
Abstract
Liver disease or disorder (LD) is a global public health phenomenon 
that has continued to rise due to cases of excessive consumption 
of alcohol, inhaling of harmful gases, intake of contaminated food 
and drugs. The disease results in liver deterioration due to eventual 
replacement of liver tissues by fibrous scar tissues causing it to 
lose its ability to regulate the metabolic activities of the blood and 
digestive system. The symptoms depend on the type and extent 
of the disease and may include; prolonged feelings of fatigue, 
loss of appetite (anorexia), nausea, swollen legs (edema), weight 
loss, abdominal pain and bloating due to fluids accumulating in 
the abdomen of patients (ascites). The disease is diagnosed based 
on the liver functional tests (LFT) and clinical symptoms. In this 
paper we present a Fuzzy cluster means (FCM or fuzzy C-Means) 
model for the analysis of blood albumin and clinical symptoms to 
identify liver disorders. Application of cluster analysis involves 
a sequence of methodological and analytical decision steps that 
enhances the quality and meaning of the clusters produced. The 
uncertainties often associated with analysis of LFT test and clinical 
data are eliminated by the proposed system.
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I. Introduction
Liver disease (LD) is a global public health problem. Cases of the 
disease caused by inflammation or damaged hepatocytes ranks 
among the top ten fatal diseases in the world. On a worldwide 
scale, liver cancer or more specifically hepatocellular carcinoma 
(HCC) remains the third most common cause of cancer related 
deaths and the fifth most frequent cancer with an estimated 560,000 
new cases every year [1, 2].  Cases of patients with LD continues 
to rise because of excessive consumption of alcohol, inhalation 
of harmful gases, intake of contaminated food and drugs that is 
prevalent worldwide. The liver is largest internal organ in the 
human body, playing a major role in the body’s metabolism, serving 
several vital functions that supports every other organ in the body 
and is vital for our survival. LD can be diagnosed by analyzing 
the levels of enzymes in the blood. Liver function tests (LFTs) 
are a group of blood tests that can help show how well a person’s 
liver is working. LFTs include measurements of albumin, various 
liver enzymes (e.g. alkaline phosphates (ALP), gamma glutamyl 
transferase (GGT), serum glutamic oxaloacetic transaminase 
(SGOT), gamma-glutamyl transpeptidase (GGTP), serum gamma-
glutamyl transpeptidase (SGTP)), bilirubin, prothrombin time, 
cholesterol and total protein. All of the tests can be performed 
at the same time. SGOT is not only found in the liver. It is also 
normally found in the heart, muscle, brain, and kidney tissue. 
Injury to any of these tissues can cause an elevated blood level. 
ALP is an enzyme in the cells which line the biliary ducts of the 
liver. ALP is also found in other organs including bone, placenta, 
and intestine. When ALP is elevated, another test known as GGT 
can be ordered by the doctor to confirm that the elevated ALP is 
being derived from the liver or biliary tract. GGT is an enzyme 

which is useful when compared to ALP. By comparing this two, 
determines if a patient has bone or liver disease. Problems with 
liver patients are not easily discovered in an early stage as it will 
be functioning normally even when it is partially damaged. An 
early diagnosis of liver problems will increase patients’ survival 
rate. The design of an effective diagnosis model is therefore an 
important issue in LD treatment. Fuzzy logic provides a means 
for representing and manipulating data that are not precise, but 
rather fuzzy. Fuzzy logic presents an inference morphology that 
enables appropriate human reasoning capabilities to be applied to 
knowledge-based systems. The theory of fuzzy logic encompasses 
a mathematical strength to capture the uncertainties associated 
with human cognitive processes. 
This paper presents a Fuzzy Cluster Mean (FCM) knowledge 
based model for the diagnosis of LD. FCM clustering algorithm is 
being used as the problem solving and reasoning algorithm in the 
inference engine of the knowledge base system for the evaluation, 
classification and matching of patterns to more than one class of 
LD. Statistics, Neural network and clinical physiology are also 
incorporated. The main objective is to classify and match any 
individual independently with more than one cluster depending 
on the degree of membership. In Section II, the literature review 
on the disease domain and FCM algorithm is presented. In Section 
III, the FCM model of knowledge base system for the classification 
of LD pattern is presented.  The method of fuzzy analysis for the 
physiological symptoms and LFTs is described in Section IV, 
Experimental results are explained in Section V and conclusion 
is drawn in Section VI.

II. Literature Review 

A. Types of Liver Disorders
The liver is a vital organ present in all humans; there is currently 
no way to compensate for the absence of liver function. Cases 
of patients with LD continues to rise because of excessive 
consumption of alcohol, inhalation of harmful gases, intake of 
contaminated food and drugs that is prevalent worldwide. Many 
disorders of the liver are direct or indirect consequence of excessive 
alcohol consumption, inhalation of harmful gases, and intake of 
contaminated food, drugs or harmful chemicals. They are many 
forms of LDs, but for the purpose of this paper we shall consider 
five of them [3, 4]:
• Alcohol-induced LD
• Fatty LD
• Alcoholic hepatitis
• Alcoholic cirrhosis
• Liver cancer  

1. Alcoholic induced LD
Alcoholic LD is a long-term damage to the liver from extensive 
alcohol use, leading to loss of liver function.  The more alcohol 
consumed on a regular basis and the longer the alcohol use lasts, 
the greater the risk of developing the disease. Symptoms of the 
disease include; abdominal pain, tenderness, jaundice (yellowing 
of the skin and whites of the eyes), fatigue, and nausea, dry 
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mouth (polydypsia), excessive urination (polyuria), increased 
thirst, anorexia, edema and ascites when cirrhosis develops (end 
stage).

2. Fatty LD
Fatty liver disease is the result of the accumulation of excess fat in 
liver cells. Fatty tissue slowly builds up in the liver when a person’s 
diet exceeds the amount of fat his or her body can handle. Simple 
fatty liver can be a completely malignant condition and usually 
does not lead to liver damage. However, once there is a buildup of 
simple fat, the liver becomes vulnerable to further injury, which 
may result in inflammation and scarring of the liver. Symptoms 
include; discomfort in the abdomen at the level of the liver, fatigue, 
a general feeling of being unwell and vague discomfort.

3. Alcoholic Hepatitis
This is an inflammation of the liver that is usually caused by 
chemicals that are intentionally or unintentionally inhaled or 
consumed, viruses and alcohol abuse. It often starts with a flu-
like symptom, others include; nausea, vomiting, fever, jaundice, 
slight pain in right upper abdomen, sore muscles, joint pain and 
itchy red hives on skin.

4. Alcoholic Cirrhosis
Alcoholic cirrhosis is a condition that results from permanent 
damage or scarring of the liver. This leads to a blockage of 
blood flow through the liver and prevents normal metabolic and 
regulatory processes. It can be caused by a variety of conditions 
but usually a result of chronic hepatitis, alcoholism, or chronic bile 
duct obstruction. Cirrhosis often has no signs or symptoms until 
liver damage is extensive. Symptoms include; fatigue, bleeding 
easily, easy bruising, ascites, anorexia, nausea, edema and weight 
loss.

5. Liver Cancer
Liver cancer or hepatocellular carcinoma (HCC) is a cancer arising 
from the liver. It is also known as primary liver cancer or hepatoma. 
It is caused by increased risk with cirrhosis and chronic hepatitis 
usually resulting in HCC or liver tumor. Symptoms include; 
abdominal pain, jaundice, ascites and easy bruising.

B. Diagnostic Procedures for Liver Disorders
In addition to complete medical history and physical examination, 
diagnostic procedures for LD may include [5]: 
• Laboratory tests (complete blood count test, computed 

tomography (CT) scans and ultrasound of the abdomen)
• Liver function tests - a series of special blood tests that can 

determine if the liver is functioning properly, and 
• Liver biopsy.

C. Overview of Fuzzy Cluster Means (FCM) Algorithm
Clustering involves the task of dividing data objects into 
homogeneous classes or clusters so that items in the same class 
are as similar as possible and items in different classes are as 
dissimilar as possible [6]. Clustering can also be thought of as a 
form of data compression, where a large number of samples are 
converted into a small number of representative prototypes or 
clusters [7]. Depending on the data and the application, different 
types of similarity measures may be used to identify classes, where 
the similarity measure controls how the clusters are formed. Some 
examples of values that can be used as similarity measures include 
distance, connectivity, and intensity [8]. In non-fuzzy or hard 
clustering, data is divided into crisp clusters, where each data 

point belongs to exactly one cluster [9]. In fuzzy clustering, the 
data points belong to a cluster to some degree that is specified by 
a membership grade which indicates the degree to which the data 
points belong to the different clusters.

FCM is a data clustering technique in which each data point belongs 
to a cluster to some degree that is specified by a membership 
grade. It is an improvement over earlier clustering methods, it 
provides a scheme for grouping data points that populate some 
multidimensional space into a specific number of different clusters. 
The FCM algorithm is one of the most widely used fuzzy clustering 
algorithms. The algorithm attempts to partition a finite collection 
of elements X={X1, X2, ..., Xn} into a collection of c fuzzy clusters 
with respect to some given criterion.  Given a finite set of data, the 
algorithm returns a list of c cluster centers V, such that V = Vi, i=1, 
2, …, c and a partition matrix U such that U = Uij , i =1,..., c; j =1,..., 
n. Where Uij is a numerical value in [0, 1] that tells the degree to 
which the element Xj belongs to the ith cluster. The following is a 
linguistic description of the FCM algorithm implemented using 
fuzzy logic which we have modified from [10]:
Step 1: Select the number of clusters c (2 ≤ c ≤ n), exponential 
weight μ (1 < μ < ∞), initial partition matrix U0, and the termination 
criterion ε. Also, set the iteration index 1 to 0.
Step 2: Calculate the fuzzy cluster centers  
by using U1.
Step 3: Calculate the new partition matrix U1+1 by using

. 
Step 4: Calculate the new partition matrix =   = 
|
If > ε, then set i = i + 1 and go to step 2. If ≤ ε, then stop.
The initial cluster centers are computed in two ways; Arithmetic 
Mean of all the data points or running FCM several times each 
starting with different initial cluster centers. In this work the first 
method is adopted.

III. Model of FCM for Classification of Liver Disorders  
In [1] and [2], a Bayesian classification and rule extraction of 
blood albumin patterns were presented. The architecture for 
matching and classification of human behavioral pattern in [11] 
was also studied.  In this work, we present an architecture model 
of the fuzzy C-means expert system for the diagnosis of LD as 
shown in Fig. 1. It is comprised of a Knowledge base system, 
Fuzzy C-means inference engine and decision support module. 
The knowledge base consist of4the demographic details of the 
patients, the observed clinical symptoms and LFTs data.  The 
values of the clinical symptoms and the ancillary LFTs are vague 
and imprecise hence the adoption of fuzzy logic as a means of 
analyzing these information. These values therefore constitute the 
fuzzy parameters of the knowledge base.  The fuzzy set of the 
clinical symptoms characteristics is represented by ‘P’ which is 
defined as:  P = {p1, p2, …, pn} where pi represents the jth parameter 
and n is the total number of parameters (in this study, n= 20). 
Neural network provides the structured intelligent learning for 
all forms of LD symptoms, which serves as a platform for the 
inference engine. The inference engine consists of reasoning 
algorithms, driven by production rules. These production rules 
are evaluated by using the forward chaining approach of reasoning. 
The fuzzy logic and Fuzzy C-means algorithm provides the rules 
for the partitioning of patients into a number of homogenous 
clusters with respect to a suitable similarity measure. In this paper, 
the patients were classified into five forms of LD according to a 
liver expert physician.
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Fig. 1: Architecture of FCM knowledge base for diagnosis of 
liver disorders

IV. Methodology
The expert system which employ Fuzzy C-Means for the diagnosis 
of LDs is developed in an environment characterized by Microsoft 
Window XP professional Operating System, Microsoft Access 
Database Management system, Visual Basic Application Language 
and Microsoft Excel. Neuroph and Crystal reports were used for 
neural network analysis and graphical representation [12]. An 
approach for analyzing clusters to identify meaningful pattern for 
determining whether a patient suffers from LD or not is presented. 
The system provides a guide for diagnosis of LDs within the 
decision making framework. The process for the medical diagnosis 
of LD starts when an individual consults a physician (doctor) 
and presents a set of complaints (symptoms). The physician then 
requests further information that will further aid in the proper 
diagnosis of the disease. 
Data collected include patient’s previous state of health, living 
condition and other medical conditions. When diagnosing LD, the 
physician looks at the patient’s symptoms and conducts a physical 
examination. In addition, the physician may request a liver biopsy, 
liver function tests, an ultrasound, CT scan, and/or a magnetic 
resonance imaging (MRI) scan. From the symptoms presented 
by the patient, the physician narrows down the possibilities of 
the illness that corresponds to the apparent symptoms and make 
a list of the conditions that could account for what is wrong with 
the patient. These are usually ranked in possibility order (Low, 

Moderate and High). When the list has been narrowed down to a 
single condition, it is called differential diagnosis and provides the 
basis for a hypothesis of what is ailing the patient. The examining 
physician accounts for possibilities of having LD through an 
interview, physical examination, LFT tests or liver biopsy. LFT 
test is used for identifying the presence of certain liver enzymes 
in the blood. A thorough diagnostic evaluation may include a 
complete history of; when the symptoms started, how long the 
symptoms have lasted, how severe it has been and having occurred 
before, was it treated and what treatment was received.

V. Experimental Results and Discussions
To design the FCM knowledge base system for diagnosis of LDs, 
we design a system which consists of a set of parameters needed 
for diagnosis as presented in Table 1.

Table 1: Clinical signs and symptoms of LD 
S/No. Clinical Signs and Symptoms
1 Jaundice (yellow skin or eyes)
2 Vomiting
3 Fever
4 Nausea
5 Slight pain in right upper abdomen
6 Ascites
7 Edema
8 Sore joint pain
9 Fatigue
10 Weight loss
11 Anorexia
12 Bleeding and bruising easily
13 Mood swing (depression)
14 Itchy red hives on skin
15 Polydypsia
16 Increased thirst
17 Headaches
18 Spasms and Tremors
19 Dizziness
20 Polyuria

We obtained a random record of 50 patients from the University of 
Uyo teaching hospital (UUTH) and University of Benin teaching 
hospital (UBTH) in Nigeria respectively. Our dataset is made up of 
20 clinical attributes, 5 LFT test reports and alcohol consumption 
level which are thought to be sensitive to liver disorders that might 
arise from excessive alcohol consumption. From the dataset we 
extract 70% of data for training using Neuroph Java Neural Network 
Framework algorithm to classify the datasets. Training, testing 
and validation were preformed. The correct classified records are 
stored in the knowledge base. We perform rule extraction with 
the correct classified data. The fuzzy rules were developed for the 
inference engine based on the nature of the normal amounts of 
the liver enzymes in the blood and the normal acceptable volume 
of alcohol as shown in Table 2.
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Table 2: Normal range of liver enzymes and alcohol (Modified 
from [5]).

Variable Description Normal Level

MCV Mean corpuscular 
volume

2 - 31 picograms/
cell

ALP Alkaline 
Phosphates

20 - 140 IU/Lψ

GGT or 
GGTP

Serum glutamic 
oxaloacetic 
transaminase

5 - 40 IU/L

SGTP Gamma-glutamyl 
transpeptidase

4 - 36IU/L

SGOT Serum glutamyl 
transpeptidase

8 – 33 IU/L

Drink 
(alcohol)

No. of alcoholic 
beverage drunk per 
day

0.2 – 1 L 

[ψ = International Unit per Litre]

Based on membership grades the variants of MCV consist of small, 
medium and high. Variants for SGOT, SGTP, ALP and GGTP are 
low, normal (norm) and high. The fuzzy rule for identifying LD 
type is given as follows:
Rule 1: if(mcv=high)&(alp=norm)&(sgot=norm)&(ggtp=high)
&(sgtp=norm)&(Drink=high)=Type1
Rule 2: if(mcv=high)&(alp=norm)&(sgot=norm)&(ggtp=norm)
&(sgtp=high)&(Drink=high)=Type2
Rule 3: if(mcv=high)&(alp=norm)&(sgot=high)&(ggtp=norm)
&(sgtp=norm)&(Drink=high)=Type3
Rule 4: if(mcv=high)&(alp=high)&(sgot=norm)&(ggtp=norm)
&(sgtp=norm)&(Drink=high)=Type4
Rule 5: if(mcv=high)&(alp=high)&(sgot=high)&(ggtp=high)&(
sgtp=high)&(Drink=high)=Type5
Where, Type 1= Alcoholic Hepatitis; Type 2 = Alcoholic cirrhosis; 
Type 3 = Fatty LD; Type 4 = Alcoholic induced LD and Type 5 
= Liver cancer.

In this study, the patients were classified into five forms of LD.  
Alcohol induced LD refers to patients experiencing six or less 
of the clinical symptoms and a high membership grade for four 
LFTs.  Alcohol Hepatitis refers to patients who have seven or 
more of the clinical symptoms and a high membership grade for 
four LFTs. Alcohol cirrhosis refers to patients whose liver tissues 
are damaged and experience ten or more of the clinical symptoms 
with reduced level of blood albumin in the LFTs. Fatty LD refers 
to patients experiencing four or less of the clinical symptoms and 
a high membership grade for five LFTs. Liver cancer refers to 
patients having HCC, a cancer disease of the liver having all the 
symptoms of Alcohol cirrhosis with an elevated level of blood 
albumin in the LFTs. Each of the symptoms highlighted in Table 
1 is represented with P (starting from 1 – 20, i.e., P1- P20). From 
Table 3, it is shown that from the various degrees of membership 
there are no unitary (crisp) coefficients, indicating that each 
data point belongs to more than one cluster. For example P11 = 
(0.10/c1 +0.03/c2+0.30/c3+0.52/c4+0.05/c5) where c1, c2, …, c5 
are clusters, and in this study represents Alcohol induced LD, 
Fatty LD, Alcohol Hepatitis, Alcohol cirrhosis and Liver cancer 
respectively. This represents the degree of membership of P11 in 
terms of percentage as 52%, 30%, 10%, 3% and 5% match for 

Alcohol cirrhosis, Alcohol Hepatitis, Alcohol induced LD, Fatty 
LD and Liver cancer respectively.

Table 3: FCM membership grade of all patients in all clusters 

Symptom 
Code

Degree of membership

Cluster 
1

Cluster 
2

Cluster 
3

Cluster
4

Cluster 
5

P01 0.32 0.03 0.31 0.04 0.30
P02 0.03 0.14 0.60 0.13 0.10
P03 0.06 0.03 0.75 0.03 0.13
P04 0.02 0.04 0.33 0.30 0.30
P05 0.28 0.60 0.03 0.05 0.04
P06 0.51 0.04 0.02 0.03 0.40
P07 0.65 0.05 0.05 0.10 0.15
P08 0.03 0.02 0.53 0.22 0.20
P09 0.27 0.53 0.08 0.05 0.07
P10 0.08 0.04 0.06 0.62 0.20
P11 0.10 0.03 0.30 0.52 0.05
P12 0.04 0.02 0.03 0.40 0.51
P13 0.81 0.05 0.04 0.04 0.06
P14 0.02 0.02 0.75 0.11 0.10
P15 0.70 0.07 0.08 0.10 0.05
P16 0.70 0.06 0.10 0.06 0.08
P17 0.20 0.11 0.53 0.10 0.06
P18 0.70 0.06 0.04 0.11 0.09
P19 0.31 0.60 0.02 0.03 0.04
P20 0.12 0.50 0.08 0.10 0.20

The FCM clustering distribution in Fig. 2 depicts a total of six 
symptoms with high degree of membership of Alcohol induced 
LD, four symptoms with high degree of membership of Fatty 
LD, five symptoms with high degree of membership of Alcohol 
hepatitis, three symptoms with high degree of membership 
of Alcohol cirrhosis and two symptoms with high degree of 
membership of liver cancer.

Fig. 2: Graphical representation of membership grades of LD 
clinical symptoms.

VI. Conclusion
In spite of the constant advancement in the field of medical sciences, 
diagnosis of disease remains a challenging task. Liver disease in 
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particular is not easily discovered at its initial stage, early diagnosis 
of this leading cause of mortality is therefore highly important. 
As a part of the ongoing efforts to make diagnosis more effective, 
this study accordingly developed a fuzzy cluster means system 
to support the diagnosis of liver disorders using a set of clinical 
signs and symptoms with LFTs. The classification, verification and 
matching of symptoms to the five groups of clusters was necessary 
especially in some complex scenarios. This paper demonstrates the 
practical application of soft computing in the domain of diagnostic 
pattern appraisal by determining the extent of membership of 
individual symptoms. Our model allows for the classification of 
and matching of cluster groups to liver disease symptoms. The 
experimental results show that the proposed model can improve 
the quality of LD diagnostics. 
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