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Abstract: The diagnosis of liver fibrosis (LF) is crucial as it is a deadly and
life-threatening disease. Artificial intelligence techniques aid doctors by using
the previous data on health and making a diagnostic system, which helps to
take decisions about patients’ health as experts can. The historical data of
a patient’s health can have vagueness, inaccurate, and can also have missing
values. The fuzzy logic theory can deal with these issues in the dataset. In
this paper, a multilayer fuzzy expert system is developed to diagnose LF.
The model is created by using multiple layers of the fuzzy logic approach.
This system aids in classifying the health of patients into different classes.
The proposed method has two layers, i.e., layer 1 and layer 2. The input
variables used in layer 1 for diagnosing liver fibrosis are Appetite, Jaundice,
Ascites, Age, and Fatigue. Similarly, in layer 2, the input variables are Platelet
count, White blood cell count, spleen, SGPT ALT (Serum Glutamic Pyruvic
Transaminase Alanine Aminotransferase), SGOT ALT (Serum Glutamic-
oxalacetic Transaminase Alanine Aminotransferase), Serum bilirubin, and
Serum albumin. The output variables for this developed system are no dam-
age, minimal damage, significant damage, severe damage, and cirrhosis. This
research work also presents the examination of results based on performance
parameters. The proposed system achieves a classification accuracy of 95%.
Moreover, other performance parameters such as sensitivity, specificity, and
precision are calculated as 97.14%, 92%, and 94.44%, respectively.

Keywords: Artificial intelligence; fuzzy expert system; liver fibrosis; multilayer
inference system; a medical diagnostic system

1 Introduction

The popular, prevalent, and universal chronic kidney disorder is liver fibrosis. When the liver is
continuously damaged for various reasons, then it develops fibrosis. Fibrosis is the formation of scar
tissues in the liver in a massive amount abnormally. It arises when the broken cells or cells that are
not working are either replaced by the liver or repaired by the liver [1]. The detection of liver fibrosis
disease at the initial stage is very vital as it leads to damage in the liver chronically. The end-stage of this
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illness is known as cirrhosis which leads to the death of the patient [2]. Liver fibrosis disease has five
stages such as no damage, minimal damage, significant damage, severe damage, and cirrhosis. These
stages can be represented by F0, F1, F2, F3, and F4, respectively [3].

Industrialized countries have more impact on liver fibrosis disease as there is more smoke that
destroys the proteins in the human body [4]. Additionally, chronic liver disease is also an important
cause of liver fibrosis [5]. The cost of hospitalization for the end stage of this disease, i.e., for cirrhosis,
is very high. The normal person cannot afford that much money for the diagnosis. Hence, the detection
of this disease at the introductory stage is needed for the sake of better health of patients [6].

When it comes to intelligent healthcare systems as well as patient care, artificial intelligence can
help experts or doctors [7–11]. Machine learning approaches are becoming an emerging tool for the
diagnosis of disease [12–15]. There are many methods used in the literature for the diagnosis of liver
fibrosis disease. Among them, image processing is a widely and universally utilized approach that
assists in the detection by using images [16–19]. The method of image processing, i.e., segmentation,
was used for the detection of this illness in the early phase [20–23]. The images of the liver were carried
out, and various algorithms such as k-means were applied for the detection of the disease [24,25]. The
image was acquired by the ultrasound scan, and the needed features are extracted from that ultrasound
image or computed tomography images of the liver and texture into the grayscale image [26–28]. The
echo signals generated by the ultrasound scan were also used for diagnosis. These signals help to make
the probability density function. This function further helps to generate the Rayleigh distribution that
evaluates liver fibrosis [29–31]. Digital image analysis is also used to carry out the image of the liver,
and various phases of liver fibrosis according to the Collagen Proportional area of an image [32].
Moreover, data mining is also a powerful tool to diagnose any kind of disease [33] and is also helpful
in liver fibrosis diagnosis.

Machine learning methodologies like decision trees, particle swarm optimization, as well as genetic
algorithms were utilized to diagnose liver fibrosis [34–36]. A decision tree approach is utilized to
classify the five stages of LF and also predicts the degree of LF of an individual patient with an
accuracy of 93.7% [37]. The various input parameters are taken out by lab tests or by an image
of the liver, and after that, these algorithms are applied to propose a system that can detect liver
fibrosis disease. The mechanical properties of liver fibrosis are changed repeatedly and frequently.
The proposed tool, named Shear wave elastography, tracks these changes and also measures the stage
of this disease by evaluating the mean values [38]. The deep learning method on the images also helps
to enhance the performance of models that detects liver fibrosis [39].

The adaptive neuro-fuzzy inference system (ANFIS) was developed in which the UCI (University
of California, Irvine) dataset was utilized. The classification of various stages of liver fibrosis has
been done by using the multilayer ANFIS [40]. The classification of these stages is done by using
naïve Bayes classifiers, logistic regression, and neural networks. Among these three classifiers, the naïve
Bayes classifier and logistic regression are identified as the exact classifier as these classifiers classify
the stages in the correct class accurately [41,42]. The support vector machine classifier is utilized in
classifying the phases of LF from the magnetic resonance images of the liver [43]. The hybrid system,
by merging the case-based reasoning as well as an artificial neural network, is applied to introduce an
intelligent diagnostic system for the identification of this illness [44].

There are many methods applied for the diagnosis of LF disease in the medical domain, such
as imaging tests, classification and clustering techniques, genetic studies, and so on. However, these
techniques make the diagnosis more difficult and complex as the dataset used in these methods is not
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accurate. As every patient has a history of his/her health, that historical data had vagueness. The results
of the tests taken in the lab can also have an error of some degree [45,46].

This vagueness and missing values are handled by the fuzzy set theory [47]. There are several
medical problems whose diagnosis is pending because it has fuzzy data and also has missing values
in the dataset [48]. This kind of problem can be predicted and diagnosed by using the intelligent
systems of artificial intelligence [49]. The fuzzy set theory handles the ambiguity and vagueness that
makes it a powerful tool that provides a solution to these sorts of problems [50]. Fuzzy logic helps
to develop an expert system for a particular complex problem by using fuzzy data. This proposed
expert system can make the decisions as a human expert can do corresponding to the given inputs to
that particular system. At present, almost 70% of medical problems get their solutions from an expert
system developed by using fuzzy logic [51].

An expert system or the fuzzy logic-based system has 4 fundamental elements which play an
essential role in yielding the final output from the system by giving the inputs of a particular problem.
Each block of the fuzzy expert system has equal importance in producing the output. None of them
is optional for the development of a medical expert system. These elements are as follows:

a) Fuzzification Module: The first module of a fuzzy expert system is the fuzzification module.
The input is given to this module of the system in a crisp form. This module covers the crisp
form of inputs into fuzzy values.
b) Knowledge Base: The second element of a fuzzy expert system is the knowledge base. The
knowledge base is the module in which all the rules are generated and stored. The stored rules
are in the IF-THEN manner. The rules are generated by acquiring information and knowledge
from the human expert.
c) Inference Engine: The facts are saved in the inference engine of an expert system. It helps to
map the rules and the input given to the system. It has an essential role to play as it mimics the
reasoning of a human.
d) Defuzzification Module: The last element of the medical expert system is the defuzzification
module. The output generated by the system until now is formulated in fuzzy values. This
module transforms the fuzzy sets into crisp numbers. The final output generated by the system
is produced by the defuzzification module.

2 Contribution of the Research

The main motivation of the respective work is to develop a multilayer fuzzy expert system that
assists in the detection of LF disease at its early stage. The novelty of the research study which makes
it unique from other previous work related to the detection of liver fibrosis is given by:

• The developed expert system is developed by using two layers of fuzzy logic, and each layer
ensures the correct detection of liver fibrosis.

• The developed model can handle the imprecise and ambiguity in the inputs or fuzzy valued
inputs.

• The utilization of multiple layers of the fuzzy layer is a new concept, and it also filters out the
persons having no chance of liver fibrosis in its first stage by evaluating the inputs of clinical
symptoms.

• This medical expert system can help the doctor as a supporting tool in the diagnosis of LF at
an introductory phase.
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3 Methodology

This section describes the developed medical diagnostic system. This system is proposed by
utilizing the multi-layered Mamdani Fuzzy inference system. Fig. 1 demonstrates the flow of the
process of development.

Figure 1: Flowchart for the development of a multilayered automated medical expert system for the
diagnosis of LF disease

The machine learning methodology used in this research work is fuzzy logic. However, the model
has been developed by using multiple layers of fuzzy logic approach. The automated medical diagnostic
system has 2 layers, presented in Fig. 2. For layer 1, there are five different input variables, i.e., appetite,
jaundice, ascites, age, and fatigue. This layer identified whether the patient of given inputs has liver
fibrosis disease or not. Hence, the output of this layer is either yes or no.

If outcome layer 1 is no, that means the patient is healthy. But if the outcome is equal to yes, then
layer 2 helps to identify the stage of the liver fibrosis disease of a particular patient. For layer 2, there
are seven input variables. This layer also includes the output of the first layer as the input to yield the
final output. The output for this layer is the stages of liver fibrosis disease considered as No damage,
minimal damage, significant damage, severe damage, and cirrhosis.

The algorithm for the developed multi-layered Mamdani fuzzy inference system is stated below:

• Step 1: Illustrate the linguistic variable and terms, i.e., input variables and output variables for
layer 1 and layer 2 of the proposed medical diagnostic system.
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• Step 2: Create the membership functions of each input variable as well as output variables for
both layers.

• Step 3: Design a knowledge base for both layers that contain rules corresponding to the inputs
and output variables.

Layer 1

Inputs: appetite, jaundice, ascites, age, and fatigue

Outputs: yes or no.

• Step 4: Covert the inputs in the crisp form given to layer 1 into the fuzzy values.
• Step 5: According to the provided inputs, map the rules of layer 1.
• Step 6: Merge the outcome given by each rule that is valid, corresponding to the input.
• Step 7: Transform the fuzzy outputs into crisp outputs.

Layer 2:

Inputs: platelet count (PC), white blood cell count (WBC), spleen. SGPT ALT, SGOT ALT, serum
bilirubin (SB), and serum albumin (AB).

Outputs: no damage, minimal damage, significant damage, severe damage, and cirrhosis

• Step 8: The input variables for layer 2 are considered as the final output produced by layer 1 +
input variables already selected for layer 2.

• Step 9: By using the membership functions (MF) of input variables of layer 2, transform the
crisp inputs into fuzzy input.

• Step 10: Find out the rule that is valid for the given input to the developed system from the
knowledge base and evaluate the result.

• Step 11: Combine the outcomes provided by the rules and evaluate the final fuzzy output set.
• Step 12: Transform the fuzzy outputs into crisp outputs.

The layer of the developed medical diagnostic system can be described in the mathematical form
as given:

μLFD,layer1 = MFIS[μappetite, μJaundice, μAscities, μage, μfatigue]

where:

LFD = Liver fibrosis disease

MFIS = multi-layered fuzzy inference system.

Layer 2 of the proposed system can also be illustrated in the mathematical form as shown below:

μLFD,layer2 = MFIS[μLFD,layer1, μPC, μWBC, μspleen, μSGPT ALT, μSGOT ALT, μSB, μSA]

where:

LFD = Liver fibrosis disease

MFIS = Multi-layered fuzzy inference system

PC = Platelet count

WBC = White blood cell

SB = Serum Bilirubin

SA = Serum Albumin
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Figure 2: Developed an automated diagnosis of liver fibrosis using a multi-layered Mamdani fuzzy
inference system (ADLF-ML-MFIS)

3.1 Input Variables
The input variables used in the implementation of this model are the analytical values. In this

work, the total number of input variables for layer 1 and layer 2 is twelve. All twelve input variables are
different from each other. These twelve input variables are divided into two parts as five input variables
are used for the first layer and 7 inputs are used for 2nd layer of the proposed model, respectively. The
appropriate information for these input variables is illustrated in Tables 1 and 2.

Table 1: Input variables for layer 1

Sr. No. Input parameters Ranges Semantic sign

1. Appetite <1.8 Absent
[1.19, 2.7] Rare
>3.8 Bad

2. Jaundice <1.8 Absent
[1.19, 2.8] Rare
>3.8 Bad

3. Ascites <0.6 Normal
>0.4 Abnormal

4. Age <36 Young
[33, 66] Mid Age

>60 Old
5. Fatigue <1.8 Absent

[1.2, 2.8] Rare
>2.2 Bad
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Table 2: Input variables for layer 2

Sr. no. Input parameters Ranges Semantic sign

1. Platelet count <150 Low
[125, 450] Normal
>416 High

2. White blood cell count <4 Low
[3, 11] Normal
>10 High

3. Spleen <1.2 Normal
>0.8 Abnormal

4. SGPT ALT <10 Low
[4.87, 67.8] Normal
>49 High

5. SGOT ALT <5 Low
[2.79, 42.79] Normal
>34 High

6. Serum Bilirubin <0.3 Low
[0.17, 1.2] Normal
>1 High

7. Serum Albumin <3.19 Low
[3, 8.5] Normal
>4.8 High

3.2 Output Variables
As there are two layers in the proposed medical diagnostic system, hence there are two outputs

of the developed model, i.e., 1st layer output and 2nd layer output. Layer 1 finds out whether the
patient has this disease or not. The output variables used for this layer are yes or no. Similarly, layer
2 identifies the stage of LF disease, and the output variables are considered as no damage, minimal
damage, significant damage, severe damage, and cirrhosis. Table 3 has the description of these output
variables of 1st and 2nd layers:

Table 3: Output variables

Sr. no. Output variables Semantic sign

1. Layer 1 Liver fibrosis No liver fibrosis
Liver fibrosis present

2. Layer 2 Liver fibrosis stage No damage
Minimal damage
Significant damage
Severe damage
Cirrhosis
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3.3 Membership Functions
The statistical ranges of input as well as output variables given in the proposed medical diagnostic

system are the membership functions. It represents the degree of truth. The ranges and linguistic
variables used in this developed model are taken from the literature on liver fibrosis disease [52]. The
used MFs are triangular as well as trapezoidal MF for all the input variables as well as the output
variables. Tables 4 and 5 present the mathematical and graphical representation of MFs of input as well
as output variables of layer 1 and layer 2, respectively. The triangular and trapezoidal MF expressions
are used to make the equations in Tables 4 and 5. The general form of these equations is [53]:

For triangular MF:

μtriangle (x; a, b, c) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, x ≤ a
x − a
b − a

, a ≤ x ≤ b

c − x
c − b

, b ≤ x ≤ c

0, c ≤ x

(1)

where a, b and c are the parameters (b refers to the triangle’s height, and c indicates the base of the
triangle) and x is the given input.

For Trapezoidal MF:

μtrapezoidal (x; a, b, c, d) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, x ≤ a

x − a
b − a

, a ≤ x ≤ b

1, b ≤ x ≤ c

d − x
d − c

, c ≤ x ≤ d

0, d ≤ x

(2)

where a, b, c add d are the parameters and x is the given input.

Table 4: Output variables
Sr. no. Input variables Expression of MFs Graphical representation of MF

1. Appetite A
(μA,(a))

μabsent (a) =

⎧⎪⎨
⎪⎩

1, a ≤ 1

1.8 − a
0.8

, 1 < a < 1.8
(3)

μrare (a) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, a ≤ 1.2

a − 1.2
0.8

, 1.2 < a < 2

2.8 − a
0.8

, 2 < a < 2.8

0, a ≥ 2.8

(4)

(Continued)
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Table 4: Continued
Sr. no. Input variables Expression of MFs Graphical representation of MF

μBad (a) =

⎧⎪⎨
⎪⎩

a − 2.2
0.8

, 2.2 < a < 3

1, a ≥ 3

(5)

2. Jaundice
J (μJ,(j))

μabsent (j) =

⎧⎪⎨
⎪⎩

1, j ≤ 1

1.8 − j
0.8

, 1 < j < 1.8
(6)

μrare (j) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, j ≤ 1.2

j − 1.2
0.8

, 1.2 < j < 2

2.8 − j
0.8

, 2 < j < 2.8

0, j ≥ 2.8

(7)

μBad (j) =

⎧⎪⎨
⎪⎩

j − 2.2
0.8

, 2.2 < j < 3

1, j ≥ 3

(8)

3. Ascites AS
(μAS,(as))

μNormal (as) =

⎧⎪⎨
⎪⎩

1, as < 0.3

0.6 − as
0.3

, 0.3 < as ≤ 0.6
(9)

μAbnormal (as) =

⎧⎪⎨
⎪⎩

as − 0.4
0.4

, 0.4 ≤ as ≤ 0.8

1, as > 0.8

(10)

4. Age AGE
(μAGE, (age))

μYoung (age) =

⎧⎪⎨
⎪⎩

1 age < 28

36 − age
9

, 28 < age ≤ 36
(11)

μMidAge (age) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, age < 33

age − 33
11

, 33 ≤ age ≤ 44

1, 44 ≤ age ≤ 55

66 − age
11

, 55 ≤ age ≤ 66

0, age > 66

(12)

μOld (age) =

⎧⎪⎨
⎪⎩

age − 60
11

, 60 ≤ age ≤ 71

1, age > 71

(13)

(Continued)
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Table 4: Continued
Sr. no. Input variables Expression of MFs Graphical representation of MF

5. Fatigue
F (μF,(f))

μabsent (f) =

⎧⎪⎨
⎪⎩

1, f ≤ 1

1.8 − f
0.8

, 1 < f < 1.8
(14)

μrare (f ) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, f ≤ 1.2

f − 1.2
0.8

, 1.2 < f < 2

2.8 − f
0.8

, 2 < f < 2.8

0, f ≥ 2.8

(15)

μBad (f ) =

⎧⎪⎨
⎪⎩

f − 2.2
0.8

, 2.2 < f < 3

1, f ≥ 3

(16)

6. Liver fibrosis LF
(μLF,(lf))

μNoLiverFibrosis (lf) =

⎧⎪⎨
⎪⎩

1 lf < 0.2

0.5 − lf
0.3

, 0.2 < lf ≤ 0.5
(17)

μLiverFibrosisPresent (lf ) =

⎧⎪⎨
⎪⎩

lf − 0.4
1.3

, 0.4 ≤ lf ≤ 0.7

1, lf > 0.7

(18)

Table 5: Membership function for layer 2
Sr. no. Input variables Expressions of MFs Graphical representation of MF

1. Platelet count PC
(μPC,(pc))

μLow (pc) =

⎧⎪⎨
⎪⎩

1, pc ≤ 1

150 − pc
149

, 1 < pc < 150
(19)

μNormal (pc) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, pc < 125

pc − 125
25

, 125 ≤ pc ≤ 150

1, 150 ≤ pc ≤ 425

450 − pc
25

, 425 ≤ pc ≤ 450

0, pc > 450

(20)

μHigh (pc) =

⎧⎪⎪⎨
⎪⎪⎩

pc − 416
44

, 416 < pc < 460

1, pc ≥ 460

(21)

(Continued)
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Table 5: Continued
Sr. no. Input variables Expressions of MFs Graphical representation of MF

2. White blood cell
count WBC
(μWBC,(wbc))

μLow (wbc) =

⎧⎪⎨
⎪⎩

1, wbc ≤ 1

4 − wbc
3

, 1 < wbc < 4
(22)

μNormal (wbc) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, wbc < 3

wbc − 3
1

, 3 ≤ wbc ≤ 4

1, 4 ≤ wbc ≤ 10

11 − wbc
1

, 10 ≤ wbc ≤ 11

0, wbc > 11

(23)

μHigh (wbc) =

⎧⎪⎪⎨
⎪⎪⎩

wbc − 10
2

, 10 < wbc < 12

1, wbc ≥ 12

(24)

3. Spleen
S (μS,(s))

μNormal (s) =

⎧⎪⎨
⎪⎩

1, s < 0

1.2 − s
1.2

, 0 < s ≤ 1.2
(25)

μAbnormal (s) =

⎧⎪⎪⎨
⎪⎪⎩

s − 0.8
1.2

, 0.8 ≤ s ≤ 2

1, s > 2

(26)

4. SGPT ALT
SGPT (μSGPT,
(sgpt))

μLow (sgpt) =

⎧⎪⎨
⎪⎩

1, sgpt < 0

10 − sgpt
10

, 0 < sgpt ≤ 10
(27)

μNormal (sgpt) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, sgpt < 4.78

sgpt − 4.78
10

, 4.78 ≤ sgpt ≤ 14.78

1, 14.78 ≤ sgpt ≤ 53.78

67.78 − sgpt
14

, 55.78 ≤ sgpt ≤ 67.78

0, sgpt > 67.78

(28)

μHigh (sgpt) =

⎧⎪⎪⎨
⎪⎪⎩

sgpt − 49
14

, 49 ≤ sgpt ≤ 63

1, sgpt > 63

(29)

(Continued)
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Table 5: Continued
Sr. no. Input variables Expressions of MFs Graphical representation of MF

5. SGOT ALT
SGOT (μSGOT,
(sgot))

μLow (sgpt) =

⎧⎪⎨
⎪⎩

1 sgot < 0

5 − sgot
5

, 0 < sgot ≤ 5
(30)

μNormal (sgot) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, sgot < 2.79

sgot − 2.79
5

, 2.79 ≤ sgot ≤ 7.79

1, 7.79 ≤ sgot ≤ 36.79

42.79 − sgot
6

, 36.79 ≤ sgot ≤ 42.79

0, sgot > 42.79

(31)

μHigh (sgot) =

⎧⎪⎪⎨
⎪⎪⎩

sgot − 34
6

, 34 ≤ sgot ≤ 40

1, sgot > 40

(32)

6. Serum Bilirubin
SB (μSB,(sb))

μLow (sb) =

⎧⎪⎨
⎪⎩

1, sb < 0

0.3 − sb
0.3

, 0 < sb ≤ 0.3
(33)

μNormal (sb) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, sb < 0.17

sb − 0.17
0.13

, 0.17 ≤ sb ≤ 0.3

1, 0.3 ≤ sb ≤ 1

1.2 − sb
0.2

, 1 ≤ sb ≤ 1.2

0, sb > 1.2

(34)

μHigh (sb) =

⎧⎪⎪⎨
⎪⎪⎩

sb − 1
0.2

, 1 ≤ sb ≤ 1.2

1, sb > 1.2

(35)

7. Serum Albumin
SA (μSA,(sa))

μLow (sa) =

⎧⎪⎪⎨
⎪⎪⎩

3.19 − sa
0.59

, 2.6 < sa < 3.19

0, sa > 3.19

(36)

μNormal (sa) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, sa < 3

sa − 3
0.2

, 3 ≤ sa ≤ 3.2

1, 3.2 ≤ sa ≤ 4.8

4.94 − sa
0.14

, 4.8 ≤ sa ≤ 4.94

0, sa > 4.94

(37)

μHigh (sa) =

⎧⎪⎪⎨
⎪⎪⎩

sa − 4.82
0.08

, 4.82 ≤ sa ≤ 4.9

1, sa > 4.9

(38)

(Continued)
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Table 5: Continued
Sr. no. Input variables Expressions of MFs Graphical representation of MF

8. Liver fibrosis stage
LFS (μLFS,(lfs))

μLFS,NoDamage (lfs) =

⎧⎪⎨
⎪⎩

1, lfs < 0

20 − lfs
20

, 0 < lfs < 20
(40)

μLFS, MinimalDamage (lfs) =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

lfs − 15
15

15 < lfs < 30

1 lfs = 30

45 − lfs
15

30 < lfs ≤ 45

(41)

μLFS,SignificantDamage (lfs) =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

lfs − 35
15

35 < lfs ≤ 50

1 lfs = 50

65 − lfs
15

50 < lfs ≤ 65

(42)

μLFS,SevereDamage (lfs) =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

lfs − 55
15

55 < lfs ≤ 70

1 lfs = 70

70 − lfs
15

70 < lfs ≤ 85

(43)

μLFS, Cirrhosis (lfs) =

⎧⎪⎪⎨
⎪⎪⎩

lfs − 80
20

80 < lfs < 100

1 lfs ≥ 100

(44)

3.4 I/O Rules
The rules stored in the knowledge base play an essential role in producing the output from the

multi-layered Mamdani fuzzy inference engine, and also performance is evaluated from these rules.

The rules for layer 1 are shown in Fig. 3, and the total rules can be calculated as given below.

Total rules for layer 1: membership functions of appetite × membership functions of Jaun-
dice × membership functions of ascites × membership functions of Age × membership functions of
Fatigue.

= 3 × 3 × 2 × 3 × 3 = 162 rules

The rules for layer 2 are shown in Fig. 4, and the total rules can be calculated as given below.

Total rules for layer 2: membership functions of Platelet Count (PC) × membership functions
of White Blood Cell Count (WBC) × membership functions of Spleen × membership functions
of SGOT ALT × membership functions of SGPT ALT × membership functions of Serum Biliru-
bin × membership functions of Serum Albumin.

= 3 × 3 × 2 × 3 × 3 × 3 × 3 = 1458 rules.
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Figure 3: I/O rules for layer 1

3.5 Inference Engine
The core module of an expert system is the inference engine. In the developed automated diagnosis

of liver fibrosis by utilizing the multilayered fuzzy inference system, the Mamdani inference engine has
been utilized in the entire methodology.

3.6 Defuzzifier
In the defuzzification module, the Defuzzifier is used. It is also an important module for an expert

system and also has its different types. From the different kinds of Defuzzifier, the centroid method
has been used in the developed model. Fig. 5 describes the surface area of the input variables of layer
1, and from Figs. 6a to 6c, the surface areas of the input variables of layer 2 are shown.

In Fig. 5, the two input variables of layer 1, i.e., appetite and jaundice, are taken to form the surface
area. If the given input of the appetite is less than the input value of jaundice, then the result is no liver
fibrosis disease. Therefore, it implies that the probability of having liver fibrosis disease is less if the
input value of appetite and jaundice is less. Similarly, the patient can be suffering from liver fibrosis
disease if the given input value of the input variables is more.
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Figure 4: I/O rules for layer 2

Figure 5: Surface area of appetite with Jaundice of layer 1

Fig. 6a shows the stage of liver fibrosis based on two input variables, i.e., SGPT ALT with SGOT
ALT. The different shades of colors represent the stages of liver fibrosis disease. If the given input value
of SGPT ALT is higher, then the probability of having liver fibrosis disease in a particular patient is
also increased. If there is a little increase in the value of input variables, then the color of the surface
area is a light blue that presents minimal damage to the liver. Similarly, the rest of the colors of the
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surface area, such as cyan, light green, and yellow, describe the significant damage, severe damage, and
cirrhosis, respectively.

Figure 6: Surface areas of rules for SGPT ALT and SGOT ALT

4 Results

The tool used for the whole process of development of a diagnostic system for liver fibrosis is
MATLAB R2014a. This tool is very powerful in such cases as making a prototype, developing medical
or any expert system, proposing algorithms, and so on. MATLAB is also a robust tool to visualize the
data in various forms, analyze the given data, and for programming purposes [54,55]. In the developed
medical diagnostic system for the diagnosis of LF, there are two layers. The output of layer 1 reveals
if an individual has LF or not. Similarly, layer 2 depicts the stage or damage of the liver due to liver
fibrosis disease of a particular patient, such as no damage, minimal damage, significant damage, severe
damage, and cirrhosis. Hence, the developed system in this research work is also helpful for detecting
the damage to the liver due to liver fibrosis disease of an individual.

The multi-layered fuzzy inference system is tested by taking different test cases to measure the
correctness of the system. A confusion matrix is made up of these correct and incorrect tests, in Table 6,
for the evaluation of performance parameters. As there are 160 tests captured to inspect the medical
expert system, these 160 tests are completely different from each other. The first column of Table 6 is
considered as no damage. There are 36 different tests with their result as no damage. When the inputs
are given to the developed model, then it classifies them into the perfect class. The 2nd column is taken
as the minimal damage to the liver. There are also 36 different test cases with the result of minimal
damage. When these inputs are delivered to the system, out of 36, only 33 tests have the correct result
and are classified into exact classes. However, the 3 tests from them are classified into the incorrect
class. Similarly, column 3rd is considered significant damage to the liver. There are also 36 diverse tests
given to the system with output significant damage. Out of those 36 tests, 2 are misclassified into the
severe damage class, and 34 are classified into the true class. The 4th column of the confusion matrix is
considered severe damage to the liver. The total number of tests for this class is 36, and all those tests
are categorized into the exact classes. Likewise, the 5th column of the Table of a confusion matrix is
taken as the cirrhosis, and also 36 tests are captured to analyze the system for this stage. Out of 36, 32
are classified correctly, and 4 are misclassified into the severe damage class of the model.
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Table 6: Confusion matrix for liver fibrosis

No damage Minimal
damage

Significant
damage

Severe damage Cirrhosis Class name

36 00 00 00 00 No damage
03 33 00 00 00 Minimal

damage
00 00 34 02 00 Significant

damage
00 00 00 36 00 Severe damage
00 00 00 04 32 Cirrhosis

The confusion matrix has been reduced by taking the first two classes, i.e., no damage and minimal
damage as “NO” and similarly, the rest of the three classes of model i.e., significant damage, severe
damage, and cirrhosis as “YES”. Therefore, the dimensions of the confusion matrix for liver fibrosis
are reduced from 5 ∗ 5 to a 2 ∗ 2 matrix. Table 7 shows this reduced dimensionality.

Table 7: Confusion matrix of liver fibrosis with reduced dimensionality

No Yes Class name

69 06 No
03 102 Yes

By using Table 7, the various performance parameters of the developed model have been calcu-
lated. These parameters are classification accuracy, precision, specificity, and sensitivity [56]. For the
evaluation of these four performance parameters, the values of true positive (TP), false negative (FN),
false positive (FP), and true negative (TN) are evaluated as 102, 03, 06, and 69, respectively, from
Table 7. The mathematical expressions and calculations of these matrices are given by [57]:

Sensitivity = (TP)

(TP + FN)
= 102

102 + 03
= 97.14% (45)

Specificity = (TN)

(TN + FP)
= 69

69 + 06
= 92% (46)

Precision = (TP)

(TP + FP)
= 102

102 + 06
= 94.44% (47)

Classification Accuracy = (TP + TN)

(TP + FP + TN + FN)
= 102 + 69

102 + 06 + 69 + 03
= 95% (48)

The calculated values of performance parameters are represented in the graphical form in Fig. 7.



3576 CSSE, 2023, vol.46, no.3

88

90

92

94

96

98

Multi-layered Fuzzy 
Inference System

Fuzzy Inference
System

Figure 7: Graph of performance parameters

Figs. 8a and 8b display one of the samples of output generated by 1st and 2nd layers of the
proposed multilayered fuzzy inference system for the diagnosis of liver fibrosis disease, respectively.

Figure 8: Rule view of (a) layer 1 of the developed system, (b) layer 2 of the developed system

The proposed methodology is tested by using 160 different test samples. The various performance
measures are taken under consideration to measure the performance of the developed model. Addi-
tionally, a comparative study is conducted in which different methodologies, which mainly concentrate



CSSE, 2023, vol.46, no.3 3577

on the detection of liver fibrosis, utilized by the authors in the previous year or literature are compared
with the proposed system is given in Table 8 and Fig. 9.

Table 8: Proposed model vs. existing ones

Author name Methodology used Performance of the system

Ahmed et al. [58] Image processing Classification accuracy: 83.7%
Sarvestany et al. [59] Ensemble learning Classification accuracy: 75.5%
Zhu et al. [60] Artificial neural network Classification accuracy: 86%
Zhou et al. [61] Deep convolution neural network Classification accuracy: 88%
Ayeldeen et al. [62] Decision tree Classification accuracy: 93.7%
Proposed Work Multilayer fuzzy inference system Classification accuracy: 95%

Figure 9: Comparison of proposed systems with existing systems

Rather than the classification accuracy, the developed system also takes less computational time
as compared to the considered papers. This is because, in the methodology part, the inputs are divided
into two layers; as a result of it, the rules of the system are also divided into two parts, i.e., 162 rules
for layer 1 and 1458 rules for layer 2. However, if a single-layer fuzzy layer is utilized, then these rules
are integrated, and the complexity of the model will also be increased. As a result, the computational
time will also enhance. But, the methodology of using a multilayer fuzzy inference system overcomes
this limitation and provides less complexity and time of computation as compared to other ML
methodologies. Hence, the most crucial benefits of the developed model are that the methodology used
is easy and simple as compared to the approaches cataloged in Table 8. Additionally, these approaches
can only work with numeric data sets. However, fuzzy logic can handle the fuzzy set of inputs.

The experimental results of the research work depict that the proposed system based on fuzzy
logic has 95% accuracy for classifying patients having liver fibrosis in their correct stages. The testing
of the system suggests that the methodology used can differentiate the liver as having no damage,
minimal damage, significant damage, severe damage, and cirrhosis. Additionally, the most widely used
approach in this disease diagnosis is image processing [63–66]. But, this approach fails to detect it
until or unless any physical symptoms have appeared in the liver. Therefore, the comparative study
also showed a positive result as the introduced model acquired the maximum classification accuracy
among all the considered methodologies, which were used by other authors for the same purpose.
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5 Conclusion

In this work, an expert system has been developed by utilizing the Mamdani fuzzy inference
system, which is capable of detecting liver fibrosis by giving certain inputs related to a patient. The
work done can fulfill the main objective of the research. A supportive tool has been developed, which
is quite easy and uncomplicated to use for medical professionals as well as for inexperienced doctors.
The system can also be used by doctors who are in their training phase. Hence, this developed system
can detect and diagnose LF and can be used in real-life applications. The accuracy is evaluated of
the developed system is 95%. Similarly, the performance parameters like sensitivity, specificity, and
precision are calculated as 97.14%, 92%, and 94.44%, respectively. The limitation of this paper is that
it used only a few input variables, as with the increase of inputs, it is challenging to make an adequate
decision for the membership function. Moreover, the number of rules is also directly proportional
to the number of MFs for each input. Therefore, with the increasing number of inputs and their
corresponding membership function, the number of rules will also increase, which are complex to
handle, and also it will take more computational time if the rules are huge in number. However,
the comparative study also showed a positive result as the introduced model acquired the maximum
classification accuracy among all the considered methodologies, which were used by other authors for
the same purpose.

In future work, the system’s performance can be increased. The productivity of the developed
model can also be enhanced. Other techniques of soft computing, such as neural networks, genetic
algorithms, and ANFIS can also be applied to enhance these parameters. The risk factors or causes
such as type 2 diabetes, obesity, heavy alcohol use, nonalcoholic steatohepatitis (NASH), and chronic
HCV infection, which are used as the input variables in the developed system for the diagnosis of LF
disease, can also be increased to enhance the productivity of the particular system.
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