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ABSTRACT The article examines key aspects of applying artificial intelligence theory — especially fuzzy logic
techniques — to address decision-making challenges in medicine under uncertain conditions. It provides an in-
depth methodology for developing fuzzy knowledge bases tailored to the unique characteristics of medical data,
taking into account its multifactorial complexity and inherent variability. Emphasis is placed on how fuzzy models
enhance processes such as diagnosis, continuous monitoring of patients, and risk evaluation related to anesthetic
management before surgery. In particular, the study highlights the necessity of second-order fuzzy logic models,
which enable dynamic and flexible data processing while balancing analytical precision with clarity for healthcare
professionals. The paper illustrates the use of expert insights formatted as “If-Then” linguistic rules to clarify the
relationships among various physiological parameters. Additionally, it outlines procedures for constructing
membership functions, implementing second-order fuzzy sets, and applying fuzzy inference algorithms. These
approaches demonstrate that integrating fuzzy logic into medical diagnostics not only improves the reliability of
preoperative anesthetic risk assessments but also minimizes decision-making errors and optimizes patient

treatment protocols.

KEYWORDS fuzzy sets; fuzzy knowledge base; fuzzy modelling; fuzzy inference system.

I. INTRODUCTION
Today, the theory of artificial intelligence is widely used in
a variety of human activities, including medicine.

A special characteristic of medical computer systems is that
they are united by a medical decision support system in a fuzzy
uncertain environment. The diagnosis of a disease usually
includes several levels of uncertainty and fuzziness [1].
Uncertainty is of great importance for science and fuzzy logic
in our time as it is a way of modeling and communicating using
natural language.

The use of fuzzy modeling methods based on observable
data allows for a compromise between the accuracy of
classification and the interpretability of the result.

Solving the problem of classification of observed data
requires solving the following tasks: selection of informative
features; formation of a knowledge base, i.¢., (development of)
fuzzy rules; optimization of parameters of membership
functions.

The main component of the fuzzy classification model is
the knowledge base of fuzzy rules.
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Today, computer-based clinical decision support systems
for disease detection and patient monitoring are being
developed and implemented [2-5], which are able to provide
clinicians  with  personalized  assessments  and/or
recommendations to assist in medical decision-making. Such
systems are usually 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 neural
networks [19, 20], the nearest neighbor method [21, 22],
genetic algorithms [23, 24], support vector machines [25, 26].

Here is an overview of some sources of building fuzzy
knowledge bases in the medical field for diagnosing various
diseases.

In their work [31], P. Kora and co-authors described a fuzzy
knowledge base for determining the risk of coronary heart
disease that includes 44 rules. The input features are
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cholesterol, blood pressure, physical activity, age, body mass
index, smoking, and diabetes. The disease state is divided into
three risk classes: healthy, early-stage, and advanced-stage of
disease.

D. Pal and co-authors [33] proposed a developed expert
system using primary and clinical information from patients to
stratify the risk of coronary heart disease. The input features for
the fuzzy system were formed through interviews with
cardiologists: age, smoking, body mass index, hypertension,
diabetes, lipid profile, chest pain. Each input variable is
described by a trapezoidal membership function. The output is
a fuzzy variable “risk” that takes on a fuzzy value: low,
medium, high.

Paper [32] presents a fuzzy decision support system for
diagnosing coronary heart disease that takes into account the
accuracy of decision making and its interpretation. A.
Lahsasna and co-authors proposed to extend the structure of
fuzzy rules by introducing the degree of its importance and
certainty in the THEN part of the rule, so that the doctor can
check the validity of each rule and determine whether to take
this rule into account. The authors used a “winner-take-all”
inference strategy, i.e., a decision is made on the basis of one
rule, IF the IF part of this rule is most appropriate to describe a
particular risk factor. The proposed features allow the doctor
to understand the relationship between risk factors and
diagnosis and accurately determine the presence of coronary
heart disease.

A fuzzy expert system for diagnosing hypertension [34]
uses age, body mass index, blood pressure, and heart rate as
input parameters. Based on the expert's knowledge, the
diagnostic process is formed, as well as linguistic variables and
their values.

In addition, a comparative analysis was conducted with
conventional machine learning classifiers. The results show
that while deep learning approaches demonstrate higher
accuracy on large data sets, fuzzy systems provide more
interpretable and flexible decision-making capabilities,
especially in handling uncertainty and linguistic reasoning.

Fuzzy logic, on the other hand, provides a structured, rule-
based system that allows for transparent decision-making, a
crucial aspect in a clinical setting where explainability is
essential. This hybrid approach ensures that accuracy and
interpretability are balanced to support medical decision-
making.

This review shows that modern medical diagnostics is a
complex process that requires the accumulation of knowledge
and clinical experience of medical professionals and patient
data in conditions where information from patients can change
dynamically and contain redundant and interrelated symptoms
from several types of disease.

In such cases, it is advisable to use computer systems based
on fuzzy mathematics to help clinicians, which allows them to
work with both poorly formalized information and qualitative
data.

The problems faced by specialists in the medical field are
related to the situation when it is impossible to take into
account all the parameters, and the required number of
parameters cannot be determined, i.e., there are only significant
parameters, while the final solution is considered, which may
be approximate.

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

To solve such problems in conditions where the description
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 professionals.

As a rule, the formation of fuzzy knowledge bases, the
choice of the type of membership functions and the number of
input parameters will significantly depend on the degree of
participation of medical specialists and laboratory information.

To date, the share of surgical interventions performed in
one-day surgery in European countries is 80%, while in
Ukraine this figure does not exceed 60%. A necessary
prerequisite for increasing the number of surgical interventions
in one-day surgery is the most optimal preoperative anesthetic
preparation of the patient.

The use of the proposed approach will reduce the financial
burden on the medical system as a whole and on individual
medical institutions in particular

This paper proposes the use of a mathematical apparatus
using second-order fuzzy sets and the profile of a fuzzy
knowledge base built for an anesthesiologist to make a decision
on determining the level of patient readiness for elective
surgery, in particular, conducting this intervention in the
context of “one-day surgery”.

. MATERIAL AND METHODS

The object of the study is the processes that affect the level of
patient's condition in preparation for elective intervention in
modern conditions.

The main hypothesis of the study is to improve the quality
of reflection of the subject area of the medical field by building
fuzzy knowledge bases using interval membership functions of
the second order for an anesthesiologist when admitting a
patient to elective (planned) surgery.

The main tools for using fuzzy set theory are the
construction of membership functions and a fuzzy knowledge
base. In the theory of fuzzy sets, the membership function plays
a significant role, since it is the main characteristic of a fuzzy
object, and all actions with fuzzy objects are performed through
operations with their membership functions. As a rule, the
membership function is built either on the basis of statistical
information or with the participation of an expert (group of
experts). In the first case, the membership function should have
a frequency interpretation, in the second case, the degree of
membership is approximately equal to the intensity of the
manifestation of a certain property. A knowledge base is a
fuzzy rule with certain parameters, such as change intervals and
membership functions, which can be formed using an expert
method. In this case, the values of the fuzzy rule parameters are
set manually by an expert. In another approach, the parameters
of fuzzy rules are determined by machine learning methods on
data from sets of retrospective examples.

The problem of medical diagnosis, as a task of determining
the level of a patient's condition, can be formulated as a
classification problem. Such a problem can be solved by
finding the appropriate mathematical function F, which

corresponds to a set of symptoms X = {x;,x5,...,%X,} =
{xi, i = L_n} with a certain class label k;:
F(X):X - k;. €))

It is proposed to use a fuzzy modeling approach in the form
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of the function F, which is based on the use of certain rules for
the observation data.

This approach 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 features X =
{x1,%5,..., %} = {xi, i= 1,_n} and the set of classes K =
{ki kg k) = {kj, j = 1,m}.

Fuzzy classification is represented as a function that assigns

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

F(X): X, X X, X..x X, = [0,1]™ (2)

The basis of fuzzy classification is the following productive
rule:

Rp]-:IFxl =A1]-&x2 =A2]&&xnj = (3)
Anj THEN class = k;

where A;; is a linguistic term that characterizes the i -th
feature in the j -th rule and is defined by its membership
function u 4ij (x;) at the point x;, p = 1, P, P is the number of
rules.

A class is defined by the rule for which the If-part
maximally matches the description given by the input vector X:

class =k, j* = arg max [[i2; pa, (x;). )
1<jsm Y

The construction of a fuzzy classification 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 membership function.

The problem of selecting informative features is to find
such input attributes from the dataset that most realistically
reflect the patient's condition and the doctors' understanding of
the result. These can be statistical, theoretical, 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.

An important tool for building decision-making models for
tasks that are poorly formalized and operate with expert
information is the apparatus of fuzzy sets and fuzzy logic [27].
The formalization of expert knowledge through fuzzy sets
includes appropriate procedures for creating membership
functions. These procedures are the key to decision-making,
since 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 to build membership
functions and the corresponding fuzzy model poses the
researcher with the task of optimal choice [30].

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 statistical data
or with the participation of an expert or a group of experts.
Many scientists, starting with L. Zadeh, have devoted their
research to the problem of constructing membership functions,
which is a key concept in fuzzy logic. Depending on the degree
of fuzziness that is taken into account when building a fuzzy
model, there are type 1 fuzzy models, general type 2 models,
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and interval type 2 models [28].

Type 1 fuzzy models, which are based on first-order fuzzy
sets, use membership functions with clear membership degrees
and produce only a point (clear) value at the output. Lotfi Zadeh
proposed a convenient interpretation of type 1 fuzzy sets in
solving practical problems:

A= {00, pua(x) )|xeX, 0 < py(x) < 13, (5)

where X is an universal set, and u,(x) is a function of the
membership of element x in the set A, which is a subset of the
universal set.

Based on the first-order fuzzy sets, various models,
methods, and algorithms have been developed to address
uncertainty. However, the analysis of these methods and
models shows that they often do not provide complete solutions
due to insufficiently justified choice of modeling parameters,
requiring multiple implementations to select the optimal
parameters.

The concept of fuzzy sets of the second-order (fuzzy sets
type-2) was introduced 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 use of fuzzy sets with fuzzy membership functions is
associated with the concept of linguistic truth, for example,
with such values as true, quite true, very true, more or less true,
and so on, and fuzzy sets whose degree of membership is
described by such linguistic terms as low, medium, high, very
low, not low and not high, etc. on the other hand.

In practice, a distinction is made between general and
interval second-order fuzzy sets, which are based on the first-
order fuzzy sets.

Paper [6] described the second-order fuzzy sets using 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 footprint of uncertainty
(FOU) [5], which is the main characteristic of a second-order
fuzzy set (FS-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).

Figure 1. Type-2 membership function.

The introduction of fuzziness in the membership function
makes it possible to bring the fuzzy model closer to human
thinking and perception and 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 systems. Obviously, the size of the uncertainty
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depends on the type of membership functions used.

The membership function of a general second-order fuzzy
set is depicted in a three-dimensional model in Figure 2, where
the third dimension of the membership function at each point
in the two-dimensional domain represents the so-called
“footprint of uncertainty” (FOU).

FOU

Figure 2. Uncertainty trace of a type 2 fuzzy set.

Second-order fuzzy sets are characterized by the blurring of
the boundaries of the membership function (MF) and the way
the degrees of membership are distributed by the values of the
arguments. Blurring the boundaries is the first step in the
transition from type 1 to type 2 fuzzy sets.

Theoretically, we can choose any type of membership
function, it is unlimited, but the most common in practical use
are Gaussian, triangular, trapezoidal, and bell-shaped
membership functions.

From the theoretical point of view, there are two types of
the second type of membership functions: interval and general.
If for any value of the argument from the universe over the
entire interval, from the lower degree of membership to the
upper, the value of the FN is unchanged, then this type of FN
is unified (homogeneous), and a fuzzy set with this type of FN
is called an interval fuzzy set of the second order. And if for
any value of the argument from the universe in the specified
interval, the value of the FN changes, then the fuzzy set with
this type of FN is called a second-order fuzzy set of general
form.

. RESULTS

In most practical tasks of medical diagnostics, the synthesis of
fuzzy knowledge bases and the construction of fuzzy models in
the context of qualitative data depend on the ability of a
medical specialist to formalize his knowledge and understand
the importance of the parameters provided to the developer for
the further design of a fuzzy logic system.

Let us demonstrate the use of this approach when making a
decision by an anesthesiologist. We will give an example of
signs by which the patient's physical condition is assessed
before elective (planned) surgical interventions.

The difficulty of determining the patient's condition is often
associated with the presence of excessive information and
interrelated symptoms, especially if the patient suffers from
several diseases. Often, the biggest challenge for a doctor is to
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structure the available information and identify the most
important so-called “sign” signs or symptoms. It is especially
difficult to qualitatively assess a patient's condition before
surgery. An adequately determined condition allows us to
predict the duration of a patient's possible hospital stay. Timely
corrected deviations in the patient's condition can optimize the
financial burden on medical institutions and the healthcare
system as a whole, as well as improve the quality and duration
of the patient's life.

According to the global practice, patients undergo a
mandatory examination by an anesthesiologist before an
elective (planned) intervention. As a result of the examination,
recommendations will be given regarding the risk of anesthesia
for this patient, the patient's suitability for a particular volume
of surgery, the conditions under which this surgery can be
performed (one-day surgery or the availability of inpatient
department), the need for additional examinations (laboratory
or instrumental) or correction of treatment or directly certain
vital signs (for example, hemoglobin level, arterial blood
pressure level, etc.

In the vast majority of cases, the task of assessing
preoperative anesthetic risk is extremely difficult for a
physician due to the availability of a huge amount of
information, which is often subjective, confusing, interrelated,
and in many cases even mutually exclusive.

Today, anesthesia outpatient appointments are based on the
world-famous system proposed by the American Society of
Anesthesiologists (ASA) [29], which provides for 6 risk
classes.

The physical status of patients according to the ASA
classification is an assessment of the patient's condition before
surgery, endoscopy or other manipulation. There are 6 classes
of physical status: from a healthy patient to a patient in an
extremely serious condition.

ASA T - Healthy patient (does not smoke, drinks alcohol in
small quantities).

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

ASA TII - Patient with severe systemic disease (significant
limitations of functional activity). Examples include (but are
not limited to): poorly controlled hypertension or
subcompensated diabetes mellitus, COPD, morbid obesity
(BMI >40), active hepatitis, alcohol dependence or abuse,
implanted pacemaker, moderate reduction in cardiac output
fraction, chronic renal failure requiring regular scheduled
hemodialysis. A history (more than 3 months) of myocardial
infarction, stroke, transient ischemic attack, 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, transient ischemic
attack, coronary artery disease or stenting, current myocardial
ischemia or severe heart valve dysfunction, severe ejection
fraction reduction, sepsis, DIC, acute or chronic renal failure,
and irregular hemodialysis.

ASA V - Dying patient. Surgery for vital indications.
Examples include (but are not limited to): aortic aneurysm
rupture, severe polytrauma, intracranial hemorrhage, acute
intestinal ischemia with concomitant severe cardiac pathology
or multiple organ failure.
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ASA VI - Brain death has been established, organs are
removed for donor purposes.

However, the first three classes are most often used for
elective interventions. Patients belonging to the first two
classes are considered suitable for elective interventions of one-
day surgery.

Here are the normal values of the indicators used in the
examination of the patient.

1. Metabolic equivalent. Metabolic equivalent (MET) is a
unit of measurement of the body's energy needs, which is used
during the treadmill test to assess the functional abilities of a
person (i.e., his/her tolerance to physical activity).

The baseline value (1 MET) is the metabolic rate at rest
(under the conditions of basal metabolism), which is 1
kcal/kg/h. Thus, 2 METs correspond to a load that causes a 2-
fold increase in the body's energy requirement compared to the
resting state. Activity that requires 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 considered to be
reduced, which is associated with a more difficult prognosis,
while the ability to perform a load above this level indicates a
favorable outcome.

The Borg Scale is used to assess the perceived exertion of
physical activity, i.e., how much a person feels their body is
working. The perceived strain is based on the physical
sensations that a person experiences during physical 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 reached 20, which corresponded to
a heart rate of 60 to 200. In recent years, an updated scale from
1 to 10 points, the so-called Newer scale, has been used.

2. Laboratory parameters:

2.1. Complete blood count:

Hemoglobin 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)

2.2. Kidneys and their functioning:

Creatinine 38-85 mmol/l (30-200)

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

2.3. Homeostasis:

Potassium 3.5-5.1 mmol/l (3-6)

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

Sugar 3.7-6.2 mmol/1 (3.2-9.0)

3. Echocardioscopy, if available (LVEF%, normal 55-75%,
life-threatening if less than 55%).

4. Coagulogram (blood clotting).

4.1.INR 0.80-1.20 (0.6-1.4).

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

The first task in building a fuzzy classification is the
selection of information features. Let us consider several
“iconic” signs that an anesthesiologist usually uses during his
examination:

1. Age of the patient;

2. Mass index;

3.The presence of bad habits (smoking);

4. Level of tolerated physical activity;

5. The level of blood pressure;

6. ECG (abnormalities or not);
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7. Hemoglobin level;

8. Platelet count;

9. Sugar level;

10. Glomerular filtration rate;

11. Potassium level.

The second task is to formalize the knowledge. Here are the
linguistic values that these features can take.

1. Age under 40 is young, 40-58 is middle-aged, 59-75 is
old;

2. Body mass index...<25 - normal, 25-32 - overweight,
more than 33 - obese;

3. Bad habits: smoking - no (<0.6), yes (0.3-1.0);

4. Physical activity - no (<0.6) - MET <5, yes (0.3-1.0) -
MET > 5-6-7;

5. Systolic blood pressure <135 - normal, 136-159 -
elevated, 160-200 - high;

6. ECG - normal, there are abnormalities;

7. Hemoglobin level 120-140 normal,
intermediate, <90 - low;

8. Platelet count 150-350 - normal, 100-150 and 350-450 -
intermediate, less than 100 and more than 450 - pathological
changes;

9. Sugar 3.3-5.5 - normal, 5.5-8.5 - intermediate, less than
3.2 and more than 9 - pathological changes;

10. GFR more than 90 - normal, 75-90 - moderate changes,
less than 75 - pathological deterioration;

11. Potassium level 3.3-5.5 - normal, 3.0-3.3 and 5.5-5.9 -
moderate changes, less than 3 and more than 6 - severe
pathological changes.

The analysis of the information on the indicators [35-37]
has shown that it is advisable to use the apparatus of fuzzy set
theory to interpret them, since the values of these indicators are
blurred. Among piecewise linear functions, the most
commonly used are the so-called “triangular” and “trapezoidal”
membership functions. The first type of function is usually used
to formalize uncertainties such as “approximately equal” and
“average value”, and the second type is used to represent
uncertainty such as “located in the interval”.

To model the first six features, we will use first-order
membership functions. An example of a membership function
is shown in Fig. 3.

90-120

young middle old

40 58

Age
Figure. 3. Input linguistic variable “age”.
Features 7, 8, 9, 10, 11 should be modeled using second-
order membership functions. To describe the values of these

indicators, we will use the second-order trapezoidal
membership functions.
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Examples of membership functions for features and terms
are shown in Fig. 4.

moderate

pathological changes
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Figure 4. Input linguistic variables for features 7, 8, 9, 10, 11.

The next task is to form a fuzzy rule base. For example, here
is a profile of 10 rules.

1. IF (age is young) AND (body mass index is normal)
AND (physical activity is yes) AND (smoking is no) AND
(blood pressure is normal) AND (ECG is normal) AND
(hemoglobin is normal) AND (platelets are normal) AND
(sugar is normal) AND (GFR - normal) AND (potassium -
normal) THEN ASA 1, the risk of anesthesia is low, the patient
is suitable for a one-day elective intervention.

2.IF (age is average) AND (BMI is normal) AND (exercise
is yes) AND (smoking is no) AND (blood pressure is normal)
AND (ECG is normal) AND (hemoglobin is normal) AND
(platelets are normal) AND (glucose is normal) AND (GFR -
normal) AND (potassium - normal) THEN ASA 1, the risk of
anesthesia is low, the patient is suitable for a one-day elective
intervention.

3. IF (age is young) AND (body mass index is normal)
AND (exercise is yes) AND (smoking is no) AND (blood
pressure is normal) AND (ECG is normal) AND (hemoglobin
is intermediate) AND (platelets are normal) AND (glucose is
normal) AND (GFR - normal) AND (potassium - normal)
THEN ASA 1, the risk of anesthesia is low, the patient is
suitable for a one-day elective intervention.

4. IF (age is young) AND (body mass index is overweight)
AND (physical activity is yes) AND (smoking is yes) AND
(blood pressure is normal) AND (ECG is normal) AND
(hemoglobin is normal) AND (platelets are normal) AND
(sugar - normal) AND (GFR - normal) AND (potassium -
normal.) THEN ASA II, the risk of anesthetic support is
medium, the patient is conditionally suitable for a one-day
elective intervention.

5.IF (age is young) AND (body mass index is overweight)
AND (physical activity is yes) AND (smoking is yes) AND
(blood pressure is elevated) AND (ECG is normal) AND
(hemoglobin is normal) AND (platelets are normal) AND
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(sugar is normal) AND (GFR - normal) AND (potassium -
normal) THEN ASA II, the risk of anesthetic support is
average, the patient is conditionally suitable for a one-day
elective intervention, which is necessary for the examination.

6. IF (age is young) AND (body mass index is overweight)
AND (physical activity is yes) AND (smoking is yes) AND
(blood pressure is elevated) AND (ECG is abnormal.) AND
(hemoglobin is normal) AND (platelets are normal.) AND
(sugar is normal) AND (GFR - normal) AND (potassium -
normal.) THEN ASA 1II, the risk of anesthetic support is
medium, the patient is conditionally suitable for a one-day
elective intervention required before the examination.

7. IF (age is young) AND (body mass index is overweight)
AND (physical activity is yes) AND (smoking is yes) AND
(blood pressure is high) AND (ECG is abnormal) AND
(hemoglobin is normal) AND (platelets are normal) AND
(sugar is normal) AND (GFR - normal) AND (potassium -
normal.) THEN ASA II, the risk of anesthetic support is
medium, the patient is conditionally suitable for a one-day
elective intervention, which is necessary for the examination.

8. IF (age is young) AND (body mass index is overweight)
AND (physical activity is yes) AND (smoking is yes) AND
(blood pressure is high) AND (ECG is normal) AND
(hemoglobin is low) AND (platelets are normal) AND (sugar
is normal) AND (GFR - normal) AND (potassium - normal)
THEN ASA 11, the risk of anesthetic support is medium, the
patient is conditionally suitable for a one-day elective
intervention, correction of indicators is necessary.

9. IF (age is average) AND (body mass index is overweight)
AND (physical activity is yes) AND (smoking is yes) AND
(blood pressure is elevated.) AND (ECG is normal) AND
(hemoglobin is low) AND (platelets are normal.) AND (sugar
is elevated) AND (GFR - moderate changes) AND (potassium
- normal) THEN ASA III, the risk of anesthetic support is high,
the patient is unsuitable for a one-day elective intervention,
correction of indicators is necessary.

10. IF (age is average) AND (body mass index is
overweight) AND (physical activity is not) AND (smoking is)
AND (blood pressure is elevated.) AND (ECG is abnormal)
AND (hemoglobin is intermediate) AND (platelets are normal)
AND (sugar is elevated) AND (GFR - moderate changes) AND
(potassium - normal.) THEN ASA III, anesthetic risk is high,
the patient is unsuitable for a one-day elective intervention, and
the patient should be evaluated before the examination.

IV. CONCLUSIONS

Based on the expert's knowledge, the significant signs are
selected, which, as a rule, are most often used by an
anesthesiologist during the examination process to make a
decision when admitting a patient to elective surgery. The well-
known system for assessing the patient's physical condition
proposed by the American Society of Anesthesiologists (ASA),
which provides for the presence of 6 risk classes, is presented.

We propose an improved second-order fuzzy inference
system specifically designed for risk assessment in
anesthesiology. Unlike conventional fuzzy models that rely on
static membership functions, our system uses dynamically
adapted fuzzy sets that adjust to specific patient parameters.

In traditional fuzzy models, hemoglobin levels were
classified as “low” if they were below 90 g/L, “intermediate” if
they were between 90-120 g/L, and “normal” if they were
above 120 g/L. In the proposed model, these thresholds
dynamically change depending on the patient's age and
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comorbidities. A 70-year-old diabetic patient may have a
higher threshold for “low” hemoglobin than a 25-year-old
healthy patient.

An approach to formalizing knowledge that reflects the
information of the subject area of an anesthesiologist based on
the use of fuzzy mathematics tools is proposed. For fuzzy
feature modeling, fuzzy sets of the first and second order are
used, which allows us to adequately describe the input
linguistic variables. For example, we present the second-order
membership function for the indicator “potassium”:

0, x <3,0;
x—3,0
0.5
X33 3 x<3s;
0’2 ) ) —‘x— "~y
1, 35 <x<51;
55—x
04
0 X s x<60:
0’9; WD S X =< 0.V

0, x =6,0.

, 3,0<x<33;

51<x<5,5;

Let us say that the value of the indicator “Potassium” for a
particular patient is x* = 5.4 mmol/L, then the value of the
primary membership function of the second order is lower
(LMF) and upper (UMF). Accordingly, the value of the
secondary membership function (triangular), see Fig. 5.

0,46 |

Figure. 5. Interval fuzzy set of type-2 for the indicator
“potassium”.

Based on the fuzzy knowledge base consisting of 10 rules,
the following conclusions of the anesthesia examination were
obtained:

1. The risk of anesthetic management is low, the patient is
suitable for a one-day elective intervention, ASAI status.

2. The risk of anesthetic support is medium, the patient is
conditionally suitable for a one-day elective intervention,
ASAII status level:

A) with pre-examination;

B) with correction of vital signs or correction of treatment.

3. The risk of anesthetic support is high, not suitable for
elective one-day intervention, ASAIIl level. Suitable for

VOLUME 24(2), 2025

surgical intervention:

A) with pre-examination;

B) with correction of vital signs or correction of treatment.

Based on the expert experience of an anesthesiologist, 11
key signs for assessing the preoperative condition of a patient
are identified and the normative values of the corresponding
indicators are given. The membership functions for first- and
second-order fuzzy sets used to describe input linguistic
variables in a computer-based intelligent decision-making
system based on a fuzzy knowledge base with 10 rules are
considered. Examples of first- and second-order membership
functions characterizing different types of indicators are
presented. Based on the results of the research, conclusions are
formulated regarding the anesthetic examination of the patient.
The fuzzy knowledge base and the list of key features are open,
which makes it possible to supplement, correct and modify
them.

Experimental validation was conducted using real medical
data. The evaluation focused on key performance indicators
such as sensitivity, specificity, and accuracy.

Unlike deep learning, the fuzzy model allowed medical
professionals to trace the reasoning behind each classification.

The sensitivity (ability to correctly identify high-risk
patients) was 84%, and the specificity (correct identification of
low-risk patients) was 89%. These results confirm that the
system is reliable for clinical decision support.

Thus, the proposed second-order fuzzy inference system
improves the adaptability of the model, providing a more
accurate preoperative risk assessment. In addition, this research
extends traditional fuzzy knowledge bases by integrating an
expert-driven rule optimization process.

References

[1] Q. Liang, J. M. Mendel, “Interval type-2 fuzzy logic systems: theory and
design,” IEEE Transactions on Fuzzy Systems, vol. 8, issue 5, pp. 535—
550, 2000. https://doi.org/10.1109/91.873577.

[2] J. M. Fernandes, S. M. Vieira, F. Leite, C. Palos, S. Finkelstein, J. M. C.
Sousa, “Clinical decision support systems for triage in the emergency
department using intelligent systems: A review,” Artificial Intelligence in
Medicine, vol. 102, 101762, 2020.
https://doi.org/10.1016/j.artmed.2019.101762.

[31 A. Mustageem, S. M. Anwar, M. Majid, “A modular cluster based
collaborative recommender system for cardiac patients,” Artificial
Intelligence in Medicine, vol. 102, 101761, 2020.
https://doi.org/10.1016/j.artmed.2019.101761.

[4] L. Souza-Pereira, N. Pombo, S. Ouhbi, V. Felizardo, N. Garcia, “Clinical
decision support systems for chronic diseases: A systematic literature
review,” Comput. Methods Program Biomed, vol. 195, 105565, 2020.
https://doi.org/10.1016/j.cmpb.2020.105565.

[5] O. O. Olakotan, M. M. Yusof, “Evaluating the alert appropriateness of
clinical decision support systems in supporting clinical workflow,”
Journal  Biomedical  Informatics, vol. 106, 103453, 2020.
https://doi.org/10.1016/1.jbi.2020.103453.

[6] M. P. MsRae, B. Bozkurt, C. M. Ballantyne, X. Sanchez, N.
Christodoulides, G. Simmons et al., “Cardiac ScoreCard: A diagnostic
multivariate index assay system for predicting a spectrum of
cardiovascular disease,” Expert Systems with Applications: An
International ~ Journal, vol. 54, pp- 136-147, 2016.
https://doi.org/10.1016/j.eswa.2016.01.029.

[7]1 S. Thukral, V. Rana, “Versatility of fuzzy logic in chronic diseases: A
review,” Medical Hypotheses, vol. 122, pp. 150-156, 2016.
https://doi.org/10.1016/j.mehy.2018.11.017.

[8] I Gadaras, L. Mikhailov, “An interpretable fuzzy rule-based
classification methodology for medical diagnosis,” Artif. Intell. Med.,
vol. 47, issue 1, pp- 25-41, 2009.
https://doi.org/10.1016/j.artmed.2009.05.003.

[9]1 S. A.Mokeddem, “A fuzzy classification model for myocardial infarction
risk assessment,” Applied Intelligens, vol. 48, pp. 1233-1250, 2018.
https://doi.org/10.1007/s10489-017-1102-1.

357



)

Marianna Sharkadi et al. / International Journal of Computing, 24(2) 2025, 351-358

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

358

D. Nauck, R. Kruse, “Obtaining interpretable fuzzy classification rules
from medical data,” Artif. Intell. Med., vol. 16, issue 2, pp. 149-169,
1999. https://doi.org/10.1016/S0933-3657(98)00070-0.

A. Kalantari, A. Kamsin, S. Shamshirband, A. Gani, H. Alinejad-Rokny,
A. T. Chronopoulos, “Computational intelligence approaches for
classification of medical data: State-of-the-art, future challenges and
research directions,” Neurocomputing, vol. 276, pp. 2-22, 2018.
https://doi.org/10.1016/j.neucom.2017.01.126.

H. Jemal, Z. Kechaou, M. Ben Ayed, “Enhanced decision support
systems in intensive care unit based on intuitionistic fuzzy sets,”
Advances in Fuzzy Systems, vol. 2017, 7371634, 8 pages, 2017.
https://doi.org/10.1155/2017/7371634.

M. Pota, M. Esposito, G. De Pietro, “Designing rule-based fuzzy systems
for classification in medicine,” Knowledge-Based Systems, vol. 124, pp.
105-132, 2017. https://doi.org/10.1016/j.knosys.2017.03.006.

A. Minutolo, M. Esposito, G. De Pietro, “A fuzzy framework for
encoding uncertainty in clinical decision-making,”, Knowledge-Based
Systems, vol. 98, pp- 95-116, 2016.
https://doi.org/10.1016/j.knosys.2016.01.020.

H. Ahmadi, M. Gholamzadeh, L. Shahmoradi, M. Nilashi, P. Rashvand,
“Diseases diagnosis using fuzzy logic methods: A systematic and meta-
analysis review,” Comput. Methods Program Biomed., vol. 161, pp. 145—
172, 2018. https://doi.org/10.1016/j.cmpb.2018.04.013.

H. Kour, J. Manhas, V. Sharma, “Usage and implementation of neuro-
fuzzy systems for classification and prediction in the diagnosis of
different types of medical disorders: a decade review”, Artif. Intell. Rev.,
vol. 53, pp. 4651-4706, 2020. https://doi.org/10.1007/s10462-020-
09804-x.

N. A. Sajadi, S. Borzouei, H. Mahjub, M. Farhadian, “Diagnosis of
hypothyroidism using a fuzzy rule-based expert system,” Clinical
Epidemiology and Global Health, vol. 7, issue 4, pp. 519-524, 2019.
https://doi.org/10.1016/j.cegh.2018.11.007.

G. Arji, H. Ahmadi, M. Nilashi, T. A. Rashid, O. H. Ahmed, N. Aljojo,
et al, “Fuzzy logic approach for infectious disease diagnosis: A
methodical evaluation, literature and classification,” Biocybernetics and
Biomedical Engineering, vol. 39, issue 4, pp. 937-955, 2019.
https://doi.org/10.1016/j.bbe.2019.09.004.

F. Amato, A. Lopez, E.M. Pena-Mendez, P. Vanhara, A. Hampl, J. Havel,
“Artificial neural networks in medical diagnosis,” J. Appl. Biomed., vol.
11, issue 2, pp.47-58, 2013. https://doi.org/10.2478/v10136-012-0031-x.
J. Jiang, H. Wang, J. Xie, X. Guo, Y. Guan, Q. Yu, “Medical knowledge
embedding based on recursive neural network for multi-disease
diagnosis,”  Artif. Intell. Med., vol. 103, 101772, 2020.
https://doi.org/10.1016/j.artmed.2019.101772.

R. Alizadehsani, “Machine learning-based coronary artery disease
diagnosis: A comprehensive review,” Computers in Biology and
Medicine, vol. 111, 103346, 2019.
https://doi.org/10.1016/j.compbiomed.2019.103346.

U. R. Acharya, H. Fujita, V. K. Sudarshan, S. L. Oh, M. Adam, J. H. Tan
et al, “Automated characterization of coronary artery disease, myocardial
infarction, and congestive heart failure using contourlet and shearlet
transforms of electrocardiogram signal,” Knowl.-Based Syst., vol. 32,
issue 15, pp. 156-166, 2017.
https://doi.org/10.1016/j.knosys.2017.06.026.

K. C. Tan, Q. Yu, C. M. Heng, T. H. Lee, “Evolutionary computing for
knowledge discovery in medical diagnosis,” Artif. Intell. Med., vol. 27,
issue 2, pp. 129-154, 2003. https://doi.org/10.1016/S0933-
3657(03)00002-2.

Y.-J. Park, S.-H. Chun, B.-C. Kim, “Cost-sensitive case-based reasoning
using a genetic algorithm: Application to medical diagnosis,” Artif. Intell.
Med., vol. 51, issue 2, pp- 133-145, 2011.
https://doi.org/10.1016/j.artmed.2010.12.001.

M. Wang, H. Chen, “Chaotic multi-swarm whale optimizer boosted
support vector machine for medical diagnosis,” Applied Soft Computing,
vol. 88, 105946, 2020. https://doi.org/10.1016/j.as0¢.2019.105946.

H. L. Chen, B. Yang, G. Wang, S.-J. Wang, J. Liu, D.-Y. Liu, “Support
vector machine based diagnostic system for breast cancer using swarm
intelligence,” J. Med. Syst., vol. 36, issue 4, pp. 2505-2519, 2012.
https://doi.org/10.1007/s10916-011-9723-0.

L. A. Zadeh, “Fuzzy sets as a basis for theory of possibility,” Fuzzy Sets
and  Systems, vol. 100, Suplement 1, pp. 9-34, 1999.
https://doi.org/10.1016/S0165-0114(99)80004-9.

J. M. Mendel, R. L. John, F. Liu, “Interval type-2 fuzzy logic systems
made simple,” IEEE Trans. Fuzzy Syst., vol. 6, pp. 808-821, 2006.
https://doi.org/10.1109/TFUZZ.2006.879986.

[29] ASA Physical Status Classification System. [Online]. Available at:
https://www.asahq.org/standards-and-guidelines/asa-physical-status-

classification-system.
[30] M. M. Sharkadi, “Fuzzy sets of the second kind”, Scientific Bulletin of

Uzhhorod University. Series ‘Mathematics and Informatics’, vol. 2, no.
41, pp. 163-170, 2022. (in Ukrainian). https://doi.org/10.24144/2616-
7700.2022.41(2).163-170.

[31] P. Kora, K. Meenakshi, K. Swaraja, A. Rajani, K. M. Islam, “Detection
of cardiac arrhythmia using fuzzy logic,” Inform. Med. Unlocked, vol. 17,
100257, 2019. https://doi.org/10.1016/1.imu.2019.100257.

[32] A.Lahsasna, R. N. Ainon, R. Zainuddin, A. Bulgiba, “Design of a fuzzy-
based decision support system for coronary heart disease diagnosis,” J.
Med.  Syst, vol. 36, issue 5, pp. 3293-3306, 2012.
https://doi.org/10.1007/s10916-012-9821-7.

[33] D. Pal, K. M. Mandana, S. Pal, D. Sarkar, C. Chakraborty, “Fuzzy expert
system approach for coronary artery disease screening using clinica
parameters,” Knowl.-Based Syst, vol. 36, pp. 162-174, 2012.
https://doi.org/10.1016/j.knosys.2012.06.013.

[34] S. Das, P. K. Ghosh, S. Kar, “Hypertension diagnosis: A comparative
study using fuzzy expert system and neuro fuzzy system,” Proceedings
of the IEEE International Conference on Fuzzy Systems, Hyderabad,
2013, pp. 1-7. https://doi.org/10.1109/FUZZ-IEEE.2013.6622434.

[35] M. M. Malyar, N. M. Malyar-Gazda, M. M. Sharkadi, “Fuzzy model for
intellectualizing medical knowledge,” Scientific Journal
“Radioelectronics, Informatics, Management,” no. 2, pp. 61-70, 2024.
https://doi.org/10.15588/1607-3274-2024-2-7.

[36] A. Serkov, O. Kasilov, B. Lazurenko, V. Pevnev, & K. Trubchaninova,
“Strategy of building a wireless mobile communication system in the
conditions of electronic counteraction,” Radioelectronic and Computer
Systems,” no. 2, pp. 160-170, 2023.
https://doi.org/10.32620/reks.2023.2.13.

[37] S. Vladov, L. Scislo, V. Sokurenko, O. Muzychuk, V. Vysotska, A.
Sachenko, A. Yurko, “Helicopter turboshaft engines’ gas generator
rotor R.P.M. neuro-fuzzy on-board controller development,” Energies,
vol. 17,4033, 2024. https://doi.org/10.3390/en17164033.

MARIANNA SHARKADI, Ph.D. in
Economics, Associate Professor at the
Department of Cybernetics and Applied
Mathematics, Uzhhorod National
University, Uzhhorod, Ukraine. Her
research interests encompass
mathematical modeling of socio-
economic systems, fuzzy modeling, and
intelligent decision-making systems.

NELLI MALYAR-GAZDA, Ph.D. in
Medicine, Anesthesiologist at the
Department of Anesthesiology and
Intensive Care, The Borsod-Abauj-
Zemplen County Hospital and University
Teaching Hospital, Miskolc, Hungary.
Her research interests include
anesthesiology, emergency conditions,
determination of the patient's readiness
for elective surgery.

MYKOLA MALYAR, Doctor of
Technical Sciences, Professor at the

£ - \ Department of Cybernetics and
> 8ad Applied Mathematics, Dean of the

Faculty of Mathematics and Digital
Technologies, Uzhhorod National
University, Uzhhorod, Ukraine. His
research interests encompass
computer modeling of socio-economic
systems, decision theory, data mining,
fuzzy modeling, artificial intelligence
systems.

VOLUME 24(2), 2025



