and second signs is obtained
by interviewing the patient. The scores should correspond
to the following levels:

— ASA (class I, 11, if class III, the indicators will need
to be assessed more carefully);

— MET (4 or more is ideal, less than 4 should be con-
sidered whether to allow elective intervention, if so, to set
a higher risk of anaesthesia).

The analysis of the information regarding the indica-
tors of groups 3-5 showed that it is advisable to use the
apparatus of fuzzy set theory to interpret them, since, as
you can see, the values of these indicators are blurred.
Among the piecewise linear functions, the most com-
monly used are the so-called “triangular” and “trapezoi-
dal” membership functions. The first type of function is
usually used to formalise uncertainties such as “approxi-
mately equal” and “average”, and the second type is used
to represent uncertainties such as “located in an interval”.

To describe the values of these indicators, we will use
second-order trapezoidal membership functions (Fig. 5):

0, x<a;
X—al

,al SXSaz (UMF),
by —a
X—ayp

,a, <x<b (LMF);
by —a,

p=1<1, by <x<b, (Norm);

C—X

, b, <x<c (LMF);
by 2 1 ( )
27X ¢ <x<c, (UMF)
¢, —by
0, x=c,.

NORM

5 RESULTS

As an example, consider the application of this ap-
proach in determining the degree of fuzziness for the in-
dicator “sugar” of group 3. Homeostasis using second-
order fuzzy sets.

For example, a normal blood sugar level in men aged
two to 60 years is considered to be in the range of 74-106
mg/dl (4.1-5.9 mmol/l). According to the permissible
values, this indicator “sugar” can be in the range of 3.7—
6.2 mmol/l (3.2-9.0 mmol/l). Let’s describe the value of
this indicator using a second-order trapezoidal member-
ship function:

0, x<3.2;

X232 3 0<x<3:

>

x-3.7

,3.7<x<4.1;

1, 41<x<5.9;
6.2—Xx

0.3
9—-X
30
, X2

, 5.9<x<6.2;

, 6.2<x<9.0;

=)

0

The result of the graphical representation is shown in
Figure 6.
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Figure 5 — General interval fuzzy set of type-2
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Figure 6 — Interval fuzzy set of type-2 for the indicator “sugar”

Let the value of the indicator “sugar”, for a particular
patient, is X* = 7.4 mmol/l, then the value of the primary

membership function of the second order pl(x*) ~0.516,
and, accordingly, the value of the secondary membership
function (triangular) p(x") ~0.258 (Fig. 6).

Similarly, for this indicator, it is possible to build in-

terval fuzzy sets taking into account the age and gender of
the patient.

6 DISCUSSION

The construction of second-order interval fuzzy sets
for indicators of 3—5 groups will allow to formalise know-
ledge and generate, on the basis of research medical data,
an adequate fuzzy knowledge base model for an intelli-
gent decision support system, which will allow doctors to
access not only a clinical decision adapted to a particular
patient, but also a set of clinical rules on the basis of
which this decision was obtained.

Experimental studies have shown the convenience and
effectiveness of the proposed approach of using fuzzy
interval sets of the second order to intellectualise the
knowledge of an anaesthetist.

CONCLUSIONS

The knowledge obtained from experts usually contains
various types of uncertainties, and the knowledge result-
ing from the processing of experimental data contains a
significant amount of noise.

Therefore, the methods of fuzzy set theory are the
most suitable for processing incomplete and contradictory
information.
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For a qualitative representation of the subject area un-
der conditions of uncertainty, it is advisable to use fuzzy
interval sets of the second order.

In conclusion, it should be noted that the construction
of IF-THEN rules based on biomedical data will be con-
sidered in the following publications, which will be de-
voted to the development of fuzzy logic systems.

The scientific novelty of obtained results lies in the
pioneering application of type-2 fuzzy sets with interval
membership functions to address uncertainty in medical
data, particularly in the domain of anesthesiology, while
integrating expert knowledge and biomedical data, there-
by advancing the capabilities of intelligent medical deci-
sion support systems.

The practical significance of obtained results lies in
the tangible benefits for medical professionals, particu-
larly anesthetists, in improving the quality of patient as-
sessments, reducing errors, and providing personalized
recommendations. The research contributes to the devel-
opment of intelligent systems that can positively impact
clinical practice and patient outcomes in the field of med-
ical diagnostics.

Prospects for further research involve refining the
proposed type-2 fuzzy model, exploring its application
across diverse healthcare domains, integrating advanced
technologies for real-time decision support, collaborating
with medical practitioners to enhance practical utility, and
investigating ethical implications, aiming to advance the
field of intelligent medical decision support systems.
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HEYITKA MOJEJIb IHTEJIEKTYAJIBALIl 3HAHb MEJUYHOI COEPU

Mansap M. M. — 1-p TexH. Hayk, mpodecop, JekaH (aKyJIbTeTy MaTeMaTHKH Ta LHU(PPOBUX TEXHOJOTIH, YKrOpOICHKHUMA
HaIllOHAJILHUH YHIBEPCHTET, YKropoJ, YKpaiHa.

Mausip-T'azna H. M. — xanza. Men. Hayk, JOLEHT, Jikap-aHecrtesionor, bopmon-O6yii-3eMIuMHChKa [IeHTpallbHa peTioHaTbHA
JIiKapHS Ta YHIBEPCUTETChKa HaBYaIbHa JiKapHs, MIIIKosbsL, YropmuHa.

Mapkagi M. M. — kaHI. €KOHOM. HayK, JIOLIEHT, JOIEHT Kadeapa KiOEpHETHKH Ta MPUKIATHOT MATEMAaTHKH, Y KTOPOACHKUI
HaIllOHAJBHUH YHIBEPCUTET, YKropoa, YKpaiHa.

AHOTALIA

AKTyanbHicTh. JIOCTIDKEHHST NPUCBSYEHO PO3pOOLI THYYKOro MaTeMaTHYHOrO amapaTry [Uisl iHTeNleKTyamizamii 3HaHb Y
MeAnYHii cdepi. Sk mpaBuIo, MOACHKE MUCICHHS 0a3yeThCsl HA HETOYHUX, HAOMMKEHNX JaHUX, aHaJi3 SAKUX J03BOJISIE (OPMYyBaTH
YiTKi pilleHHA. Y BHIIAJKaX KOJW HE iCHye TOYHOI MaTeMaTHYHOI Mojeni o0’ekra, abo MOIenb CKIIaJHA AJsl peajizamii JOIiIEHO
BHKOPUCTOBYBATH amapaT HediTkoi Joriku. CTaTTd HampaBieHa Ha PO3IIUPEHHS [iala3oHy 3HaHb JOCIIIHHUKIB, SKi MPALIOIOTh B
00J1aCTI MEJUYHOI JIarHOCTUKH.

Meta po0OTH — IiJBUINEHHS SKOCTI BioOpaXkeHHs MpenMeTHOI oOmacTi Mequ4HOi cdepr Ha OCHOBI MOOYIOBM HEUITKHX 0a3
3HAHb TUIY-2 3 IHTEPBAJIBHUMHU (PYHKIIISIMU HAJISKHOCTI.

Metoa. Onucano ninxix dopmanizanii 3HaHp (axiBusg MEJUYHOI raxy3i 3a JJOMOMOIOI0 HEYITKUX MHOXHH APYroro HOPSAKY,
SKUH J03BOJIAE BPAXOBYBAaTH HEBU3HAYCHICTh 1 HEUITKICTh, KA BIACTUBA MEIMYHUM JIAHUM, @ TAKOX BUPILIyBaTH NpoOieMy iHTep-
nperarii OTpUMaHHUX Pe3yJIbTaTiB.

PesyabTaTn. Po3pobnennii miaxia peanizoBaHO Ha KOHKPETHiH MpoOIeMi 3 SIKOI0 CTHKAETHCS JTIKap-aHECTE310I0T TIPH JAOITYCKY
TMAI€HTa J0 eJIEKTUBHOTO (TUIAHOBOTO) ONIEPATUBHOTO BTPYYaHHS.

Bucnoskun. [IpoBezneHi ekcriepuMeHTAIBHI TOCIHIKEHHS TIOKa3aJId, 10 TpeCTaBlIeHa HEediTKa MOJIENb THITY-2 3 iHTepBaIEHIMHI
(YHKIISIME HAJISKHOCTI JO3BOJISIE aJIeKBATHO BiJOOPaKaTH BXITHI MEANYHI 3MiHHI SIKICHOTO XapaKTepy Ta BPaXOBYBAaTH, SIK 3HAHHST
(axiBus 3 MeIMYHOI MPAKTHKHU, TaK 1 JOCITIHI MeJUKO-0iooriyHi gaHi. OTpUMaHi pe3yabTaTH MalOTh BaXKJIMBE NPAKTHYHE 3HAUYCH-
HS JUIS JTIKapiB-IIPaKTUKIB, 0COOIMBO aHECTE3i0JIOTiB, OCKIIBKU JJO3BOJISIOTh MOKPAIIUTH OLIHKY CTaHy Iali€HTa, 3MEHIIUTH Kilb-
KIiCTh MOMUJIOK Ta HAJaTH iHAMBiAyanbHI pexomenaanii. Lle mocmimKkeHHs cpuse po3BUTKY iHTEICKTYaIbHUX CHCTEM, 3[aTHUX I10-
3WTHBHO BIUIMBATH Ha KJIIHIYHY MPAKTHKY Ta MOKPAIIyBaTH Pe3yJIbTATH JIIKyBaHHS MAli€HTIB y chepi MeIHIHOT AiarHOCTUKH.
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