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Abstract

The study introduces a new strategy for the analysis of kidney disease parameters based on fuzzy logic.
Fuzzy logic is a more accurate way to categorize clinical parameters than statistical analysis because there
is uncertainty and variability in medical data. The data is comprised of an extensive amount of clinical
parameters including age, blood pressure, specific gravity, albumin, sugar, random blood glucose, blood
urea, serum creatinine, sodium, potassium, hemoglobin, packed cell volume, white blood cell count, and
red blood cell count.

The methodology utilizes fuzzy logic centroid computation to categorize these parameters into low,
medium, and high levels to provide a more dynamic and interpretable assessment of renal health. Fuzzy
memberships give the current work the capability to discover intricate interrelationships between clinical
variables, which may have been otherwise unattainable by conventional mean, median, and standard
deviation-based analyses.

The findings confirm that fuzzy logic and conventional statistical methods enhance the comprehension
of kidney disease by incorporating intricate interactions between clinical variables. The method is employed
to achieve more accurate prediction and diagnostic models, offering insight to be used in kidney disease
assessment and medical decisions.
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I. INTRODUCTION

Kidney disease is a global health problem, and it is found in millions of patients all over the globe, causing morbidity and
death in populations all over the world [1]–[3]. The blood pressure, age, and biochemical markers’ correlation is most important to
establish the kidney’s health status. Statistical measures have their applications, but they cannot reflect the natural uncertainty and
subtlety in medical data.

The current work introduces a new methodology based on fuzzy logic analysis to separate the complex interaction between
disease-related parameters. Fuzzy logic is particularly appropriate to work with imprecise and incomplete data and therefore is a
perfect tool to unveil hidden trends, which may not be visible to traditional statistical analysis. With the increasing prevalence of
chronic kidney disease, an early and accurate diagnosis is critical to successful management. In response, exploring new analysis
methods is relevant to increase diagnostic accuracy and direct clinical decision.

The final goal of the study is to obtain fuzzy membership functions and centroids to quantify and describe trends in the variables of
kidney disease. With the application of fuzzy logic to traditional descriptive statistics, we will have a more meaningful understanding
of the shape and distribution of the variables, and a better understanding of kidney health.

Fuzzy logic is applied across various fields because of its ability to deal with uncertainty and imprecise values. In control systems,
it is applied on a large scale to increase accuracy and flexibility and provide more powerful solutions compared to traditional binary
logic [4]–[7]. Fuzzy logic is applied in the automotive industry to improve vehicle stability, fuel efficiency, and performance. Fuzzy
logic is applied in medicine to simulate diagnostic neurological and cardiovascular diseases [8]–[11]. Fuzzy logic is applied to
assist in financial modeling by dealing with uncertainty in the market, improving risk analysis, and improving investment decisions
[12]–[14].

The paper examines a 2019 Chronic Kidney Disease data set [15] with key kidney-related variables. The study attempts to unravel
complex relations and trends by performing fuzzy logic analysis, and it opens a door to explore kidney disease development and
their major clinical implications.

The subsequent sections encapsulate the research strategy employed, key findings, and implications thereof for the development
of diagnostic tests and treatments exactly aimed at attacking kidney disease.

II. LITERATURE REVIEW

One of these fields that have been subjected to intense research by multiple computational approaches is kidney disease detection.
Authors in the article [16] have analyzed the serious issue of kidney failure, with an emphasis on slowing CKD progression and
minimizing economic burdens to treatments. They have based their work on risk factors causing kidney degeneration, with an
emphasis on conducting regular checks to determine risks before severe health decline.

Unlike other research that employed conventional statistical techniques, researchers [17] employed fuzzy and adaptive neural
fuzzy inference systems to diagnose CKD more precisely. They attempted to increase the reliability of medical tests to diagnose
disease. They considered important parameters such as nephron function, glucose, blood pressure, age, body mass index (BMI), and
smoking status in minute detail while creating a fuzzy inference system. Their system distinguished between CKD stages 1 to 5
and provided real-time results on the extent of the disease. Their fuzzy system was simulated with the assistance of MATLAB to
demonstrate how it can be employed in real-world healthcare applications.

One contribution to the study was by authors in [18], where they found natural imprecision in CKD detection in clinics. They
used a fuzzy inference system in MATLAB to correct the issue, based on the capability of fuzzy logic to handle uncertainty. Their
work, however, did not have a robust validation system, and there is a chance to enhance prediction accuracy.

In contrast to other studies, the current work is centered on the development of a more accurate fuzzy expert system (FES) from
a large dataset, clinical guidelines, and expert opinion to enhance CKD diagnosis.

This contribution is original in its application of systematic tests for normality to establish the input parameter effect and system
performance assessment by exhaustive testing. Surface analysis identified nephron function, blood sugar, and body mass index (BMI)
as the most accurate parameters to predict CKD. The FES was validated with 80 test cases, and the accuracy level was 93.75%,
confirming its feasibility in real-world applications.

Follow-up studies also reiterated the significance of CKD early detection. The authors in [19] and [20] employed deep learning
models to predict CKD, with satisfactory performance but requiring large training data and computational resources. Our study
bridges the gap by presenting an interpretable and computationally light alternative based on fuzzy logic.

The current work introduces a new prediction model based on the fuzzy logic toolbox in MATLAB to screen CKD. There are
five key steps in the process: (1) selection of key input parameters such as blood urea nitrogen, eGFR, and serum creatinine, (2)
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input-output relation normalization by carrying out min-max normalization, (3) construction of a fuzzy inference engine, (4) fuzzy
rule aggregation, and (5) defuzzification to obtain clear diagnostic outputs. 70 test cases from patients have been analyzed, and 47
have been diagnosed as CKD positive, which validated the reliability of the proposed model.

With the inclusion of results from past studies and enhancement of fuzzy logic-based techniques, the work is meant to enhance
diagnostic accuracy and achieve early detection of CKD. The study results demonstrate the potential of fuzzy expert systems to aid
clinical decision and enhance healthcare treatments.

III. METHODS

The study makes use of a range of data collected from (Chronic kidney disease data set, 2019), with differing parameters such
as age, blood pressure, specific gravity, albumin, sugar, random blood 5 glucose, blood urea, serum creatinine, sodium, potassium,
hemoglobin, packed cell volume, white cell count, and red cell count, and so on.

The dataset, formulated by merging two consecutive hospital reports, is an abstraction of one of the most important prediction
modeling indicators of chronic kidney disease (CKD). Since its multivariate set is heterogeneous, it is appropriate to use in
classification applications in health care and is important to use in order to gain insight into causality of chronic kidney disease.
The dataset comprises 25 attributes and 400 instances, all being of utmost relevance that will be used to contribute to prediction
modeling.

The set of data is composed of physiologic tests, clinical features, and lab values that describe a diverse set of conditions of the
patients. Key features include blood pressure (bp), specific gravity (sg), albumin (al), sugar (su), red cells (rbc), pus cells (pc), pus
cell clumps (pcc), bacteria (ba), random blood glucose (bgr), blood urea (bu), serum creatinine (sc), sodium (sod), potassium (pot),
hemoglobin (hemo), packed cell volume (pcv), white cell count (wc), red cell count (rc), and target feature (class) that describe
absence or presence of chronic kidney disease (CKD).

The wide range of features enables effective classification modeling and contributes to establishing causes of CKD. The compound
nature of the dataset makes it suitable to use within processes of machine learning of CKD or its initiation forecasting, enabling
possible better-timed effective treatments.

The following are processes that fall under fuzzy logic analysis:

• Variable selection. The most important identified variables were age, blood pressure, and biochemical markers. Fuzzy logic
is developed on top of these variables.

• Membership function generation. Membership functions corresponding to low, medium, and high levels of membership were
created using skfuzzy library for every identified variable. The functions give a pictorial representation of every range of
variables of the dataset.

• Centroid Calculation. For determination of numerical values of each level of each variable range, each of centroid, or centre
of gravity, of the membership function were computed

• Descriptive Statistics. For better understanding of the dataset, mean, median, and standard deviation were also calculated on
each of the variables.

Fig. 1 summarizes briefly the key steps followed to use fuzzy logic on parameters of renal disease, from preprocessed data
through fuzzification, inference system designing, defuzzification, to classification verification.

All processes are organized to adhere to a process of fuzzy logic that is implemented using clinical data guidelines.
The aim of merging fuzzy logic analysis into classical descriptive statistics is to have a complete understanding of complex

relationships among factors of renal disease. The outcomes of this process will provide valuable insight to practice, informing
practice and research of kidney health in the future.

IV. RESULTS AND DISCUSSION

Table 1 presents the fuzzy analysis of clinical attributes pertaining to kidney disease in low, medium, and high levels. This enhances
understanding by applying mean, median, and standard deviation to determine patterns of distribution, range, and variability in the
dataset. Fuzzy logic centroids provide more accurate classification of clinical attributes.

The fuzzy logic analysis of the centroids (low, medium, and high) provides a mean of around 51.48 years and a median of 55.00
years, showing a reasonably symmetric distribution. The standard deviation of 17.15 indicates a moderate spread in the distribution
of age, with a broad range of values.

Blood pressure classification shows that the mean (76.47) and median (80.00) are almost equal, which implies a symmetric
distribution. The standard deviation of 13.67 reflects moderate variation in blood pressure level between patients.
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Fig. 1: Flowchart summarizing the fuzzy logic-based methodology for kidney disease analysis

Specific gravity shows a clear distinction between centroids, with the low level being 1.01 and medium and high levels being
0.00. The close proximity between the mean and median and a standard deviation of 0.01 indicate homogeneity, which suggests
that values of specific gravity are comparatively consistent across levels of kidney disease.

The albumin values reflect a striking difference between the median (0) and the mean (1.02), indicating a skewed distribution.
The standard deviation of 1.35 reflects moderate variation in albumin values, an indication of variable degrees of kidney dysfunction
in the patients.

Red blood cell count reveals a closely similar mean (4.71) and median (4.8), indicating a near-symmetrical distribution. The
standard deviation of 1.02 indicates moderate variation, and it could reflect progression in anemia in patients with renal disease.

Other parameters, including blood glucose, blood urea, serum creatinine, sodium, potassium, hemoglobin, packed cell volume,
and white blood cell count, have varying degrees of skewness and spread. An example is blood glucose random levels, which have
a high standard deviation (79.17), indicating the great range in blood sugar levels between patients, an important aspect in the
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Fig. 2: Pseudocode of methodology

development of the disease. Similarly, serum creatinine is very variable (standard deviation 5.73), as is to be expected given that it
is a key indicator of renal function.

Clinical Implications. The statistical trends identified in the present study have important clinical implications. By classifying
clinical features into low, medium, and high levels based on fuzzy logic, medical professionals are able to:

• Improve Early Diagnosis. lassification of parameters such as blood pressure, albumin, and serum creatinine into levels enables
early-stage kidney disease to be diagnosed so that action can be taken in a timely fashion.

• Improve Patient Monitoring. Regular monitoring of blood urea, serum creatinine, and hemoglobin levels will help clinicians
monitor disease progression and adjust treatment regimens.

• Facilitate Personalized Treatment. With an understanding of the distribution and variation in important parameters, physicians
can individualize medication and diet recommendations to fit patient profiles.
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TABLE I: Summary of Experimental Results

Centroid Low Centroid Medium Centroid High Mean Median Std Dev
Age 18.5 47.82 76.49 51.48 55.00 17.15
Blood Pressure (bp) 158.83 102.15 144.82 76.47 80.00 13.67
Specific Gravity (sg) 1.01 0 0 1.02 1.02 0.01
Albumin (al) 10.35 1.88 3 1.02 0 1.35
Sugar (su) 0.33 1.88 2.77 0.45 0 1.1
Blood Glucose Random (bgr) 64.01 220.01 375.35 148.04 121.00 79.17
Blood Urea (bu) 120.14 149.98 279.48 57.43 42.00 50.44
Serum Creatinine (sc) 1.34 26.51 51.29 3.07 1.3 5.73
Sodium (sod) 48.84 101.67 154.18 137.53 138.00 10.39
Potassium (pot) 3.25 18.05 32.54 4.63 4.4 3.19
Hemoglobin (hemo) 6.26 11.1 15.54 12.53 12.65 2.91
Packed Cell Volume (pcv) 118.96 33.93 48.29 38.88 40.00 8.98
White Blood Cell Count (wc) 4268.71 12335.37 20401.37 8406.12 8000.00 2939.46
Red Blood Cell Count (rc) 3.03 4.83 6.24 4.71 4.8 1.02

A. Discussion
The fuzzy logic analysis provides a complete examination of the membership function and distribution characteristics of the

variables of kidney disease. Some of the observations and their potential implications are as follows:
Centroids for low, medium, and high membership levels in age indicate an even distribution across the range of the ages. This

is an indication that the dataset represents a range of ages, as is fitting to explore kidney health throughout all stages in one’s life.
The diversity enhances the capability of the dataset to give meaningful insights into risk factors based on kidney disease by age.

The distribution of blood pressure indicates a prevalent cluster in medium membership levels. This result indicates that the subjects
in the dataset have mostly moderate blood pressure, which may have an effect on kidney health. Additional studies are needed to
explore moderate blood pressure and outcomes in kidney disease. Specific gravity (sg) Anomalies: Specific gravity indicates an
abnormality, with centroids measured as 1.01 and 0.00, respectively, for low and medium and high membership levels. In spite of
these abnormalities, the median and the mean values are within expected ranges. This abnormality needs to be explored to establish
if there is an issue with the quality of data or to explore special features in the dataset.

Centroids for sugar and albumin indicate clear progression from low to high as would be clinically expected. Higher glucose and
albumin concentrations are typical to indicate renal impairment, and the distinctly clear fuzzy logic centroids indicate strong ability
to classify. The results provide a strong basis to determine risk levels for kidney disease. The blood glucose random values have
large variance, and their fuzzy logic centroids are dispersed across low, medium, and high membership values. This indicates strong
variance of blood glucose levels, underlining how important it is to account for renal function. The strong variance of distribution
underlines the necessity to carefully determine how renal function is influenced by blood glucose levels. The white cell count
centroids indicate a strong shift to higher counts, indicating varied immunological responses in sets. More intense observation of
correlation between immunological and renal functions could indicate important correlation with practice implications on managing
and predicting kidney disease. 9 The centroids of the red cell counts indicate symmetric count distribution across counts of low,
medium, and high values. The resulting homogeneity indicates balanced coverage of the counts of the red cells in sets, hence
eliminating sources of bias and providing reliability to corresponding analyses of other parameters of interest of a clinical nature.

The findings justify the use of fuzzy logic to establish complex relations in kidney disease data. The process ensures complete
classification of parameters of interest of a clinical type, hence better comprehension of complex determinants of renal function.
Future studies should continue to evolve based on findings to establish variable interactions and related practice implications. Finally,
correction of aberrations, as that of specific gravity, requires complete determination of related data to give reliability to subsequent
assessments.

V. CONCLUSION AND FUTURE WORK

Fuzzy modeling of clinical parameters adds a new dimension to kidney disease analysis, with more refined grouping of variables
as low, medium, and high. This grouping enables us to understand better how parameters influence kidney function. The addition of
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fuzzy logic centroids and traditional measures, such as mean, median, and standard deviation, provides a complete perspective on
variance and central tendency. The key findings are that parameters such as random blood glucose, blood urea, and serum creatinine
have high variance, and they can be potential markers in the progression of kidney disease.

Despite these advances, there are a few restrictions to this work. The dataset used may not capture all the variation present in
patient populations with diversity, and the fuzzy logic-based approach cannot account for potential non-linear interactions between
parameters. Additionally, the lack of direct comparison with conventional machine learning methods prevents assessment regarding
the relative performance of fuzzy logic in clinical decision support.

Future studies should integrate this fuzzy logic-based categorization into clinical decision support systems to assist medical
personnel in risk assessment and early diagnosis. Comparison to machine learning techniques, including decision trees, support
vector machines, and deep learning techniques, would provide more proof of efficacy. Larger dataset size and real-time patient
monitor data could also enhance the predictability of the model, adding to its utility in the clinical environment.
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