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Abstract— Ontologies are relatively a new way of defining and 

storing knowledge and it describes a certain domain by dividing 

it into several concepts. It describes the relations between those 

concepts and finds many applications in all fields including 

disease diagnosis. Patients are diagnosed by medical doctors 

based on the signs and symptoms of the disease which may 

sometimes be misinterpreted due to lack of correct 

understanding/interpretation of information resulting in wrong 

treatment. In this paper, a computational model based on 

ontology is presented to reduce brain tumour misdiagnosis 

thereby making correct treatment decisions. This ontological 

representation provides structured knowledge in machine 

understandable form which can be shared across multiple 

platforms and uses a common vocabulary thereby helping in 

proper treatment. 

Index Terms— Ontologies, Diagnosis, Brain tumour, Decision 

making. 

I. INTRODUCTION

Recent developments of communications technologies and 

Ontology is a Greek term [1] that deals with the nature of 

existence. In computer science, ontology refers to 

computational use of encoding human knowledge. Artificial 

Intelligence refers ontology as shared conceptualization 

specification [2] which is individual knowledge in a domain 

obtained with experience [3]. When many domain experts 

work on ontology with shared conceptualizations, it leads to 

unique representation called formal representation language. 

The result of a formal representation is a compilation of 

entities, expressions and axioms.  

Entities signifies concepts or classes and its instances, data 

types, literals and properties. Expressions represents 

descriptions of entity in language like Web Ontology Language 

(OWL),  built on eXtensible Markup Language (XML), 

Resource Description Framework (RDF) and RDF-Schema 

(RDF-S) standards[4] thereby providing highly expressive 

means of knowledge representation. There are three 

sublanguages of OWL namely OWL-Lite, OWL_DL and 

OWL-full. 

Axioms find relationship among entities. This relationship 

can be between classes, individual to class and between 

property. Reasoners are used for inferring the relations 

depending on logic relations of concepts. Any ontology can be 

visualized as graph, with nodes as concepts and relations as 

edges.  In semantic web, ontology provides a method to add 

meta information using software agents. A concept or a class is 

the biggest ontology component that contains many attributes. 

The most commonly viewed ontologies are SNOMED Clinical 

Terms, National Drug File, International Classification of 

Diseases, MedDRA and NCI Thesaurus.   

The Systematized Nomenclature of Medicine Clinical 

Terms (SNOMED CT) is a biomedical ontology covering 

drugs diseases, operations, medical devices and symptoms etc. 

It may be used for the coding, retrieval and processing of 

clinical data.  SNOMED CT is a formal logic-based syntax  

containing hierarchies and is a combination of UK National 

Health System’s (NHS) Read codes and SNOMED Reference 

Terminology (SNOMED-RT), developed by the college of 

American Pathologists. 

The National Drug File Reference Terminology (NDF-RT) 

is a formalized depiction for medication terminology arranged 

into concept hierarchies, with each concept is a node 

containing a list of term synonyms and a unique identifier. 

Top-level concepts are more general than lower-level ones and 

NDF-RT more than 45000 concepts in hierarchies of maximum 

depth 12. The International Statistical Classification of 

Diseases and Related Health Problems (ICD) is a terminology 

which attempts to classify signs, symptoms and causes of 

disease and morbidity and it appeared in the mid-19th century 

and is now maintained by the World Health Organization 

(WHO).  

The Medical Dictionary for Regulatory Activities 

(MedDRA) deals with biopharmaceutical regulatory processes 

and has terms associated with all phases of the drug 

development cycle. MedDRA has hierarchical structure of 

fixed depth, as shown in Fig. 1.  System Organ Classes (SOCs) 

represent the 26 predefined overlapping hierarchies in which 

terms belong to. High Level Group Terms (HLGTs) and High 

Level Terms (HLTs) are general term groupings, denoting 

disorders or complications.  
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Preferred Terms (PTs) denote the preferred name for a 

concept, while Lowest Level Terms (LLTs) means terms of 

maximum specificity.  In a formal ontology, a concept cannot 

be a child of itself.  In MedDRA, this clearly happens, when a 

PT and its LLTs share a synonymy relation. 

 

 
 

Fig. 1 Structure of  MedDRA terminology 

 

The National Cancer Institute Thesaurus (NCIT) is a 

controlled terminology for cancer research where the thesaurus 

is converted to formal OWL syntax and updated at fixed 

intervals.  The conversion was not an easy one; many 

inconsistencies and modeling dead-ends that were encountered 

in the conversion procedure have been documented [5] with 

violations of ontological principles [6].  

This paper puts forward a computational model based on 

ontology representation, which is used to support decision-

making in clinical diagnostic generation from input data like 

medical history and risk factors. This model is able to infer a 

list of likely clinical diagnoses relying on a mechanism of 

inference (rules) on the stored information. The model is based 

on ontologies due to its ability to represent and share 

knowledge in an automated manner, the use of a shared 

vocabulary in the field of medical diagnostics and the ability to 

formalize knowledge in ontological language accepted as 

standard. In addition, ontologies are able to  infer new 

knowledge by relying  on  inference  machines,  so  they  are  a  

novel  technology  to  knowledge representation in order to 

improve diagnosis process from certain medical conditions, 

such as semiotics, medical history and risk factors.  

The paper is organized as follows. Section 2 presents the 

related work in medical diagnosis and the theoretical 

foundations of knowledge representation based on ontology. 

Section 3  provides the knowledge representation model based 

on ontology proposed and. section 4 presents the 

implementation of the proposed ontology,  which  sets  in  all  

classes,  relationships  and  instances  of  our  ontology. 

Finally, Section 5 presents the conclusions.  

 

II. LITERATURE REVIEW 

In literature, many studies supports the process of carrying 

out medical diagnosis and two methods are identified: a) the 

learning-based on C4.5 [7]  and diagnosis based on Support 

Vector Machines (SVM) algorithm is discussed in [8], b) rule 

based approaches  generated manually by experts [9] and [10]. 

There is no method cited that support ontology to represent 

medical knowledge and perform clinical diagnosis and 

treatment. The knowledge representation based on ontology is 

a technique that has been used in domains such as 

bioinformatics and molecular biology. In order to capture 

existing processes in these domains [11], a protein ontology is 

proposed in [12] to support computer systems in biology in 

general providing a proper interpretation of the data, and to 

model the relationships in proteins. [13] proposes a model of 

an ontology-based annotation for disease phenotypes, which 

facilitates the discovery of new phenotype-genotype 

relationships among species. Research on ontology-supported 

medical diagnosis is a challenging task that has no 

investigation involved.  

Knowledge representation of diagnosis has been addressed 

from other perspectives as probabilistic and logic based 

approaches. Hence, [14] proposes an approach that uses 

Bayesian networks in order to argue and deal with the 

uncertainty problem of fault diagnosis well, the Bayesian 

network structure is established according to the cause and 

effect sequence of faults and symptoms, which are the only 

medical conditions considered in the model of authors; [15] 

applies the concept of a fuzzy set as knowledge representation 

to improve the decision making process.  

In this research, an attempt is made to develop a disease 

diagnosis and treatment system. The system is evaluated using 

symptoms that are added to clinical data in determining brain 

tumour and its severity. [16] provides an approach to create a 

new medical knowledge representation model, based on the use 

of probabilistic theory. Their work start from the description, 

realized by an expert of the medical knowledge describing the 

relation between symptoms and diagnoses. The proposed 

approach consists of building a probabilistic model including 

the medical knowledge base. 

 

III. PROPOSED KNOWLEDGE REPRESENTATION 

MODEL 

This paper puts forward an ontological model to represent 

medical information, which facilitates in obtaining a brain 

tumour diagnosis. The information is modeled based on the 

concepts disease, symptoms, causes, treatment and diagnosis. 

The proposed ontological model is presented in a modular 

fashion, which has been divided into the five sections. Five 

sub-ontologies  created for the complete brain tumour model 

are Diseases, Symptoms, causes, diagnosis and treatment. 

Figure 2 shows the complete model of the brain tumour disease 

ontology and their relationships between sub-ontologies.  
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A. Brain Tumour Disease Ontology 

Diseases ontology has the disease class and subclasses: like 

pituitary tumour, Pineal tumour, Primary tumour, cyst, high 

grade or low grade malignant tumour.  

 

 
Figure 2: Brain tumour disease treatment model 

 

 

 
Fig. 3 Root Class Hierarchy of brain tumour with protege 

 
Fig. 4 Object properties 

 

 
Fig. 5 Brain Tumour Disease ontology 

 

Disease class is related to class diagnosis, symptom, causes 

and treatment. Figure 3 shows the root class hierarchy and 

figure 4 gives the nine object relations. Figure 5 shows the 

Brain tumour diseases ontology with some examples of 

subclasses and their corresponding relationships. The present 

and not Present relations express the absence or presence of 

certain disease symptoms. Is a high grade /low-grade gives the 

malignancy level of tumour and caused by relationship 

provides the environmental or genetic cause 

B. Brain Tumour Symptoms Ontology 

Symptoms ontology shapes knowledge presented in the 

disease symptoms. The main class of this ontology is Symptom 

which has four relationships like results_in, leads_to, causes. 

Examples of Symptom class instances are: headache, 
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confusion, change in behaviour, neck pain, hearing loss and 

neck pain. Figure 6 provides the brain tumour symptoms 

ontology. 

 
Fig. 6 Brain Tumour Symptoms Ontology 

 

C. Brain Tumour Causes Ontology 

 The causes ontology provides the cause for the disease and 

has two subclasses which can be environmental or genetic. The 

instances of these classes are agricultural/industrial chemicals, 

cured food, alcohols, smoking, birth control pills, headache, 

sleeping pills for environment subclass and chromosome 

changes, gorlins, turcots, tuberous sclerosis etc for genetic 

class. Figure 7 shows the ontology to represent the causes for 

the disease which can be genetic or environmental.  

 

D. Diagnosis and Treatment Ontology 

The presence or absence of the disease is diagnosed by CT 

or MRI The treatment ontology has relations like treated by, 

cured by etc. The treatment can be done by instances like 

biopsy, chemotherapy, medication, neurosurgery and radiation 

therapy. Figure 8 shows the disease treatment ontology. 

 
Fig. 7 Brain Tumour Cause Ontology 

 
 

Fig. 8    Brain Tumour Treatment Ontology 

 

IV. ONTOLOGY IMPLEMENTATION 

The implementation of ontology was made relying on the 

framework based on knowledge and ontology editor called 

Protégé [17]. The implementation of ontology was made 

relying on the framework based on knowledge and ontology 

editor called Protégé [17]. The ontology was encoded using the 

Web Ontology Language in its version 2.0, which provides 

classes, properties, individuals and data type values [18]. This 

language is stored as documents under the Semantic Web 

standards. 

The brain tumour ontology has 5 main classes and 22 

subclasses (28 classes or concepts as whole), 24 relations of 

data type, 9 object type relations. For diagnosis and treatment, 

the input data is mapped with information stored in ontology 

and result are obtained. The information stored in  brain 

tumour ontology by classes, relations, individuals and types of 

data is validated and accepted by a group of medical experts  

that enables the exchange of knowledge, the use of a common 

vocabulary in applications that are supported by this ontology 

and reuse of knowledge represented.  

 
Fig 9 Brain Tumour Ontology implementation with protégé 
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Fig.10 Cause ontology implementation with protégé 

 

Figure 9 provides the hierarchy of brain tumour disease 

ontology implemented with protégé. Figure 10 provides the 

cause ontology implementation, Figure 11 provides the 

diagnosis and symptom ontology implementation. Figure 12 

provides the brain tumour treatment hierarchy implementation 

with protege.  The treatment ontology has 16 instances which 

signify the different methods of cancer treatment. 

 

 
Fig. 11 Diagnosis and Symptom hierarchy implementation 

with protégé 

 

 
Fig. 12  Treatment implementation with protégé 

 

CONCLUSION 

This paper integrates ontological concepts (classes), real 

entities (entities or individuals) and interactions between 

classes (relations) and helps in decision making by doctors. 

These elements add the meaning and information necessary to 

perform brain tumour diagnosis. The ontological model 

focuses on five sub-ontologies Brain tumour Disease, 

Symptoms, Cause, Treatment and Diagnosis. Brain tumour 

diseases ontology represents the base model, symptoms 

ontology represent the information leading to disease, cause 

ontology represent the base cause of the disease, diagnosis 

ontology represents CT or MRI scan for finding the presence 

of disease and treatment ontology provides the treatment 

available for the disease. For obtaining the probable diagnosis, 

fuzzy inference rules to extract knowledge has to be designed 

in which research work is continued. The automatic generation 

of rules will help or support the physicians in decision-making 

for making final diagnosis. Further work on ontological model 

can add more classes and relations, which can further 

strengthen the knowledge base. 
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