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ABSTRACT

Chronic kidney disease (CKD) is a prevalent health issue worldwide, with significant implications for
both individuals and healthcare systems. Early prediction of CKD can lead to a better management. In this
paper, we propose an approach using Possibilistic Fuzzy Regression (PFLR) to predict the prevalence of
CKD. By applying Possibilistic Fuzzy regression and Logistic regression model. A data on Chronic
Kidney Disease and it risk factors were collected from January, 2023 to December, 2023, and the
considered variables for prediction of CKD include Age, Blood pressure, Diabetes Mellitus,
Hypertension, Anemia and Edema. The result of the study showed that both models under consideration
can be used to fit and predict prevalence of CKD data. But the Logistic regression model cannot handle
the Crisp and Vagueness nature of the CKD data and also cannot cope with presence of outliers which
may affect the regression coefficients. The study conclude that Possibilistic fuzzy regression handles the
effect of outliers more efficiently. Therefore, the best model for predicting prevalence of chronic Kidney
diseases as an alternative to logistic regression is Possibilistic Fuzzy regression model, which provides
valuable insights for healthcare providers and policymakers in designing targeted interventions for CKD
prevention and management.
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INTRODUCTION

Chronic kidney disease (CKD) is defined as a reduction in glomerular filtration rate (GFR) below 60
ml/min per 1.73 m2 or an indication of abnormalities in the kidney structure of those who had known
CKD (SF Gilbert., et al 2022). In patients with CKD, excess fluid and waste materials from the blood
remain in the body and are not excreted from the body, leading to severe health problems (Stats F. 2017).
Chronic kidney disease is a silent killer. A person can lose up to 90% of kidney function before
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experiencing any signs or symptoms. Most people have no symptoms until CKD is advanced. Untreated
kidney failure is life-threatening, so the early detection of falling kidney function is crucial because it
allows for suitable treatment before the kidney is damaged (Kaze et al 2018). Chronic kidney disease is an
important and common public health problem in NCDs. It affects as much as 10%-15% of the world’s
population (Shiferaw F., et al 2018). Globally, CKD represents a major public health issue that can
consume substantial financial and social resources (Lancet. 2017). Currently, more than 2 million people
globally receive treatment with dialysis or kidney transplants to stay alive; of them, 20% are treated in
100 low-income countries, which make up half of the world’s population (Bomback AS 2011). In 2017,
the global burden of disease (GBD) reported that CKD ranks the 16th leading cause of premature death
and is estimated to be the fifth leading cause of premature death by 2040. The pooled prevalence of CKD
in Africa and sub-Saharan Africa was 10% and 14%, respectively (Levey AS, 2009). Kidney disease is
associated with a great economic burden. High-income countries typically spend more than 2%-3% of
their annual healthcare budget on the treatment of end-stage renal disease (ESRD). Next to cardiovascular
complications, CKD is a serious public health issue among people with type 2 diabetes (T2DM). Patients
with type 2 diabetes are more likely to require recurrent hospital stays and are at greater risk of increased
mortality (Ademuyiwa A., et al 2021). CKD is a well-recognized and serious complication of diabetes,
and diabetes is one of the most common causes of CKD, with up to 44% of patients with CKD affected
by diabetes (Li S, et al. 2011). The prevalence of CKD among patients with hypertension (HTN) was
21.1% in Tigray (Bahrey D., et al 2019), 46.9% in Gahanna (Osafo C., et al 2011), and 17.6% in
Northwest Ethiopia referral hospitals (Hunegnaw A,et al 2021). Geographically, the prevalence of CKD
linked to human immunodeficiency virus (HIV) varies, ranging between 2% and 38% due to genetic
variation, the start of anti-retroviral therapy (ART), and the various definitions of CKD in each region
(Ekrikpo UE., et al 2018). The global prevalence of chronic kidney disease among persons living with
HIV (PLHIV) is 6.4%. This prevalence varies by continent: 7.9% in Africa, 7.1% in North America, 5.7%
in Asia, and 3.7% in Europe (Ekrikpo UE., et al 2018). CKD if detected at its early stage, avoiding all the
unpredictable, because its symptoms develop slowly, while some people have no symptoms at all.
Whereas the symptoms are not specific to the disease. Hence fuzzy linear regression can be helpful in
such cases for predicting those patient with CKD or not. Glomerular Filtration Rate (GFR) is a test used
to check how well the kidneys are working. Specifically, it estimates how much blood passes through the
glomeruli each minute. Glomeruli are the tiny filters in the kidneys that filter waste from the blood (Kore
C., et al 2018). It can be calculated from the results of your blood creatinine, age, race, gender, and other
factors. The earlier the disease is detected the better one learn how to take control and make any change to
certain lifestyle habit in order to possibly slow the progression of your condition.

Logistic regression analysis is one of the famous non-linear methods used to model the binary response
variable based on ordinary explanatory variables. This method is particularly appropriate for models
involving disease states (diseased/healthy), patient survival (alive/dead) and decision making (yes/no). So,
it is widely used in studies in the health sciences (Bagley, 2001). But on the other hand, the logistic
regression cannot cope with vague data because it does not follow random error patterns, likewise it does
not accommodate low sample size. In fact, non-precise or vague (fuzzy) observations, which occur
frequently in practice, may cause all other difficulties in the logistic model, that may lead to inefficient
result. Ali et al (2023), determined the Prevalence of chronic kidney disease and associated factors among
patients with underlying chronic disease at Dessie Referral Hospital, East Amhara Region, Ethiopia using
a Binary logistic regression model. So, looking at the nature of CKD data which is vague(fuzzy), the
binary logistic regression would be inefficient. Therefore, this study intends to improve on their work by
using a possibilistic fuzzy linear regression which will be able to describe the relation between crisp
inputs-fuzzy binary output observations through the possibilistic fuzzy linear regression model. In fact,
non-precise or vague observations, which occur frequently in practice, may cause all other difficulties.
Consider clinical researches as an example; for some diseases, there are no biological examinations and
the disease is diagnosed by some defined and wholly accepted criteria. Regression analysis is a powerful
and comprehensive methodology to model the relationships between a response variable, called the
dependent variable, and one or more explanatory variables called independent variables. By the classical
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statistical technique, the observations, either the response variable or the explanatory variables, are
required to follow certain probability distributions (Kao and Chyu, 2002). In addition, deviations between
the observed and the estimated values are assumed to be due to random errors. But, by the fuzzy
observations, the distribution assumptions do not hold. Also, in this case, one cannot assign all the
uncertainty of model to the randomness aspect of variables. In the analysis of fuzzy data, the study of the
relationship between a set of (crisp or fuzzy) independent variables and one or more dependent fuzzy
variables is an important issue. Such a relationship can be studied, for instance, through fuzzy linear
regression techniques (Urso and Gastaldi, 2002). Fuzzy regression analysis is an extension of (or an
alternative for) the classical regression analysis in which some elements of the model are represented by
fuzzy numbers. The uncertainty in this type of regression model becomes fuzziness, not randomness. This
aspect of uncertainty is called ‘‘possibility’’ (Zimmerman, 1991). The article by Tanaka et al. (Tanaka et
al, 1982) is probably the first research on fuzzy linear regression. Fuzzy regression methods have been
successfully applied to various problems such as forecasting (Tseng and Tseng, 2002) and engineering.
There are two general categories of fuzzy regression analysis (Dom et al,2007); the first is a possibilistic
regression analysis which is based on possibility concepts. Possibilistic regression analysis uses a fuzzy
linear system as a regression model whereby the total vagueness of the estimated values for the dependent
variables is minimized. It was first proposed by Tanaka et al. The second category of fuzzy regression
analysis adopts the Fuzzy Least Squares Method (FLSM) for minimizing errors between the given
outputs and the estimated outputs. The research adopted a Secondary data of (200) patients was collected
from Yobe State University Teaching Hospital Damaturu Nigeria, covering January, 2023 to December,
2023. The considered variables for the prediction of prevalence of CKD include Age (AGE), Blood
pressure (BP), Diabetes Mellitus (DM), Hypertension (HTN), Anemia (A) and Edema (E) respectively.

MATERIAL AND METHOD
The Fuzzy Linear Regression Model
In traditional statistical inference, as we know, the regression models are used frequently in the researches
of the relations among several variables in a system. Observing some of the variables, we can make
estimates and predictions for the others. If a system under consideration is not governed by random
variables and/or crisp observation but is governed by possibility variables and/or imprecise observation, it
is more natural to seek a fuzzy regression analysis for such a system.
Fuzzy linear regression is a fuzzy type of classical regression analysis in which some elements of the
model are represented by fuzzy numbers. Fuzzy regression analysis was first proposed by Tanaka et al.
(1980, 1982) where a fuzzy linear system is used as a regression model, (see also Tanaka, 1987; Tanaka
et al.,1987). They consider a regression model in which the relation of the variables are subject to
fuzziness, i.e., the model with crisp input and fuzzy parameters. Their approaches are developed in
several ways, see for example, Peters (1994), Luczynski and Matloka (1995), Tanaka et al. (1995),
Tanaka and Lee (1999), and Yen et al. (1999). The functional relationship between the response and
explanatory variables as reported in Tanaka et al. (1982) is presented as follows:

V=4A, +4x, + A, + . +4,x, 1)

JR

¥=A,+ A,Age +4,BP + 4.HTN + 4,DM +4_EDEMA + 4_ANAEMIA.

In matrix form;

¥ =A4x (2)
Where: ¥ is the fuzzy output, X =(xg;, 2y, %5, e x,0)7,
p-dimensional crisp input vector, 4 = (A, 4,, A, ......A,)T, fuzzy vector of coefficients presented

42



Danjumacetal. ...... Int Inno. Maths, Statistics & Energy Policies 12(4):40-49, 2024

in the form of a symmetric triangular fuzzy number denoted by 151:,- = [c}-, w}-] respectively, c; and w;
are its centre and width, while x,; = 1.

The Possibilistic method for fuzzy data

Tanaka modified his first model in 1987 and 1989(H. Tanaka, 1987 and Tanaka at al., 1989). The total
“fuzziness” of the parameters (sum of) was minimized in the first model. On the contrary, the second
model try to minimize the total fuzziness of the model. That model is called Possibilistic Fuzzy Linear

Regression (PFLR).
z= XL, [Culxa| + ‘51|x1='| + oyl +-+ '-"':-zlxz':z”) (4)
Subject to
a‘xy +(1— H)c x| =2y, + (1 — H)e,

a‘x, + (1 —H)c'|x| =y, + (1 - H)e,
c, =0fori =1,2,...,N
n is the number of individual variables and N is number of observations
Logistic regression model

The multiple binary logistics regression model is giving as follows:
2(X) = exp(fO0+ f1X1 + - + fkXEK)
1+ exp(f0+ f1X1 + - + fkXE)
_ exp(XG)
1 + exp(Xf)
1
T 1+ exp(—XB)

Where here © denotes a probability and not the irrational number 3.14...

I1 is the probability that an observation is in a specified category of the binary Y variable, generally called
the “success probability”. We notice that the model describes the probability of an event happening as a
function of X variables. For instance, it may provide estimates of the probability that an older person has
heart disease. With the logistic model, estimate of © from equations like the one above will always be
between 0 and1 the reasons are: The numerator exp Fe*P:*Fuxs ¥ +Fuxk) must be positive, because it is
power of a positive value (e). The denominator of the model is (1+numerator), so the answer will always
be less than 1. With one X variable, the theoretical model for  has an elongated “S” shape (or sigmoidal
shape) with asymptotes at 0 and 1, although in sample estimate we may not see this “S” shape if the
range of X variable is limited.

For a sample of size n, the likelihood for a binary logistic regression is given by:

LGBy, X) = TTiog i (1 - miyi =TT, (228" (2 )™

1+exp(XpB ltexp(XB)
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Model Specification
Taking chronic Kidney Disease as the dependent variable and Age (AGE), Blood pressure (BP),
Diabetes Mellitus (DM), Hypertension (HTN), Anemia (A) and Edema (E) respectively as

independent variables, the expected model will assume the form: Where 3" S are estimated coefficients
of the regression model such that, , is the baseline constant for the regression model p=relative risks, X1
=Age, X2= Blood Pressure, X3 = Diabetes Mellitus, Xs= Hypertension, Xs =

Anemia, Xs= Edema.

RESULT AND DISCUSSION

Analysis

Data were analyzed using the R package version 4.4.0. The comparison among the models was done
using cross validation statistical technique also known as MSE and RMSE. The MSE and RMSE of an
estimator is one of many ways to quantify the difference between values implied by an estimator and the
true values of the estimated quantity. This comparison was conducted to find the best and effective model
for predicting the high risk factors for causing chronic Kidney disease in Nigeria, that would help the
Medical researchers in getting accurate estimates of factors causing chronic Kidney disease.

Box plot of CKD prevalence determinant factors
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Figure 1: Boxplot of CKD data
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Figure 2: Boxplot of CKD data

Figure 1 and 2 above, displayed the boxplots of the CKD Prevalence determinants factors accordingly.
Looking at figure 1, we can observe that only the variable BP found to be approximately symmetric. Age
is skewed to left and also contain an outlier. Likewise, the variables DM and ANM also contain outliers
as we can see points outside the whiskers.
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Table 1. Possibilistic Fuzzy regression results of CKD data.

Fuzzy Parameter Center c; Width c;
Constant 0.5245 0

AGE 0.6521 0.9213
BP 1.7921 0

HTN 1.0171 0

DM 5.8210 0
EDEMA -0.8112 0
ANAEMIA 7.1240 0

MSE 0.2137

RMSE 0.7123

Source: Authors’ computation aided by R package v 4.4.0.

Table 1 displays the Possibilistic Fuzzy regression result with Center «; and Width ¢, values for the fuzzy
parameters with Chronic Kidney Disease (CKD) as dependent variables against six independent variables.
Looking at the table above, we can see that Anemia (A) found to have the highest fuzzy mean value
(7.1240) followed by Diabetes Mellitus (DM) with fuzzy mean value of (5.8210). Out of the Six variables
its only Age Width found to be non-zero (0.9213) which represents the level of the Parameters fuzziness.
Likewise, the variable EDEMA found to be negative, meaning that the Chronic Kidney disease (CKD) is
inversely proportional to EDEMA disease.

The following is the estimated fuzzy linear regression model for predicting Chronic Kidney disease
CKD= 05245 + 0.6521Age + 1.7921BP + 1.017IHTN + 5.8210 DM -0.8112EDEMA +
7.1240ANAEMIA.

Table 2: Ordinary logistic regression results of CKD data.

Variables Coefficient SE t-value p-value
(Intercept) -2.2033 0.2449 -8.996 2e-16 ***
AGE 0.4897 0.2203 2.676 0.4744

BP 1.6041 0.2432 7.006 2.46e-12 ***
HTN 0.6669 0.2228 4.340 1.43e-05 ***
DM -0.1058 0.2926 0.362 0.17825
EDEMA 0.5024 0.2555 3.532 0.20441
ANAEMIA 0.4417 0.5124 0.667 0.71771
MSE 0.3066

RMS 0.5537

Source: Authors’ computation aided by R package v4.4.0. Note: (***) denote significance at 1%.

Table: 2. Presents the results of a logistic regression model predicting a binary outcome (CKD) based on
several predictor variables. The table shows the estimated coefficients, standard errors, t-values, and p-
values for each predictor, Age (AGE), Blood pressure (BP), Diabetes Mellitus (DM), Hypertension
(HTN), Anemia (A) and Edema (E) are the categorical variables. The model's performance indicated by
MSE of value (0.3066) and RMSE value of (0.5537) accordingly. The coefficients of the variables found
all to be positive with the exception of Diabetes Mellitus (DM) which found to be negative (- 0.1058).
Blood pressure (BP) and Hypertension (HTN) variables are the only variables found to be significant
from the logistic result above.
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Table 3: Comparing the performances of Possibilistic fuzzy regression
and ordinary logistic regression models

Methods MSE RMS
Logistic 0.3066 0.5537
PFLR 0.2137 0.4623

Source: Authors’ computation aided by R package v 4.4.0

DISCUSSION OF RESULTS

Table 1 and 2 showed the results of Possibilistic Fuzzy regression and logistic model in predicting
prevalence of chronic Kidney disease (CKD) in Nigeria respectively. While Table 3 displayed a
comparison between the two models for predicting prevalence of chronic Kidney disease (CKD) in
Nigeria using MSE and RMSE as performance measurement criteria. Looking at the table 3 result, we can
see that the Possibilistic Fuzzy regression model (PFLR) found to have the lowest Mean Square error
(MSE) and Root mean square error values of (0.2137) and (0.4623). Hence, we can notice from the result
above that the Possibilistic Fuzzy regression models perform better than the ordinary logistic regression
models. This is because of the Fuzzy nature of the CKD data that involves Crips and vague which cannot
be captured well by the logistic regression model.

CONCLUSIONS

The result of the study showed that, both the two models under consideration, that its Logistic regression
model and Possibilistic Fuzzy regression (PFLR) approaches can be used to fit and predicted prevalence
of Chronic Kidney Disease (CKD) data. But the Logistic regression model cannot handle the Crips and
Vagueness nature of the CKD data at the same time it cannot cope with presence of outliers which may
affect the regression coefficients. The study also conclude that the Possibilistic fuzzy regression handles
the effect of outliers more efficiently. Therefore, the study recommended that the best model to be used
for predicting prevalence of chronic Kidney disease as an alternative to logistic regression is Possibilistic
Fuzzy regression model (PFLR). The high-risk factors of CKD can be detected with greater precision by
using the fuzzy linear regression method, which provides a better prediction of imprecise data than
Logistic regression model, which provides valuable insights for healthcare providers and policymakers in
designing targeted interventions for CKD prevention and management. The study found that ANAEMIA
was the most impactful factor in causing chronic Kidney disease, as it has the highest fuzzy mean
parameter in the model, followed by Diabetes Mellitus.
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