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Abstract. There is a numerous demand for a standard representation
of the ubiquitous available information on the web. Developing an effi-
cient algorithm for traversing large ontologies is a key challenge for many
semantic web applications. This paper proposes spreading activation over
ontology method based on bidirectional search technique in order to
detect the relatedness between two human diseases. The aim of our work
is to detect disease relatedness by considering semantic domain knowl-
edge and description logic rules to identify diseases relatedness. The pro-
posed method is divided into two phases: Semantic Matching and Disease
Relatedness Detection. In Semantic matching phase, diseases in submit-
ted query are semantically identified in the ontology graph. In Disease
relatedness detection phase, disease relatedness is detected by running a
bidirectional-based spreading activation algorithm and return the related
path (set of diseases) if so. In addition, the classification of these diseases
is provided as well.

Keywords: Bidirectional search + Disease ontology * Semantic web -
Spreading activation

1 Introduction

The use of ontologies in the field of health informatics has become a mainstream
activity within bioinformatics due to the vast growing of healthcare system. In
bioinformatics, ontology is used for representing and organizing medical vocabu-
laries. Spreading Activation (SA) could be run on semantic networks and could
also be used for information retrieval process [2]. Spreading activation is appro-
priate to run on incomplete and large graphs. It runs on a graph structure that
comprises a set of nodes connected by edges in which concepts are nodes with an
activation value and the relations between them are represented by edges. An acti-
vation value is assigned to each node in the graph and then the algorithm spreads
to the nodes with the higher activation value. The algorithm runs in a set of itera-
tions and terminates when a stopping condition is reached. The output is a list of
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activated nodes within each iteration. For each iteration or cycle, there are three
substantial actions: (1) The list of nodes is expanded by adding adjacent nodes
(all nodes which have links to the nodes in the list), (2) The activation value at
each node in the list is recomputed based on the activation value of the node itself
and the weight of links which exist between other nodes, and (3) The list is filtered
by excluding the nodes with activation values less than a given threshold. Below
a group of definitions related to the proposed methodology:

— Semantic Relation: A semantic relation between any two concepts in the
ontology is one of the relations among the set of semantic relations > =
{Hypernym, Hyponymy, Synonymy},

— Hyponym, Hypernym: a hyponym is a word whose semantics is a specific
meaning of another word which called its Hyperonym or its Hypernym. For
instance, vaccinia and smallpox are all Hyponyms of viral infectious disease
(their Hypernym),

— Co-hyponyms: Given a concept C has two hyponyms A and B, then A and B
are identified as co-hyponyms.

This research investigates the question of whether two human diseases are
related to each other by any means and what is the relation between them
if exists. For instance, is there a relatedness between Vasculogenic Impotence
and Transvestism? If so, what is the relatedness? A striking feature of finding
a relatedness between diseases is that physicians can treat patients not only
based on symptoms they suffer but they can treat the real cause of this disease
which may be related to another disease that causes these symptoms. Therefore,
physicians can treat the real cause disease, not the symptoms. For instance,
Gallstones disease (Cholelithiasis) may be caused by Hemolytic Anemia disease
so crushing gallstones is not a solution or treatment because the stones will
develop again [24]. Therefore, the objectives of detecting the relatedness between
diseases are!:

— Causality: A disease may occur due to the existence of another disease.
For example, Hereditary Spherocytosis dieases is an autosomal preponderant
anomaly of erythrocytes that causes gallstones. Pigmented gallstones occur
in approximately half of untreated patients,

— Complications of diseases: one disease may increase the complications of
another. For example, Diabetes and HCV hepatitis,

— Treatments prescription: Treatments may differ when there is a relation
between two diseases.

The remainder of the article is structured as follows: We present an overview
on related work in Sect.2. The disease ontology which is used as a semantic
knowledge base for the proposed method is described in Sect. 3. We present the
proposed method in Sect. 4. The workflow of the proposed method is presented
in Sect.5. The proposed method is illustrated by using a running example in
Sect. 6. The conclusion and the directions for future work are outlined in Sect. 7.
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2 Related Work

There are a numerous amount of literature on biomedical knowledge manage-
ment and medical decision making due to the explosion of biomedical knowl-
edge over the last recent years. Therefore, biomedical knowledge available on
the web is growing considerably as most of the biomedical research papers are
published online. Semantic matching is used to expose information which is
semantically related to structured data based matching concepts not keyword-
based [12]. Abundant assorted frameworks and algorithms of semantic match-
ing have been proposed so far such as [13,21,25]. Some examples of individual
approaches addressing the matching problem can be found in [6,7]. In their cut-
ting edge paper of 2010, Ngo, Cao, and Le [20] proposed an ontology-based vector
space model for semantic annotation and semantic search by combines different
ontologies. It takes advantage of ontological features of both named entities and
WordNet vocabularies and develops a spreading activation algorithm for query
expansion. As anticipated, their experiments evince that their model is better
than the solely keyword-based model and also better than the ones using only
WordNet or named entities. In addition, it merges various ontologies to improve
the semantic search process. De Maio et al. [5] proposed a project named ODINO
which uses a fuzzy knowledge approach for disease diagnosis that supports med-
ical decision-making. ODINO has three main features which are a faceted search
of diseases through taxonomy constraints, disease catalog browsing, and prelim-
inary medical diagnosis. In the field of bioinformatics, there are a lot of research
has been made to represent medical information as a semantic knowledgebase
for further processing by semantic applications. Due to the existence of many
medical ontologies, it is important to reuse and integrate ontologies to estab-
lish suitable mappings between their concepts. Therefore, a lot of research in
ontology matching and integration [8,23] have been done in the recent years.
Shvaiko and Euzenat [23] surveyed the state of the art of ontology matching and
addressed some worthy challenges for ontology matching techniques. In addition,
they analyzed the results of recent ontology matching evaluations. Some of the
famous medical-related ontologies are:

— Human Disease Ontology (DO)? is a standardized biomedical ontology which
contains a considerable number of disease terminologies,

— Vaccine Ontology (VO)? is a biomedical ontology which contains more than
2000 terms and relationships for vaccines and vaccinations,

— Infectious Disease Ontology (IDO)* compromises a set of ontologies which
represent infectious diseases,

— Ontology for Biomedical Investigations (OBI)® is an integrated ontology for
the concepts which belong to life-science and clinical practice,

http://www.disease-ontology.org.
http://www.violinet.org/vaccineontology.
http://infectiousdiseaseontology.org/page/Main_Page.
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3 The Disease Ontology

The main purpose of developing ontology is to use it as a semantic knowledge
base for identifying concepts in a specific domain and to share a data semantics
among software agents so that it becomes machine understandable [10]. K&hler
et al. [17] and Croft et al. [4] discuss in their research that the human disease
data is a cornerstone of biomedical research. Therefore, there’s an enormous
need for a consistent representation of human disease for robust data analysis
[18]. Creating a biomedical knowledgebase in the form of ontologies creates a
rigid knowledgebase for semantic annotation of biomedical data through defined
concepts and relations connecting them [14]. The disease ontology (DO) has
been selected to be used as the semantic knowledgebase for the representation
of human diseases. The objective of using DO is to provide the biomedical com-
munity with a convenient, reusable and robust knowledgebase of human disease
concepts [16]. Major enhancements to the DO database since 2012 has been
made including: the content of DO has had several revisions, including the addi-
tion of 32% of all terms. The Disease Ontology database has been updated to
the latest ontology as of March 2, 2017. The DO project has had a consider-
able influence on the development of biomedical resources, as evidenced by 307
Google Scholar citations (as of April 14, 2017) to DO’s paper [22] published in
2012. We have used the disease hierarchy in DO to infer disease relatedness.
Furthermore, synonyms of diseases are also used in semantic matching phase.
For instance, Carotenemia disease has exact synonym Hypercarotinemia.

4 Methodology

The methodology of the proposed work is divided into two phases: Semantic
matching and Disease relatedness detection.

In Semantic matching phase, diseases in submitted query are semantically
identified in the ontology graph. The output of this phase is whether these dis-
eases are found in the ontology or not. If the disease has been identified then, the
Uniform Resource Identifier (URI) of both diseases is retrieved. In the Disease
relatedness detection phase, the URI of each disease is passed to the relatedness
detector to find whether they are related or not. If they are related, the algo-
rithm returns the set of diseases that connect them in the path from the first to
the second and the classification of both diseases as well.

4.1 Semantic Matching

One of the most common approaches to perform semantic matching for deter-
mining the semantic similarity between concepts in an ontology is the node-
based approach [3] which we used in this work. Semantic matching technique
is used to identify candidate diseases in the disease ontology. Concept disam-
biguation is performed by querying WordNet [11] and DO. Each disease name
in the query is first disambiguated into concepts using vector space models [3],
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representing concepts as vectors of features in a k-dimensional space where k
is the number of pertinent keywords for each disease. In other words, each
disease in the query is represented by a vector of pertinent keywords found
through WordNet and DO. Pertinent keywords are hyponyms, direct-hypernyms,
co-hyponyms, and synonyms of the disease. One-level Hyponyms and direct-
hypernyms are retrieved from DO and synonyms are retrieved from both DO
and WordNet. Direct-hypernyms are one-level up of a disease node in DO hier-
archy and Hyponyms are its siblings. After sense disambiguation, the proposed
matching algorithm returns the URIs of matched diseases. It is assumed that,
when searching for a concept, it is also important to match synonyms of that
concept. For example, the synonyms of the disease Hyperuricemia are Hyper-
uricaemia and Uricacidemia. Therefore, diseases describing these concepts are
retrieved as well. Figure 1 shows the semantic matching process cycle.

Query Preprocessing Semantic Matching
* Tokenization * Matching disease 1

¢ Lemmatization

Semantic Matchlng g : g Semantic Matching

¢ Return URI list ¢ Save matched URI
Disease

ontology

Semantic Matching Semantic Matching
* Save matched URI ~ » Matching disease 2

Fig. 1. The semantic matching process cycle.

4.2 Disease Relatedness Detection

In disease relatedness detection phase, diseases relatedness is detected by using
bidirectional spreading activation on ontology graph which consists of a set of
finite cycles/iterations. Checking for termination conditions is performed in each
cycle. We are considering only hierarchical relations for nodes activation. The
worthiness of bidirectional search is the speed and it requires less memory [19].
Figure 2 depicts the relatedness detector components. The algorithm starts with
two initial nodes which are the two diseases and the follows the following steps:



A Bidirectional-Based Spreading Activation Method 19

Disease 1 URI . . -
http//purl.obolbrary.org/../hypokalemia Spreading Activation
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1
| Bidirectional Search Relatedness path
1 relatedness? —
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Disease ontology SWRL rules

Fig. 2. Relatedness detector components.

1. Assume all nodes in the graph have activation values of zero and starting
nodes have activation value of 1.0,

2. For each Link /;; connecting the source node n; with target node n;, compute
aj; = 2?21 a;w; ; where n is the number of nodes connected to n; and w; ; is
the relatedness weight,

3. If a candidate node takes an activation value exceeds 1.0, then set its new
activation value is set to 1.0. Likewise, set the activation value of the candidate
node to 0.0 if it takes a value below 0.0. Nodes in the disease ontology receive
the highest value of w; ; if they are one of the pertinent keywords of the
current activated node (w; ; = 0.8 for hyponyms and w;; = 0.1 for direct-
hypernyms) because they build the taxonomy using “is-a” relation. A low
value of w; ; = 0.0 is assigned to any other relation which is not effective in
this case,

4. A significance threshold (F =0.8) determines whether to include the activated
node to the output list,

5. Activated node will not be considered in the next cycles,

6. Nodes with activation value exceeds the threshold F are marked as activated
on the next cycle,

7. The procedure terminates when a node is reached from more than one path
(sexual disorder in the running example shown in Fig. 3).

An ambiguity may arise if two homonyms are used in the search query
but there is no relatedness between them. For example, Stewart in Stewart-
Treves syndrome, (a chronic lymphedema disease), is different from the one in
Stewart-Bluefarb syndrome. The latter is a type of acro angiodermatitis which
was described independently by Stewart as well as by Bluefarb and Adams on
the legs of patients with Arterio-venous malformations [1]. Semantically matched
diseases could be found using Jena reasoners. One feature of Jena is the support
of different reasoners, which infer additional knowledge. Jena inference subsystem
contains various inference engines or reasoners. These reasoners are used to check
ontology consistency and allow additional facts to be inferred from instance data
and class descriptions. The predefined reasoners included in the Jena distribution
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are [15]: Transitive reasoner, RDFS rule reasoner, and Generic rule reasoner. The
idea of using bidirectional search is to cut back the search time by looking out for-
ward from the beginning and backward from the goal at the same time. When the
two search frontiers meet, the algorithm will reconstruct one path that extends
from the beginning state through the frontier intersection to the goal.

5 Workflow of the Proposed Method

In this section, we will illustrate how the proposed method is used over the
underlying disease ontology. User submitted query is automatically processed in
the following steps:

1. User submits the two diseases as a string using the system interface.
2. Perform pre-processing on input, a detailed discussion of pre-processing falls
outside the scope of this paper:

(a) Intelligent Tokenization and Stop list elimination: This step includes
tokenizing the query stream by breaking it down into understandable
segments. Then, eliminate all stop words. The intelligence here is that the
method does not blindly remove all stop words like traditional techniques
but using a concept tokenization technique in which the keyword is taken
with the preposition after it as a concept. If that concept has a match
in the ontology, then this proposition will not be removed otherwise it
will be removed,

(b) Stemming: Stemming removes word suffixes: both inflectional suffixes
(-s, -es, -ed) and derivational suffixes (-able, -ability) are stemmed [9)].

3. Formulate semantic query using SPARQL query language and executes it
using Jena-embedded query engine (ARQ) against the ontology which per-
forms the semantic matching process described in the methodology section,

4. Diseases relatedness is detected by using bidirectional-based spreading acti-
vation on ontology graph if the diseases found in the matching process. The
output of this process is a set of diseases that builds the path between the
two diseases. In addition, the classification of these diseases could be detected
by performing one more cycle of the spreading process which could be the
parent disease (if available) in the hierarchy.

As soon as these steps have been carried out, a set of diseases that may connect
the two initially submitted diseases are displayed to the user and the classifica-
tion of them is displayed as well.

6 Running Example

As a running example in this paper, suppose a patient already has Vasculo-
genic impotence disease and the physician discovered that he/she got recently
Transvestism so the question is does these two diseases is related to each other by
any means? The answer to this question will support the medical decision of the
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physician for treatment prescription and whether there are any complications
caused by one because of the other. In this case, the physician should submit a
query includes two diseases: Vasculogenic impotence and Transvestism. As shown
in Fig. 3, the relatedness between Vasculogenic impotence and Transvestism dis-
eases are detected by the intersection node sezual disorder. The algorithm runs
in a set of cycles. When the algorithm detects an intersection node, it stops. One
more cycle can be performed to get one more up-level disease connecting both
which could be considered as a classification of both diseases.

Sexual masochism

Sexual sadism

Sexual disorder

s 2

[psychological disorder ]

l vasculogenic impotence ’ I transvestim ‘

Fig. 3. Partial view of the disease ontology shows the relatedness path (marked in
bold) between Vasculogenic Impotence and Transvestism diseases.

7 Conclusion and Future Work

In this paper, we proposed a Bidirectional-Based Spreading Activation Method
in order to detect the relatedness between two human diseases. This relatedness
can be detected by running spreading activation algorithm using bidirectional
search methodology on a large disease ontology. One key feature of the proposed
method is to identify whether two human diseases are related to each other.
Moreover, identify related diseases that may connect them to a common path. As
a result, detecting the relatedness between diseases helps in finding out the real
cause of a disease (in case it is caused by another disease), decrease the prognosis
of a disease by treating the other disease which increases the complications of
that disease and helps in treatments prescriptions. Therefore, physicians can
treat the main cause, not just the symptoms. Consequently, we believe that
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the proposed method will assist physicians and will support medical decision-
making by considering semantic domain knowledge to infer diseases relatedness.
This idea could also be applied to VO ontology to find out relations between
vaccines and also in Gene ontology to find out relations between genes. Our main
line of future research involves:

Extending our approach to integrate different biomedical ontologies using and
ontology matching and integration services,

Detecting the relatedness between more than two diseases using multiple goal
search algorithms and provide the relatedness graph between them not only
a simple path,

A relatedness set is provided which is a subset of the power set of the set
of input diseases. In other words, which of these diseases is related to the
others?

Finally, a bilingual bidirectional-based spreading activation method will be
proposed and implemented.
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