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1. INTRODUCTION

Currently, extensive research is focused on developing new mathematical methods for processing
and analyzing medical indicators. Also, the use of IT technologies in medicine significantly expands the
professional capabilities of doctors through various automated diagnostic systems. The use of information
systems based on computer technologies for conducting various studies will lead to a reduction in various
types of material, energy, and financial costs [1]. The goal of research paper is to optimize the assessment of
the functional state of the kidneys using non-invasive technologies. Although computer data analysis allows
solving medical problems and determining treatment strategy, methods of intelligent support for medical
decision-making have not yet become widespread. The incorporation of decision-making principles based on
fuzzy sets theory has emerged as a corner stone and pertinent issue in medicine. Current research is dedicated
to developing mathematical models for diagnosing kidney diseases, aiming to create systems that support
physicians with appropriate visualizations throughout the entire diagnostic and treatment process.
By leveraging information technology and fuzzy sets theory, these systems can aid medical professionals in
making well-informed decisions despite uncertainties in the available data. Proposed algorithm method
improves the efficiency and effectiveness of doctors diagnosing process by using algorithm of preliminary
disease prediction in a relatively short period of time, in comparison of conventional methods [2].
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Healthcare decision support systems have been developed to support medical decision-making,
improve patient outcomes, and enhance the efficiency of healthcare systems [3]. They typically use a
combination of algorithms, statistical models, and medical knowledge to provide guidance and
recommendations to healthcare providers. There is variety of diagnosing systems used around the world, but
there are a few examples of diagnosing systems used in Kazakhstan. Thus, preliminary diagnosis algorithm
method is highly demanded in such a developing country such as a Kazakhstan, where one third of
populations lives in a rural area that takes more travelling time to clinics and hospitals. The information
mainly related to the management systems of medical organizations. The subject of developing and utilizing
diagnostic systems is largely underexplored. To effectively advance such systems, digital platform could play
a crucial role in such automated system [4]. Assistance in medical diagnostic systems holds the potential to
not only expedite the diagnostic process for healthcare professionals but also mitigate potential subjectivity in
their decision-making. Furthermore, these diagnostic systems can enhance educational and study process,
also enhancing the training of medical students and bolstering their competitiveness in the field [5].

Effective diagnostic systems require accurate mathematical models to identify the correct diagnosis.
Fuzzy set theory is particularly useful for creating these models because it can convert linguistic variables,
such as patient symptoms, into computable data [6]. Fuzzy logic, with its ability to manage vague and
uncertain information, is a critical tool for making decisions in areas that involve complex data interpretation,
including medical diagnosis. It helps in understanding and analyzing varied medical information sources-
such as patient histories, lab results, and microscopic studies-where uncertainty and imprecision are common.
Fuzzy logic’s framework facilitates the modeling and analysis of this complex data, offering a more nuanced
and flexible approach to decision-making. By using fuzzy sets and rules, it allows for the consideration of
uncertainty and membership degrees, helping medical professionals interpret and navigate through the
complexities of medical databases more effectively.

This research primarily aims to develop and analyze a mathematical model and algorithm to
improve diagnostic processes using an expert system, with a specific focus on kidney diseases. The paper
discusses the using of a mathematical model based on fuzzy logic that facilitates the diagnosis by leveraging
expert system methodologies. It outlines the algorithmic approach utilized in the diagnostic process,
emphasizing the integration of expert knowledge and computational efficiency. The selection of kidney
diseases as a case study is justified within the problem statement, highlighting the complexity and critical
nature of accurate diagnosis in nephrology. The results section presents the outcomes of applying the
developed model and algorithm to real-world diagnostic scenarios, demonstrating the potential improvements
in accuracy, speed, and reliability of medical diagnoses facilitated by this research.

The structure of the paper is outlined as follows: first section provides a comprehensive literature
review on the use of diagnostic systems, focusing on data mining and analysis in the medical field, with a
specific emphasis on kidney diseases. It includes an empirical analysis of the morbidity of kidney diseases in
the Republic of Kazakhstan. Section 2 introduces method for the non-invasive diagnosis of kidney diseases
through the application of fuzzy set theory. This approach is designed to adeptly handle the uncertainties in
clinical data. Final section concludes with a discussion that covers the benefits and limitations of the
proposed diagnostic systems, including a comparison with existing systems and a critique of the
mathematical models used. This is followed by concluding remarks that summarize the significant
contributions of the study and propose avenues for future research.

Data mining and analysis of medical data are widely utilized in identifying the population’s
reproductive, physical development, and health status, as well as the prevalence and duration of various
diseases. These methods enable identifying and establishing links between the general level of morbidity and
mortality, numerical data collection and analysis of medical institution activities, monitoring of the
implementation of health development plans, and evaluation of physicians’ work quality. For this study,
statistical data on kidney diseases in Kazakhstan were selected. According to statistical data compiled by the
Ministry of Health of the Republic of Kazakhstan from 2009 to 2022, specifically the “Health of the
population of the Republic of Kazakhstan and healthcare activities”statistical compilation, the population is
estimated at 18 million people [7]. This compilation presents statistical materials on healthcare organizations’
activities and health indicators of the population of the Republic of Kazakhstan, presented per 100,000
population per year.

The first expert systems were developed in the field of medical diagnosis, including the MYCIN
system for diagnosing bacterial infections and the PUFF system for diagnosing lung diseases [8]. With the
advent of the internet, research in expert systems for medical diagnosis expanded to include telemedicine and
online diagnostic systems. One notable example is the WebMD symptom checker, which uses an expert
system to assist in diagnosing symptoms and conditions [9]. The development of more advanced expert
systems for medical diagnosis, such as IBM’s watson for health and google’s deepmind health, can be
attributed to the progress made in artificial intelligence (Al) and machine learning (ML) [10]. Machine
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learning algorithms and natural language processing are utilized in these systems to assess substantial
volumes of medical data and aid in the process of diagnosis. Bohr and Memarzadeh [10] in 2020 research in
expert systems for medical diagnosis continues to advance, with a focus on developing systems that are more
accurate, reliable, and user-friendly. There is also growing interest in using expert systems to assist in the
diagnosis of rare and complex diseases. The evolution of expert systems for medical diagnosis has seen
remarkable progress, from their inception in the 1970s, through the integration of advanced Al and machine
learning in the 2010s, and the ongoing pursuit of greater accuracy and versatility in the 2020s, indicating a
promising future for their role in healthcare.

Notable contributions include Mirmozaffari proposed a fuzzy expert system for diagnosing liver
diseases based on clinical and laboratory data [11]. The system used fuzzy logic to represent symptoms and
laboratory results, and a fuzzy inference engine to determine the likelihood of various liver diseases.
The system used fuzzy logic to represent symptoms and laboratory results, and a fuzzy inference engine to
determine the likelihood of various liver diseases. Similarly, Nahato et al. [12] examines the utilization of
data mining methodologies to extract valuable insights from clinical datasets, with the aim of aiding doctors
in their decision-making process. The objective is to create a classifier that can accurately predict the
presence or absence of diseases by utilizing a small number of features derived from these datasets.

Dankwa-Mullan et al. [13] aimed to investigate the capacity of Al and cognitive computing to
transform the management and treatment of diabetes, a disorder that impacts around 425 million individuals
globally. In the context of substantial healthcare spending and a worrisome number of undiagnosed and
untreated persons, the authors sought to find and study clinically significant breakthroughs in Al that could
be advantageous for individuals with diabetes. The authors found that Al has the potential to greatly improve
medical diagnosis, particularly in areas such as radiology, dermatology, and ophthalmology. Al can analyze
large amounts of data quickly and accurately, potentially reducing diagnostic errors and improving patient
outcomes. However, the authors also note that there are several challenges to implementing Al in medical
diagnosis, including concerns about data privacy, the need for large amounts of high-quality data to train Al
models, and the potential for Al to perpetuate existing biases in healthcare. One potential limitation of this
review is that it only focuses on studies published in the last five years, which may not provide a complete
picture of the use of Al for medical diagnosis.

Literature analysis shows that the same kidney diseases of different types are often diagnosed in
diametrically opposite ways [14], [15]. For example, primary non-obstructive pyelonephritis (PL) usually
initially manifests with general symptoms, followed by local symptoms after 2-3 days. Conversely,
obstructive PLs first presents with local symptoms. The severity of obstructive PLs is influenced by various
factors, such as the duration and intensity of the obstruction, and the localization and nature of the
inflammation in the renal parenchyma [14]. Differential diagnosis of different forms of PLs presents
significant diagnostic challenges. The literature describes numerous clinical, laboratory, and radiological
signs that allow differentiating types of kidney diseases. Among these signs are weakness, headache,
joint and muscle pain, nausea, vomiting, tachycardia, dehydration, hyperthermia, blurring of muscle contours
observed on radiographs, azotemia, dysproteinemia, and hyperleukocytosis with a shift to the left.
In diagnosing kidney diseases, an important tool is the analysis of functional kidney tests, which provide
information about the functional state of the kidneys [16]. Significant risk factors for kidney dysfunction
include clinical signs indicating a high or moderate risk of developing kidney disease [17]. Identifying these
risk factors helps determine the appropriate approach to management and treatment for individuals at risk.

Furthermore, the process of analysis assumes a pivotal role in assessing the efficacy of interventions
aimed at preventing and treating diseases, hence facilitating more accurate and logical decision-making
within the realm of medical practice [18]. Figure 1 illustrates an algorithm utilized for the analysis of medical
statistics data. This method was employed to examine the incidence of kidney disease and then map the
distribution of illness incidence across different regions [19]. The data analysis consists of stages, which is
illustrated in Figure 1.
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Figure 1. Data analysis phases
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In the initial examination of patients in medical practice, several key challenges arise. Firstly,
there’s often a pressing lack of time to thoroughly evaluate a patient’s health condition. This necessitates
rapid decision-making to prioritize patients based on the severity of their condition, determining who requires
immediate care, urgent consultation, or can afford a more delayed evaluation. Complicating matters further,
clinicians’ judgments are inherently subjective and can be influenced by personal biases or external factors
like fatigue, potentially leading to inconsistencies in diagnosis and treatment [17].

Secondly, the current diagnostic process frequently struggles to efficiently manage patient flow,
resulting in prolonged wait times for critically ill individuals and inefficient resource allocation. This not only
compromises patient outcomes but also exacerbates the strain on medical resources. However, the integration
of a computerized system offers a promising solution. By leveraging algorithms and predefined criteria, such
a system could automate patient prioritization, providing rapid assessments to distinguish between urgent and
non-urgent cases. Additionally, it could offer preliminary diagnoses based on symptom presentation,
equipping medical staff with valuable insights to expedite treatment decisions and optimize patient care
pathways. Ultimately, the integration of such a system holds the capacity to greatly augment the efficiency
and efficacy of healthcare provision.

Furthermore, ongoing research encompasses an empirical examination of kidney disease morbidity
in the Republic of Kazakhstan [19]. This geographic analysis plays a crucial role in pinpointing regions with
heightened risks of kidney diseases, providing invaluable insights for the development of targeted and
effective healthcare interventions at both national and regional levels. Ultimately, the objective is to enhance
accessibility to medical services and elevate the overall health standards of the population by implementing
informed strategies tailored to specific geographic areas.

Disease mapping is a tool that provides the ability to identify common spatial trends and areas of
increased risk. This methodological approach is great significance for improving epidemiological studies
focused on geographical aspects [20]. The advantages of disease mapping include detecting disease clusters
in different regions, facilitating ecological studies. Moreover, allows the find the relationship between
indicators and the frequency of risk factors, as well as assessing the location and degree of pollution impact
on health, and determining the population exposed to a specific influence.

The risk map illustrated in Figure 2, for kidney disease estimation in Kazakhstan reveals notable
regional disparities in disease prevalence, with Turkistan, Zhambyl, and Almaty regions identified as
high-risk areas, while Qostanay, Astana, and Atyrau regions are characterized as low-risk zones. This
geographical distribution of risk provides valuable insights for analyzing factors influencing morbidity rates
associated with kidney diseases.
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Figure 2. Risk map for kidney disease estimation in Kazakhstan

The literature review highlights the limited availability of sources on medical diagnostic systems
used in Kazakhstan and Central Asian countries. The information provided by the Ministry of Health of the
Republic of Kazakhstan is mainly related to the management systems of medical organizations. The subject
of developing and utilizing diagnostic systems is largely underexplored. The structure of proposed
diagnosing system is explained [21], which includes mathematical part. Therefore, proposed research is
aimed for explain mathematical method using theory of fuzzy sets.
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The contributions and novelty of this research work can be summarized as follows: i) research is
aimed for formulation of accurate mathematical models capable of diagnosing and predicting diseases. These
models will serve as the foundation for developing diverse automated systems that aid in making
well-informed decisions; ii) the application of fuzzy logic methods allows for the optimization of assessing
the functional state of kidneys, considering various risk factors and individual patient characteristics. This
optimization is a practical contribution that can directly impact clinical practice; iii) application of fuzzy
logic improves not only the accuracy of diagnostic results but also their interpretability. This enhancement is
crucial for developing intelligent decision support systems that can be used by clinicians in diagnosing and
monitoring Kidney diseases; iv) the paper includes an empirical analysis of morbidity related to kidney
diseases in the Republic of Kazakhstan, identifying high-risk regions. This contribution is valuable for public
health planning and management, offering data-driven insights into regional disease prevalence; and
v) the findings from this research can inform more targeted and effective healthcare strategies at both
national and regional levels. By improving diagnosis and monitoring processes for kidney diseases, the
research contributes to better healthcare outcomes. This strategic contribution is significant for policymakers
and healthcare providers aiming to improve access to medical care and elevate the overall health level of the
population.

2. ANALYSIS AND DATA FORMATION OF INFORMATIVE FEATURES BY EXPERT METHOD

Exploring techniques for decision-making using vague initial data holds significant potential. In the
field of medicine, the challenge lies in addressing diagnostic concerns pertaining to a range of illnesses. This
involves processing intricate and frequently ambiguous information, encompassing diverse sets of clinical,
historical, laboratory, and other details regarding the patient’s condition [22]. Frequently, information
originates from individuals and might stand as the sole data source, as seen in cases of clinical and historical
data. However, this information tends to be incomplete, subjective, and prone to inaccuracy. Hence, in the
realm of medicine, the application of fuzzy set theory and the corresponding principles of decision-making,
particularly tailored to handle vague initial data, emerge as a critical and pressing challenge.

Fuzzy set theory methods enable the utilization of linguistic variables, which often constitute the
medical input data utilized in the diagnostic process. This approach offers the benefit of considering the
intensity of symptoms. Given the dynamic nature of a patient’s condition in real-world scenarios, where
improvements and deteriorations occur, this versatile mathematical method holds the potential to predict the
progression of the illness.

Figure 3 illustrates the complete workflow of the proposed system, outlining each stage from the
initial patient check-in to the ultimate approval decision made by medical experts. This figure provides
visualization of the computational procedure used to evaluate initial causes of diseases. Initially, when the
patient enters the healthcare system, it signifies the start of the diagnostic process, during which data and
medical background are gathered. To create a database, we have developed a system of criteria designed to
provide an objective decision on determining the diagnosis of kidney disease based on self-diagnosis data,
laboratory, and other data. The values of the input data are formed based on the examination of patients,
according to the standards of medical care approved by the Ministry of Health of the Republic of
Kazakhstan [23].

There is a list of 52 parameters xi, and the contribution of each parameter to determining the
object’s belonging to the identified classes has been defined. There are data that has been taken into account:
i) patient’s questionnaire data, ii) laboratory analyses of patients, iii) data from instrumental examination:
ultrasound examination, iv) pathology (if exists). All information from the preoperative examination was
transformed into a multidimensional vector, and a database was formed, where each patient corresponds to
information on 52 features. Each entry ends with a specific conclusion (output parameter)the presence or
absence of kidney disease [24], [25]. A retrospective analysis of the medical records of more than 400
patients with various forms of PLs, chronic kidney disease (CKD) and acute kidney injury (AKI) who were
treated in a private clinical hospital in Almaty from 2017 to 2022 was carried out. The average age of the
patients was 49.3 years, of which 57% were men and 43% were women. During the study, corresponding
symptoms were assessed, and clinical-laboratory diagnostics of inflammatory processes in the kidneys were
conducted. The data presented in Table 1 is taken from sources and illustrated in short form [26]. Table 1
presents the initial set of informative features related to risk factors for kidney disease, collected during
surveys, examinations, and routine studies. Group of factors include: nutritional factors, medical biological
factors, laboratory research methods, socio-economic factors, occupational factors, and behavioral factors [26].
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Table 1. Informative features of risk factors for kidney disease
Group of factors Indicators (risk factors) Gradation
Medical biological Age; chronic urinary tract infection; history of urethral instrumental invasion;
factors history of sexually transmitted infection; chronic disease of the colon, rectum.
Socio-economic Level of education; Unsatisfactory housing conditions, lack of hot water, higher, secondary,
factors inadequate temperature regime; Low-income level; Social status below secondary
Behavioral factors Employment; Work in harmful production conditions;

Workers detached from home, shift work, long-haul truck drivers; Outdoor
work in unfavorable temperature conditions;
Labor associated with physical or psychological stress;

The analysis of factors causing kidney diseases and distinctive features of different forms of this
condition reveals significant differences in the attribute space used in traditional medicine. The boundaries
are unclear, leading to dynamic and complex medical interpretations. Therefore, it is recommended to
address these issues using decision theory based on fuzzy logic. While using a statistical approach, it is
important to consider that the data used for research analysis must be statistically precise enough [27].
However, in practical scenarios, the conditions for statistical precision are often not met, especially in
medical applications. Problems include the limitation of information for accurately describing an object,
the complexity of verifying data reliability, the presence of important but unconfirmed information,
overlapping classes without precise formal models, different structures within the same classes, and the
fundamentally fuzzy nature of data. To address such problems, Zadeh [28] introduced fuzzy sets, an
extension of classical set theory, as a tool for fuzzy logic decision-making.

In fuzzy representation, the concept of belonging to a set A becomes ambiguous, allowing for partial
membership, defined as “degree of membership to set A”. Fuzzy set theory, in addition to digital variables,
uses linguistic variables to describe semantic concepts. For example, the linguistic variable AD=[blood
pressure] can have values such as BPn [low blood pressure], BPnd=[normal pressure], and BP=[high blood
pressure]. Another example includes linguistic expressions describing conditions such as “absence of
function”, “normal function state”, and “excessive function”, represented by membership functions u(X),
#norm(X) and zu(X).

Zadeh [29] developed a method that includes logical operations over membership functions to create
fuzzy logic rules of inference. These rules, resembling an “if-then” structure, are successfully used in medical
applications for solving forecasting and medical diagnosis tasks. These rules determine how the system will
interpret and process input data to produce relevant output data. Each rule consists of an antecedent (the “if”
part) and a consequent (the “then” part). Fuzzy “if-then” rules, also known as fuzzy implications, are
formally described as follows:
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IFx = A THENy = B 1)

Where A and B are linguistic fuzzy values, determined by the corresponding membership functions for
variables x and y. Briefly this implication looks like A — B. For variables x1, X2 this expression is ultimately
transformed by aggregating a set of “if-then” rules showed in expression (2):

IFx; = Ajandx, = A,and ... and x, = A,, THEN y = B (2)

Variablesxi, xo, ... represent feature x of N-dimensional vector. ParametersAl, A2, ..., Ay and B
indicate the corresponding membership coefficients, pa(xi) and ps(y). Another approach to decision making
with incomplete certainty is E. Shortliff's iterative formulas, derived from extensive observations of the logic
of medical decisions [29]. The central element of his reasoning is the confidence coefficient of the ®
hypothesis confidence coefficient HCC(wi/X) which in general is determined by the discrepancy between the
measures of trust and distrust regarding the hypothesis being tested, illustrated by (3).

HCC(wi/X) = MC(w;/X) — MM(w;/X) ©)

Where, HCC (wi/X) is confidence in the diagnostic hypothesis w; with characteristic(s) X, MC (wi/X) is
measure of trust to w; with characteristic () X, MM (wi/X) is measure of distrust in a hypothesis ®; with
characteristic (s) X.

Indicators of trust and distrust are assessed on a scale from 0 to 1, which reflects the weight of
evidence in favor of or against the hypotheses being studied. Confidence coefficient (HCC(wi/X)) on a scale
from -1 to +1, where «-1» means false, and «+1» means true. Intermediate values indicate varying degrees of
confidence in decisions made. When new evidence (X) is received, the measures of trust and distrust (MC and
MM) are updated according to the (4) and (5).

MC(w;/X,x) = MC(w;/X) + MC(w;/x)(1 — MC(w;/X)) 4)
MM(w;/X,x) = MM(w;/X) + MM(w;/x)(1 — MM(w,;/X)) (5)

Sometimes, when solving practical problems, doctors focus only on signs that increase confidence
in the hypothesis wi, and then expressions (4) and (5) transformed into a decisive rule of the form:

HCCoi(p + 1) = HCC,pi(p) + HCCopi (Z5)[1 — HCC i (p)] (6)
where p is number of iterations of HCC,; (p), and Zs- the basic variable, which is based on conclusion.
In frequent cases Zs=xi.

Research works [30], [31] proved the effectiveness of joint use of rule of type (6) and membership
functions. Then model (6) transforms into an expression (7).

HCCyi(p + 1) = HCCyi (p) + Mei(x)[1 — HCCyy; (P)] )
Using these sets of fuzzy decision rules and the synthesis rules of hybrid fuzzy decision rules proposed in
research [31], a set of fuzzy decision rules was developed to solve the problem of diagnosing kidney disease.
This process is done using a combined fuzzy model:

HCCopc j +1) = HCCope () + HCCope (j + 1)[1 = HCCopc ()] (8)
where, HCCopc- overall predictive confidence, HCCopc (1) =HCCiap for signs characterizing laboratory
predisposing factors (xi, x2, xs, x4) functions defined pa(x1), pa(X2), H1(Xs), H1(Xs). The membership and
partial confidence coefficient are given by:

HCCyqp (i +1) = HCCygp (1) + Hoi(x; + 1)[1 — HCCpgp (0] 9)

where HCCiap (1) =Mo:(x1). Similarly for other factors features arexs, xs, x7, xg-X52. Defuzzification of the
output is carried out on the basis of the following implications illustrated with expressions (10) and (11).

IF (HCC,g; > HCC,s,), THEN [pyelonephritis] OTHERWISE [Chronic kidney disease] (10)
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IF (HCCyky1 > HCCyg), THEN [kidney stone] OTHERWISE [Acute kidney injury] (11)

For the selected classes of diseases, using Delphi technology, belonging function graphs were constructed,
shown in Figures 4-8.
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Figures 4-8 are illustrated function graphs belong to the kidney disease classes (wpL, wckp, and waki)
with basic variables: x1; X2; X3 ... Xs. In the next stage, we obtain the corresponding analytical expressions
using Figures 4-8. For example, we provide analytical calculations of membership functions in selected class
states based on characteristics x1 and x», given by expressions (12)-(17). Below are the analytical expressions
for the membership functions of the classes wpi, wckp, and waki based on the levels of bilirubin (factor x1)
and urea (factor x2):

0,if x, < 0,19
_ 0,4X1 - 0,1, lf 0,19 S X1 < 0,78
e (1) = —0,146x, + 0,34 if 0,78 < x, < 4,3 (12)
0,if x, > 4,3
0,if x;, < 0,32
}J.CKD(Xl) = 0,29)(1 - 0,1, if 0,32 S xl < 5,1 (13)
0,3if x; > 5,1
0,if x, < 0,17
_ )0,667x, — 0,096, if 0,17 < x; < 0,36
Mart (1) = 3 20 4355 40,134 if 0,36 < x, < 1,5 (14)
0,if x; > 1,5
0,if x, < 16,1
_)0,213x, — 0,34, if 16,1 < x, < 16,4
Mer(¥2) = ) 5 155, 414 if 164 < x, < 171 (15)
0,if x, > 17,1
0, if x, <113
) 04x,-058, if 11,3<x, <128
Her (X2) = 9 0 065x, + 3,4 if 12,8 < x, < 13,6 (16)
04, if x, > 13,6
0, if x, < 0,22
_)0,322x, - 0,12, if 0,22 < x, < 0,37
Hari (r2) = —0,082x, + 0,4, if 0,37 < x, < 0,43 (17)

0,3, if x; > 0,43

Functions are described in a similar way for each factor from Table 1. Studies indicate that
professionals can develop membership functions for individual characteristics but require assistance with
fuzzy structures involving multiple dimensions [32]. The E. Shortliffe methodology can be an effective tool
for making informed decisions. It employs a fuzzy, iterative, and cumulative approach to tackle complex
problems. This methodology substitutes the confidence coefficient with the patient’s symptoms that belong to
specific classes, namely wei, ockp, and waki, as demonstrated in (18)-(20). This approach helps to replicate
the reasoning behind decision-making and enhances accuracy.
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UFP1PL(q + 1) = UFP1PL(q) + wPL(xi + 1)[1 — UFPPL1(q)] (18)
UFP1CKD(q + 1) = UFP1CKD(q) + uCKD(xi + 1)[1 — UFPCKD1(q)] (19)
UFP1AKI(q + 1) = UFP1AKI(q) + pAKI(xi + 1)[1 — UFPAKI1(q)] (20)

Where  UFPlp| (1)=peL(x,);UFPlckp(1)=Hekp(x,):i=1,2,3;9=1,2,3.  Final decisive rules for

determining confidence in classes e, wckp, and waki aggregated by models of the form presented in
expression (21)-(23).

UFFPL = UFP1PL + UFP2PL + UFP3PL — UFP1PL X UFP2PL — UFP1PL X UFP3PL —
UFP2PL X UFP3PL + UFP1PL X UFP2PL X UFP3PL (21)

UFFCKD = UFP1CKD + UFP2CKD + UFP3CKD — UFP1CKD x UFP2CKD — UFP1CKD X
UFP3CKD — UFP2CKD X UFP3CKD + UFP1CKD X UFP2CKD X UFP3CKD (22)

UFFAKI = UFP1AKI + UFP2AKI + UFP3AKI — UFP1AKI X UFP2AKI — UFP1AKI X
UFP3AKI — UFP2AKI X UFP3AKI + UFP1AKI X UFP2AKI X UFP3AKI (23)

Decision on classification according to class diagnosis wei, wckp, and wak is taken based on the maximum
confidence value for the selected classes of patient diseases when it exceeds the threshold, by using
expression (24).

FUPl =max(UFFpy, UFFcgp UFF pox) (24)

Where I=PL, CKD, AKI, UP" was determined by experts during the work of the expert group, as a result of
which the value was determined UP"=0,7. If the confidence scores are equal, the diagnosis is determined in
favor of a more severe form of the disease class. With FUP;<UP"a decision is made about the absence of PLs
and acute kidney damage. For all tasks, quality indicators generally accepted in medical practice were
calculated: diagnostic sensitivity (DS) illustrated with (25), diagnostic specificity (DSp) showed by (26), and
diagnostic efficiency (DE) illustrated with (27).

n

ps="1 (25)

n
Where nj is number of correct “match” of the rule w) for diseases class I=PL, CKD, AKI, n is number of
class objects w;.
Dsp = "L (26)

Where n; number of “does not match” of the rule w for diseases class I=PL, CKD, AKI, n is number of class
objects w.

.
DE ="t (27)

n;+ng

3. RESULTS AND DISCUSSION
3.1. Results

The observation results from applying the decision rules based on the recommendations are
displayed in the table. The Table 2 presents the results of activation of the decisive rule for the diagnosis of
PLs, AKI, and CKD using informative indicators for calculation using formula 24. The presented approach’s
accuracy and precision were evaluated by analyzing the medical records of 150 patients diagnosed with AKI,
CKD, and PL. Table 2 illustrates the distribution of precise and imprecise results. The number of patients in
categories PL, CKD, and AKI were listed, along with the control group’s nO patient count.
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Table 2. Results of the adequacy of decision rules

Diseases class Patients Results
Match  Does not match
wpL np.=150 125 25
no=150 13 137
CKD nCKD=15O 134 16
no=150 9 141
WAKI Naki=150 140 10
no=150 0 150

nois number of patients

Table 3 presents the outcomes of assessing the suggested instruments for DS, DSp, and DE.
Analysis of Table 3 indicates that all metrics are suitable for practical application. Nonetheless, it is
important to consider that the quantity of informative attributes within the model has a direct proportional
impact on the outcome. This, in turn, influences the time and expense associated with gathering data to
address the objectives. The objective focused on crafting hybrid NRPs tailored for distinct problem
categories linked to kidney diseases [33]. This involved generating a collection of informative characteristics
and intricate markers to accurately depict the health status of patients across different levels of severity. From
our perspective, we aim to automate this procedure by implementing a fuzzy hybrid classifier, followed by it
is subsequent optimization. The derived fuzzy rules will then serve as a training set for the neural network,
facilitating a more efficient and precise diagnostic process.

Table 3. Quality of classification of decision rules
Class Quality indicators
DS DS DE
FUP,. 089 087 0,88
FUPco 091 09 0091
FUPaq 081 084 083

3.2. Discussions

Diagnostic expert systems have several advantages over traditional diagnostic methods, including
increased accuracy, reduced time to diagnosis, and the ability to provide information about diagnostic tests
and treatments. They can also be used in low-resource settings where access to specialized medical care may
be limited. It is essential to understand that the method proposed in the study cannot serve as a general
approach to detecting pyelonephritis or any other kidney disease. However, medical professionals can use it
as an additional tool along with basic laboratory and instrumental studies. Also, diagnostic expert systems
have certain limitations that must be considered. For example, they rely on the accuracy and completeness of
the information they receive and may be unable to help explain rare or complex diseases. Additionally, they
may only sometimes make a definitive diagnosis; additional tests and evaluations may be required to confirm
the diagnosis. The limitation of the proposed algorithm is that it does not work in case of an emergency.

Despite these limitations, diagnostic expert systems have proven to be valuable tools for healthcare
professionals in diagnosing a wide range of diseases. By reducing the time and resources required for accurate
diagnosis, they can potentially improve patient outcomes and reduce the overall cost of healthcare. The study’s
results lay the foundation for the further use of the developed models and methods to create intelligent medical
diagnostic systems that can help diagnose and determine further treatment methods for patients.

4. CONCLUSION

Finally, this research paper has successfully demonstrated the efficacy of employing fuzzy set
theory in the non-invasive diagnosis of kidney diseases. Through the innovative application of fuzzy models
and algorithms, we have addressed the complex challenge of dealing with the uncertainty and variability
inherent in clinical data. Our approach has significantly enhanced the precision and interpretability of
diagnostic results, enabling a more nuanced assessment of the functional state of the kidneys that takes into
account individual patient characteristics and various risk factors. Throughout the development phase,
models for internal medicine were crafted using unconventional instruments. These models demonstrate
adequate precision in medical assessments by establishing supplementary functions and enabling the
assignment of specific symptoms to the categorization within the group. By utilizing expert evaluations of
intricate data, the introduced model has the potential to greatly streamline the diagnostic process. The fuzzy
rules derived will then be utilized as a training dataset for the neural network. This entire process is notably
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demanding in terms of labor and resources. Moving forward, there is potential to automate this procedure
through the application of an optimized fuzzy hybrid classifier.

Furthermore, the morbidity analysis conducted within the Republic of Kazakhstan showed on
regional disparities in kidney disease risks, providing a crucial foundation for the formulation of targeted
healthcare strategies aimed at mitigating these risks. Our findings have far-reaching implications for the
future of medical diagnostics and healthcare delivery. By facilitating the development of more precise and
personalized diagnostic tools, we contribute to the advancement of personalized medicine. Moreover,
the insights gained from our research can aid in the enhancement of healthcare policies, ensuring better
access to medical care and improving the overall health of populations. The use of decision support systems
in healthcare is becoming increasingly widespread, as they provide a data-driven and systematic approach to
decision-making, and help to overcome some of the limitations of traditional methods.
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