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Abstract—Chronic kidney disease is one of the diseases with
high morbidity and mortality, commonly occurring in the gen-
eral adult population, especially in people with diabetes and hy-
pertension. Scientists have researched and developed intelligent
medical systems to diagnose chronic kidney disease. Neverthe-
less, healthcare services remain low in resource-limited areas,
and general practitioners are very short of clinical experience.
Identifying chronic kidney disease in clinical practice remains
challenging, especially for the general practitioner. This study
proposes a model to develop a model for improving the effi-
ciency of differential diagnosis. This paper presents a model
consisting of a fuzzy knowledge graph pairs-based inference
mechanism by accumulating the new rules to enrich the fuzzy
rule base. A real-world dataset is gathered in Dien Bien hospi-
tal to evaluate the performance of our proposed model.

Index Terms—fuzzy knowledge graph, fuzzy inference sys-
tem, chronic kidney disease, health sector.

I. INTRODUCTION

Chronic kidney disease (CKD) has arisen as one of the
main reasons leading to death recently. According to the
World Health Organization, the number of patients infected
with CKD is rising, impacting an estimated 800 million indi-
viduals [1]. An urgent question for medical professionals is
how CKD can be detected early to reduce the burden on
doctors and medical facilities. In this case, an intelligent
health system aimed at the early detection of CKD is consid-
ered a valuable and appropriate solution. The high number
of affected individuals and the significant adverse impact of
CKD should motivate enhanced endeavors of many re-
searchers for better prevention and treatment.

As CKD gradually develops, early recognition and suc-
cessful dealing are simply treatments to decrease the death
rate. It is required to address CKD problems through work
concentrating on predicting diseases. If we diagnose early
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CKD, we have accomplished early remediation for CKD pa-
tients.

In the past decade, scientists and developers have re-
searched and published many intelligent models or methods
to predict CKD using various techniques. Ma et al. [2] pro-
posed a deep-learning algorithm for predicting CKD at an
early stage. In [3], the authors list articles on the early pre-
diction of CKD using Al approaches. In another study,
Mehdi Hosseinzadeh et al. [4] proposed a model for predict-
ing CKD using machine learning in an intelligent environ-
ment in smart cities with the help of cloud computing tech-
nology.

On the other hand, as the electronic healthcare dataset
overgrows, fuzzy techniques and fuzzy inference systems
(FIS) are becoming more common for accurate and early di-
agnosis of common diseases in patients. For instance, some
of the new proposed intelligent models can be introduced as
Fuzzy inference system [5,6,7], Adaptive neuro-fuzzy infer-
ence system [8,9], Knowledge graph [10], Fuzzy knowledge
graph (FKG) [11,14,21], Mamdani Complex fuzzy inference
system (M-CFIS) [12,13], and so on. However, existing in-
telligent techniques used in these new methods have limita-
tions when applied in decision-making support systems with
limited input data.

Recently, Lan et al. [11] introduced an M-CFIS-FKG
model that combines M-CFIS and FKG to improve the ref-
erence speed and experimental time in testing data of the M-
CFIS. Although M-CFIS-FKG has been enhanced in calcu-
lation and inference time, its low accuracy still limits the
model. Then, Long et al. [14] proposed a new model (the
FKG-Pairs), to overcome this shortcoming. The FKG-Pairs
model has improved the precision of M-CFIS-FKG; How-
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ever, the model still has several limitations in the case of a
shortage of knowledge or too-small fuzzy rule base.

This research aims to develop a novel model that extends
reference-based fuzzy knowledge graphs by accumulating
the new rules to enrich the fuzzy rule base to predict CKD.
Even though some related works are available in the litera-
ture, this emphasizes the uses in real scenarios where the
dataset has been collected in the Dien Bien hospital in Viet-
nam. In addition, the proposed model solves existing limita-
tions in FKG-Pairs.

Significantly, the contributions and novelty of this report
are highlighted as follows:

- Giving the proposed model that executes reference
based on FKG-Pairs in an extreme case in which too-small
fuzzy rule base (so called FKG-Extreme model).

- Studying to apply the proposed model to the real-world
dataset collected from Dien Bien hospital in Vietnam.

- Illustrating our proposed model's effectiveness and po-
tential for real-world application by comparing experience
between our proposed method and the state-of-the-art
method (namely FKG-Pairs).

The rest of this paper is organized as follows. The back-
ground preliminaries are presented in Section II. Section III
describes our proposed model for predicting CKD. Section
IV shows our experimental results and comparion with the
state-of-the-art method. Conclusions and future works are
given in Section V.
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II. PRELIMINARIES

This section briefly presents the background preliminaries
used in this work.

A. Fuzzy Inference System

The fuzzy inference system (FIS) is a principal compo-
nent of building a fuzzy logic system. It utilizes the fuzzy set
theory and fuzzy rules to display the qualitative factor of hu-
mans about knowledge and thinking. Then it uses fuzzy rea-
soning processes to find the output regarding crisp inputs.

The general FIS framework has four main parts: a set of
fuzzy rules, a fuzzy inference engine, a fuzzification data-
base, and a defuzzification. Fuzzification supports applying
multiple fuzzification methods and transforms the crispy in-
put into fuzzy input. This process involves the fuzzy mem-
bership function and maps the factual information into a
fuzzy value (i.e., the value between 0 and 1). The fuzzy in-
ference engine contains fuzzy rules that form IF-THEN. It
executes inference operations on the rules captured in the
fuzzy rule base. The inference engine applies fuzzy rules
from a knowledge base and produces the fuzzy output be-
tween 0 and 1.

Defuzzification is the inverse fuzzification process. It
transforms the fuzzy results into crisp output. This process
can use many methods, such as Max-membership, Centroid
Method, Mean-Max membership, and so on.

B. Fuzzy Knowledge Graph Pairs

The Fuzzy Knowledge Graph Pairs (FKG-Pairs) [14] is
introduced in 2022. It was a graph in which nodes represent
the attribute's and output's labels, and edges represent the re-
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Fig. 1 A representation of the FKG-Pairs.
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lation among nodes. Fig. 1 shows a simple representation of

the FKG-Pairs.

Given the fuzzy rule base, including n rules, m attributes,
and C output labels. The weights of edges connected among
the attribute's labels ( Afj k), the weights of edges con-
nected among the attribute's labels and the output's labels

(ijk) are calculated by using Equations (1) and (2), re-
spectively, as follows [14]:
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III. Prorosep MoDEL

To enhance the inference capability in the extreme cases
in which the uncompleted-information input dataset or the
too-small fuzzy rule base, we present a novel model (so
called FKG-Extreme model) that combines fuzzy knowl-
edge graph and FIS to predict CKD. The detail of our pro-
posed model is presented in Fig. 2.

The proposed model consists of the main steps as follows:

Step 1: Collecting the dataset of patients with CKD or
Non-CKD. The expertise of a specialist doctor has checked
this dataset.

Step 2. After obtaining the dataset, the dataset will be
preprocessed, such as normalizing the dataset and removing
the noise and blank data.

Step 3: Some parameters of our model is initialized, such

as the current rule base R, =, time step t=1,T,,,;
0=0,%.

Step 4: Splitting the dataset D into two training and test-
ing sets, in which the training set to train the model and the
testing set is used to check the model's effectiveness. The
training data is selected as a percentage of the original
dataset, D, ,;,,=0%* D. The rest is used for testing data
D

Test *
Step 5: Applying the rule-generated mechanism on FIS to
the training and testing data that obtain a set of rules

(Ryyain ), and (Ry,) respectively.

Step 6: Updating the R, =R, + R 14in-

Step 7: Constructing the FKG-Pairs based on the current
rule base (RCW) after updating.

Step 8: Repeating steps 1 to 6 until t>T' ..

START

Collecting data

Preprocessing

A4
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Saving the FKG-Extreme model at time
step t and getting label of new records.

Fig. 2. Proposed FKG-Extreme model for CKD.

Step 9: Saving the FKG-Extreme model at the time step
and getting the label of new records.

IV. THE EXPERIMENTAL RESULTS

With the purpose of illustrating the effectiveness of the
proposed model, experiments were run to assess CKD. The
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group of physicians evaluated every patient and gave a re-
sult. The expert opinion was then compared with the results
obtained from our proposed model.

A. Experimental dataset and environment

The dataset was collected from DienBien hospital with
fifteen clinical and subclinical attributes (such as age, gen-
der, RBC, HGB, HCT, PLT, and so on) given in Table I. It
included 3652 patients (in which 2063 patients in non-CKD
and 1589 patients in CKD).

B. The experimental results

This section aims to estimate the implementation of FKG-
Extreme in CKD diagnosis. We have executed using Dell
PC with a Core i5 processor for executing in MATLAB
2014. To demonstrate the effectiveness of the proposed
model, the proposed method (FKG-Extreme) is compared
with the state-of-the-art method (FKG-Pairs) on the CKD
dataset.

The evaluation measures are time-consuming and accu-
racy to assess these models' implementation. Accuracy is a
metric that describes how the model accomplishes across all
classes. It is beneficial when all types are of equal impor-
tance. It is computed as the ratio of correct forecasts to the
total number of predictions (see Equation (3)).

Number of correct predictions

Accuracy Total number of predictions ©)
TABLE L LIST OF ATTRIBUTES IN CKD DATASET.
No. Attribute name Valued range
1. Age 1 - 100 years
2. Gender 0: Female; 1: Male
3. Red Blood Cell 1.33- 138 T/L
(RBC)
4. Hemoglobin 3.87-186 g/L
(HGB)
5. Hematocrit 11.3-126 % (0.35 -
(HCT) 21.41 L/L)
6. Platelet Count 13 -2141 G/L
(PLT)
7. White Blood Cell 1.11 - 215.58 G/L
(WBCQ)
8. Neutrophil 0.01 - 98 %N
(NEUT)
9. Lymphocyte 0.5 -98.1 %L
(LYMPH)
10. Sodium (Na") 5.3 - 172.1 mmol/L
11. Potassium (K*) 2.24 - 103.2 mmol/L
12. Total Protein 29 - 565.31 g/L
13. Albumin -1.0-141.7 g/L
14. Ure 0.5 - 107.42 mmol/L
15. Creatinin 4.26 - 8632 pmol/L
16. ICD code 0: Non-CKD
(Output labels) 1: CKD
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The experimental scenario is described as follows: With
the proposed method, the data set is divided into 20 equal
parts (corresponding to 20-time steps), and each data part is
divided the training and testing sets by 5% and 95%, respec-
tively. To assume responsibility for the flexibility of the pro-
posed method, we execute the test ten times and compute
the average for each time step. With the FKG-Pairs, we only
perform 5% for training data and 95% for testing data.

The results of applying two models for the CKD dataset
are visually presented in Figures 3 and 5, respectively. Fig-
ure 3 compares the accuracy between FKG-Pairs method
and FKG-Extreme method. The results show that the predic-
tion accuracy is significantly improved when enhancing the
rule sets in the previous steps for the latter, especially when
the data used for the training data set is minimal compared
to the testing data set.

The comparison results in terms of accuracy
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Fig. 2. Comparison results of accuracy between FKG-Pairs and FKG-
Extreme in each time step.

Results of accuracy's growth rate
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Fig. 3. Accuracy's growth rate of FKG-Extreme vs. FKG-Pairs.
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With the aim to illustrate the effectiveness of applying the
FKG-Extreme model, we compute the growth ratio in the
accuracy of the FKG-Extreme compared to FKG-Pairs due
to each time step. The details of the results are represented
in Figure 4. As shown in Figure 4, it is clear that the growth
percentage ratio of accuracy is from over 5% to approxi-
mately 25%. And most of the growth rate due to each step
increase from 10% to up. It proves that the proposed method
has dramatically improved the model's accuracy in extreme
case in which the training data is very small (only 5% rate).

The comparison results in terms of conputational time

Computational time
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=
=
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Fig. 4. Comparison results of time consumed between FKG-Pairs and
FKG-Extreme in each time steps.

The estimation time on the CKD dataset obtained by the
two models is demonstrated in Figure 5. For the proposed
method, the time-consuming in most of the time steps is al-
ways higher than that of the FKG-Pairs method. This is evi-
dent results because of using the accumulative mechanism
for the rule base.

TABLE II. ComparisoN AVERAGE OF Accuracy AND Execution TiME

BerweeN FkG-Pairs AND FkG-EXTREME.

Method
FKG-Pairs
FKG-Extreme

Accuracy
74.13%
84.23%

Time (s)
1.8766
8.6078

Table II describes the average value of 20-time steps in
accuracy and computational time indices of two methods
that test on the real-world CKD dataset. Results are handled
as the average of k-fold cross-validation (with k=10). It is
clear that the average accuracy for the FKG-Extreme
reached 84.22% compared to 74.13% for the FKG-Pairs.
The accuracy rate for each step is about 12% (see Fig. 4).
However, the time-consuming of proposed method is much
higher than that of FKG-Pairs method. These results demon-
strate that applying the accumulative mechanism for the rule

base on FKG can improve the power of the FKG-Pairs-
based inference systems in terms of accuracy in extreme
case.

V. Concrusions aND FUTURE WORKsS

CKD is one of the most difficult mortal diagnoses to pre-
dict with great accuracy and precision. Developing an appli-
cation for the diagnosis of CKD will contribute pramatically
for medical experts in treating critical situations and people
who have poor health sevices. This study aims to see how
well reason based on FKG-Pairs, in extreme cases, in which
too-small training data or fuzzy rule base. Then, the model
performs on a real-world dataset to diagnose CKD. We
combined the fuzzy knowledge graph and FIS to simplify
the uncertainties observed in the dataset. Primarily our pro-
posed model works effectively in extreme cases of lack of
knowledge, uncompleted-information input dataset, or the
too-small fuzzy rule base. Finally, a dataset is gathered in
Dien Bien hospital to evaluate the performance of our model
in improving the model's accuracy in extreme cases. This
has practical significance to applying the FKG-Pairs in the
case of a lack of knowledge of training data or new systems.

Some future works are identified for reseachers or deve-
plopers community in the near future to improve the pro-
posed model such as: (i) Improving the proposed method for
extreme cases by applying the Q-learning technique to rec-
ommend the best action (in which sampling and splitting
methods are considered very important, especially in the
health sector); (ii) Studying to develop easy and convenient
applications based on clinical symptoms and subclinical
testing signs datasets in the real world.
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