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Abstract 

The determination of semantic similarity between word pairs is an important task in text understanding that supports the processing, 
classification and structuring of textual resources. In the field of biomedical, semantic similarity measures have been the focus of much 
research by exploiting knowledge sources such as domain ontologies. SNOMED-CT as a main biomedical ontology provides a global and 
broad hierarchical terminology for clinical data storage, encoding, and the retrieval of health and diseases information. In this study, we 
classified the measures proposed in biomedical domain and used SNOMED-CT as an input ontology. We also examined the studies that 
evaluated these methods using biomedical benchmarks. Regarding this, three major databases, including Science Direct, Springer and IEEE 
were selected to extract studies which proposed similarity measures and used SNOMED-CT as a knowledge source.  The purpose of this 

study is to provide the reader with the understanding about the application of semantic similarity measures in biomedical domain using 
SNOMED-CT, and to gain a clear insight about the performance of these methods. This study also supports researchers and practitioners in 
effectively adapting semantic similarity measures in SNOMED-CT and provides an insight into its state-of-the-art. 
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1. Introduction 

Semantic Similarity Measures (SSMs) estimate the 

similarity between two given concepts (Janowicz et al., 

2015; Liao et al., 2014; Sahni et al., 2014). The estimation 

of the semantic similarity between concepts helps in better 

understanding of textual resources (Song et al., 2014, 

Chakraborty et al., 2014). These measures are mainly 
categorized into two groups, including distributional based 

and knowledge based methods (Garla and Brandt, 2012a). 

Distributional based methods utilize the distribution of 

concepts within a corpus in conjunction with a knowledge 

source to compute similarity; these measures include 

corpus Information Content (IC) and context vector 

methods (Jiang et al., 2014). Knowledge based methods, on 

the other hand, utilize knowledge sources, such as 

ontologies and semantic networks. Knowledge based 

methods are divided into two groups, path-based and 

intrinsic IC-based measures (McInnes and Pedersen, 2015; 

Harispe et al., 2014). 
Semantic similarity measures have been used in wide 

array of applications in biomedical domain, using 

biomedical ontologies. They have been applied to design 

information retrieval algorithms (Chaves-González and 

MartíNez-Gil, 2013; Uddin et al., 2013), to disambiguate 

texts (McInnes and Pedersen, 2013; Miller et al., 2012), to 

suggest drug repositioning (Gottlieb et al., 2011; Lamurias 

et al., 2013) and to cluster genes, according to their 

molecular function (Pesquita et al., 2009; Guzzi et al., 

2012). Semantic similarity measures are indeed critical 

components of many knowledge-based systems (Chang and 
Lee, 2015; Gottlieb et al., 2011). In addition, they are 

nowadays receiving more attention due to the growing 

adoption of both Semantic Web and Linked Data 

paradigms (Bizer et al., 2009; Iosif and Potamianos 2015). 

Semantic similarity measures, based on knowledge 

sources and ontologies, use the taxonomical evidences 

modeled in the ontology to assess the similarity of two 

given concepts. In fact, ontologies support these measures 

to model unstructured and heterogeneous information 

through the hierarchical vocabularies and structured sets of 

concepts (Harispe et al., 2014; Cross et al., 2013; Meng et 

al., 2013). Fortunately, the field of biomedical has been 
very prolific in creating medical ontologies which organize 

concepts in a non-ambiguous way to be used by semantic 

measures (Batet et al., 2011; SáNchez and Batet, 2011; Al-

Mubaid and Nguyen 2009). Some well-known examples of 

ontologies in biomedical domain include Medical Subject 
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Headings (MeSH), International Classification of Diseases 

(the ICD taxonomy) and Systematised Nomenclature of 

Medicine, Clinical Terms (SNOMED-CT). 

In this study, we reviewed and classified academic 

research that applied semantic similarity measures in 

biomedical domain using SNOMED CT as an input 

ontology. Regarding this, three major databases, including 

Science Direct, Springer and IEEE have been selected. The 

extracted papers from these databases have developed 
measures that used SNOMED-CT as a knowledge source. 

Hence, the objective of this study is twofold: First, to 

provide the reader with the understanding about the 

application of semantic similarity measures in biomedical 

domain using SNOMED-CT. Second, to explore 

biomedical studies that evaluated these measures based on 

biomedical benchmarks.  

The reminder part of this manuscript is divided into the 

following sections: The definition of ontology and 

biomedical knowledge sources are presented in Section 2. 

In Section 3, an overview of different types of semantic 

similarity measures is presents. Section 4 focuses on 
summarizing and classifying the previous related works. In 

Section 5, biomedical reference standards are introduced. 

In Section 6, the semantic similarity evaluation studies are 

discussed. Finally, discussions and conclusions are 

presented in Sections 7 and 8, respectively.  

 

2. Ontology 

The term ontology is used in two different ways 

representing two different things. The first usage is 

―philosophical ontology‖ where ―ontology is the study of 

being or existence‖. In this definition, ontology comprises 
the basic subject of metaphysics that explains existence in a 

systematic manner. In order to have a systematic manner, 

philosophical ontology deals with the types and structures 

of objects, properties, events, processes and relations 

related to each part of reality (Zadeh and Reformat, 2013; 

Thomasson, 2014)). The second usage of ontology is 

―ontology and information systems‖ where ontologies 

represent relations among terms similar to taxonomies. But, 

in this field, the main difference between ontologies and 

taxonomies is that ontologies present richer and detailed 

meaning for the relationships among terms, attributes, and 
concepts in comparison with taxonomies (Sicilia, 2014; 

Zaid and Lau, 2014).  

There exist numerous definitions of ontology. One of the 

earliest definition of ontology is that of Neches et al. 

(1991), stating that ―An ontology defines the basic terms 

and relations comprising the vocabulary of a topic area as 
well as the rules for combining terms and relations to 

define extensions to the vocabulary‖. Gruber (1995) 

provided one of the most widely adopted definitions of 

ontology, as: ―A formal, explicit specification of a shared 

conceptualization‖. This definition emphasizes several 

important characteristics of an ontology (Studer et al., 

1998). 

―It is formal. This means that an ontology should be 

machine-readable. 

It is explicit. It indicates that the type of concepts used 

in an ontology and the restrictions on their use are 

explicitly defined. 

It is shared. It reflects the notion that the ontology 

captures consensual knowledge, which means, it is not the 

privilege of some individual, but accepted by a group. 

It specifies a conceptualization. This refers to an abstract 

model of some phenomenon in the world by identifying 

relevant concepts of that phenomenon.‖ 

2.1 Biomedical knowledge sources and ontologies – 

SNOMED CT and UMLS 

Examples of ontologies in the biomedical domain 

include SNOMED-CT and MeSH. MeSH has been created 
for the purpose of indexing and is used for indexing articles 

from the Medline database, whereas the scope of 

SNOMED-CT in health care is specially to model clinical 

data, i.e., to assist in annotating Electronic Health Records 

(EHRs). UMLS, on the other hand, is a knowledge source, 

containing several biomedical ontologies and vocabularies 

such as MeSH and SNOMED-CT. In this study our focus is 

on the studies that performed in the domain of SNOMED-

CT. Hence, we also consider studies conducted within the 

framework of UMLS, since UMLS consists of SNOMED-

CT concepts. In this section we adhere to a broad 
understanding of SNOMED-CT and UMLS knowledge 

source. 

2.1.1  SNOMED-CT 

"SNOMED-CT" stands for "Systematized Nomenclature 
of Medicine — Clinical Terms" is a systematically 

organized computer readable collection of medical 

terminology covering most areas of clinical information 

where its first version was released in 2002. SNOMED-CT 

ontology provides a global and broad hierarchical 

terminology for clinical data storage, encoding, and the 

retrieval of health and diseases information (Lee et al., 

2014; Schulz et al., 2014; Schulz and Martínez-Costa, 

2013). Basically, SNOMED-CT has been designed to be 

used by computer applications to represent clinical data in 

consistent and unambiguous manner. Then, the resulted 

data can be used for electronic health records (EHRs) and 
decision-support (DS) systems and finally to enable 

semantic interoperability which is precisely the goal 

(Sicilia, 2014; Campbell et al., 2013, Duarte et al., 2014). 

SNOMED-CT as an internationally accepted standard 

ontology is included in the UMLS repository. 

Regarding the structure of SNOMED-CT, its concepts 

are organized in a hierarchical structure to ease and permit 

searching concepts at various levels of specificity. In this 

ontology, concepts are connected by two main relations, 

including: parent-child and broader-narrower.  The parent-

child relation is strictly IS-A relation, but the broader-

narrower relation contains part-of relation (McInnes and 

Pedersen, 2015).  
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Fig. 1 shows the hierarchical structure of SNOMED-CT. 

The first level of this hierarchy contains 19 categories, 

ranging from body structure to physical object, followed by 

its second level where it comprises 345 categories and this 

structure continues further down until very specific 

concepts are reached. As can be seen from the figure, the 

root node of all concepts is ―SNOMED-CT‖. 

Table 1 gives information about all 19 categories of 

hierarchy first-level in SNOMED-CT, listing in 

descending-size order. In this table, the size of a category is 

defined by the total number of concepts under each 

category. 

As can be seen in Fig.1, the concept ―a‖ can belong to 
multiple categories such as ―Finding by site‖ and category 

―A‖ and this means that SNOMED-CT concept model 

allows multiple-inheritance. Today, the International 

Health Terminology Standards Development Organization 

(IHTSDO) (http://www.ihtsdo.org) is responsible for the 

development of SNOMED-CT, for quality issues and the 

distribution of the terminology. 

 

Table 1  
First-level categories of SNOMED-CT concepts 

 

First-level category, abstract  Size (number of concepts) 

―Clinical finding‖ (finding) 109,311 

―Special concept‖ (Special concept) 67,342 

―Procedure‖ (procedure) 53,854 

―body structure‖ (body structure) 31,837 

―organism‖ (organism) 27,952 
―Substance‖ (Substance) 23,456 

―Pharmaceutical/biologic product‖ (product) 19,084 

―Qualifier value‖ (Qualifier value) 8904 

―Event‖ (event) 8447 

―Observable entity‖ (observable entity) 7834 

―Social context‖ (social concept) 5252 

―Situation with explicit context‖ (situation) 4912 

―physical object‖ (physical object) 4515 

―Environment or geographical location‖ (environment/location) 1741 

―Linkage concept‖ (linkage concept) 1136 

―Staging and scales‖ (Staging scale) 1113 
―Specimen‖ (specimen) 1055 

―Record artifact‖ (record artifact) 202 

―Physical force‖ (physical force) 172 

Total concepts 378,111 

 

 
Fig. 1. Hierarchical representation of SNOMED-CT concepts 

SNOMED-CT 

Body Structure Clinical Finding Observable Entity 

a 

Disease 
Finding by 

site 

Finding by 

method 
A B 

b  

Root 

Level 1: 

19 categorizes 

Level 2: 

345 categorizes 
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2.1.2 UMLS (Unified Medical Language System) 

The Unified Medical Language System (UMLS) was 

developed by the US National Library of Medicine and is a 

set of files and software that brings together many health 

and biomedical vocabularies to enable interoperability 

between computer systems (El-Rab et al., 201; Merabti et 

al., 2010; Bodenreider, 2004). In details, UMLS consists of 

three knowledge sources and a set of software tools which 

can be applied to access these knowledge sources. 
Knowledge sources are the Metathesaurus, the Semantic 

Network and the SPECIALIST Lexicon.  One such 

Metathesaurus is the Systematized Nomenclature of 

Medicine Clinical Terms (SNOMED-CT). Semantic 

network in UMLA consists of a set of broad subject 

categories to provide a consistent categorization of all 

concepts represented in the UMLS Metathesaurus. In 

UMLS, the SPECIALIST Lexicon includes terms with 

linguistic information where its applications are in the 

domain of biomedical and healthcare (Chen et al., 2009; 

Marquet et al., 2007). UMLS can be freely accessed for the 

research purpose, but a license is needed. 

 

3. Semantic similarity measures 

In this section, we classify the similarity measures into 

two broad categories: path-based and information content 

(IC)-based. The path-based similarity measures provide 
information about the co-location of the terms in a 

taxonomy (taxonomy refers to the particular classification). 

A taxonomy that would be suitable for semantic similarity 

measures applications can be derived from a knowledge 

source like an ontology. The IC-based measures use the 

taxonomy information, but also include additional 

information about the concept with respect to its 

relationship with the other concepts. There are two methods 

to calculate IC: corpus-based, which uses the probability of 

a concept occurring in a corpus, and intrinsic-based, which 

uses the informativeness of a concept, based on its 

placement within the taxonomy. The remainder of this 
section describes the various semantic similarity measures 

and how they are calculated. 

3.1 Path-based measures 

Rada et al. (1989) introduced the Conceptual Distance 
measure, which is the length of the shortest path (spath) 

between two concepts (c1 and c2) using broader-narrower 

relations. Caviedes and Cimino (2004) later evaluated this 

measure using the parent-child relation. 

The path measure is a modification of this and is 
calculated as the reciprocal of the length of the shortest 

path, as defined in Eq. (1). 

1 2

1

( , )
pathsim

spath c c
            (1) 

 

Wu and Palmer (1994) extended this measure by 

incorporating the depth of the Least Common Subsumer 

(LCS). The LCS is the most specific ancestor that two 

concepts shares. In this measure, the similarity is twice the 

depth of the two concepts‘ LCS, divided by the product of 

the depths of the individual concepts, as defined in Eq. (2). 

 

1 2

1 2

2 ( ( ,c ))

( ) depth(c )
wup

depth LCS c
sim

depth c





             (2) 

 

Leacock and Chodorow (1998) used the depth of the 

taxonomy and developed a new path-based measure. In this 

method, the similarity between two given concept (c1, c2) 

is the negative log of the shortest path (spath) between 

them, divided by twice the total depth of the taxonomy (D) 

as shown in Eq. (3). 

 

1 2( ,c )
log

2
kh

spath c
sim

D
 


          (3) 

 

Nguyen and Al-Mubaid (2006) proposed a new path-

base measure by incorporating both the depth of the 

taxonomy and LCS of two given concepts (c1, c2) in their 

measure. In this measure, the similarity is defined as the log 
of two plus the product of the shortest distance between the 

two concepts minus one, multiplied by the subtraction of 

depth of the concepts‘ LCS (d) from the depth of the 

taxonomy (D). This measure is shown in Eq. (4) and its 

range depends on the depth of the taxonomy.  

 

1 2log(2 (min ( ,c ) 1) ( ))namsim path c D d            (4) 

 

3.2 Information Content (IC) measures 

 

Resnik (1999) used IC of concept to be applied in 

similarity measure. In this measure, the similarity of two 

concepts (c1, c2) is defined as the IC of their LCS, as 

shown in Eq. (5). 

 

1 2 1 2( ( ,c )) log( ( ( ,c )))ressim IC LCS c P LCS c       (5) 

 
Jiang and Conrath (1997) and Lin (1998) redefined 

Resnik (1999) similarity measure and incorporated the IC 

of individual concepts in that method. 

Lin (1998) proposed a new IC-based measure and 

defined the similarity between two concepts (c1, c2) as: 
dividing twice the IC of the concepts‘ LCS by sum of the 

individual IC of each concept (see Eq. (6)).  

 

1 2

1 2

2 ( ( ,c ))

(c ) IC(c )
lin

IC LCS c
sim

IC





           (6) 
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This measure is very similar to path-based measure, 

proposed by Wu and Palmer (1994); but using IC of a 

concept instead of using its depth. 

Jiang and Conrath (1997) developed a new IC-based 

measure by defining the distance between two concepts 

(c1, c2) to be the sum of the individual IC of concepts 

minus twice the IC of the concepts‘ LCS (See Eq. (7)). 

1 2 1 2

1

( ) ( ) 2 ( ( ,c ))
jcnsim

IC c IC c IC LCS c


  
          (7) 

 

3.3 Information content 

 

The information content of a concept can be calculated 

using information derived from a corpus (corpus-based) or 

information derived from a taxonomy (intrinsic-based). In 

this section, we describe both techniques. 

In corpus-based, the IC of a concept is defined as the 

negative log of the probability of a concept as defined in 

Eq. (8). 

 

(c) log(P(c))IC               (8) 

 

Then, the probability of concept c ( ( ))P c is calculated 

by summing the probability of the concept itself occurring 

in some text (P(c)), plus the probability of its descendants

( )

( ( ))
descendant c

P d , occurring in the same text as seen in Eq. (9). 

( )

(c ) (c) ( )
descendant c

P P P d                            (9) 

 
Where P(c), initial probability of a concept, is calculated 

through dividing freq(d)  by N (see Eq. (10)). In the 

following equation, N and freq(d) indicate the total number 

of concepts in the corpus and the number of times a 

concept is seen in the corpus, respectively. 

 

( ) ( ) /

(d) freq(d) / N

P c freq c N

P




           (10) 

 

A sufficient coverage of a taxonomy to obtain accurate 

estimation is a main challenge in probability calculations of 

concepts. Hence, to overcome this issue, intrinsic IC 

calculation which is based on ontologies has been proposed 

by Sanchez et al. (2011). In this approach the IC of a 

concept is assessed by its informativeness according to 

concept location in the hierarchy, considering its ancestors 

(incoming) and descendants (outgoing) (see Eq. (11)). 

( )
1

( )
( ) log( )

max_leaves 1

leaves c

subsumers c
IC c



 


              (11) 

 

where leaves are the number of descendants of concept c 

that are leaf nodes, subsumers are the number of concept 

c‘s ancestors and max leaves are the total number of leaf 

nodes in the chosen taxonomy. 

 

4. Academic papers summarization  

 

In this section, we summarized and classified the 

studies that applied semantic similarity measures in 

biomedical domain using SNOMED-CT. 

4.1 Path-based measures 

Batet et al. (2011) proposed a new path-based semantic 

similarity measure, capturing more semantic evidence than 

previous path-based methods, based on the exploitation of 

ontologies‘ taxonomical structure. In this study SNOMED 

CT (as an input ontology) was applied to evaluate the 

accuracy of their proposed measure and a standard 

benchmark was used to compare this measure against other 

approaches. The correlation between the results of the 

evaluated measures and the human experts‘ ratings showed 

that their proposal outperformed all previous path-based 
measures, avoiding at the same time some of their 

limitations. 

Caviedes and Cimino (2004) proposed a conceptual 

matching method to assess the similarity between two 

given concepts according to the minimum number of parent 

links between the two concepts. The performance of the 
proposed measure was evaluated based on domain experts‘ 

judgments on three sets of concepts, exploiting from 

UMLS knowledge source (SNOMED-CT, MeSH and 

ICD9CM). They argued that ―by identification of 

semantically similar concepts, conceptual matching enables 

reasoning in the absence of exact lexical matching‖. As 

stated by authors, conceptual matching can also be applied 

in terminology development and maintenance, decision 

support system development, machine learning and data 

mining research in other fields. 

Martínez et al. (2013) argued that the nature of 

structured patient data, like EHRs require some 

anonymization procedure for privacy purposes before 

releasing them to third parties. In order to address this 

issue, privacy preserving methods (such as Statistical 

Disclosure Control (SDC) techniques) have been recently 

proposed. However, most of these methods focus on 
continuous-scale numerical data without consideration that 

part of data in EHRs that is expressed with non-numerical 

attributes. Therefore, SDC application to EHRs produces 

are far from optimal results.  In this regards, authors 

proposed a general framework using a path-based semantic 

similarity method to enable the accurate application of SDC 
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techniques to non-numerical part of clinical data. In this 

study, Batet et al. (2011) path-based method was used to 

exploit SNOMED CT as a structured medical knowledge 

source, helping to aggregate and sort non-numerical terms. 

Accordingly, their proposed framework was employed to 

several well-known SDC techniques to evaluate its 

performance by using a real clinical dataset containing non-

numerical attributes. Results showed that the proposed 

approach has a high potential to produce anonymized 
datasets which better preserves the utility of EHRs. 

Al-Mubaid and Nguyen (2006) proposed a new distance 

semantic similarity measure for the biomedical domain 

within the framework of UMLS (MeSH and SNOMED-

CT). The proposed technique not only was able to take the 

path length feature into account, but it also used the depth 
of concept nodes to highly improve performance. The main 

contribution of this study was proposing a path-based 

measure with new attributes (common specificity and local 

granularity) that incorporated non-linearly feature in the 

proposed method. The experimental results indicated the 

efficiency of the proposed method and its high correlation 

with human judgments.  

Al-Mubaid and Nguyen (2009) developed a path-based 

semantic similarity method to measure similarity between 

concepts using multiple ontologies (MeSH and SNOMED 

CT) in order to address the issue of flawed exploiting 

concepts from a single ontology. The proposed measure 

was based on three principal features, including: ―cross-

modified path length between two concepts, a new feature 

of common specificity of concepts (LCS) in the ontology, 

and local granularity of ontology clusters‖. The 

experimental results validated the efficiency of the 
proposed technique in single and multiple ontologies and 

its high correlation with human judgments. 

Batet et al. (2013) stated that most previous works on 

semantic similarity supported only a unique input ontology, 

while knowledge is dispersed through several partial and/or 

overlapping ontologies in many domains. Hence, they 
proposed an ontological structure-based method to enable 

similarity estimation across multiple ontologies 

(SNOMED-CT, MeSH and WordNet). As stated by 

authors, the proposed method allows estimating the 

similarity between two terms when one is missing in a 

certain ontology, but it might find in another ontology. This 

can be done by discovering common concepts between two 

given terms that could act as bridges between different 

ontologies. In addition, in case of overlapping knowledge, 

which means several ontologies covering the same pair of 

terms, this approach is able to improve the accuracy of 
similarity estimation between terms by selecting the most 

accurate similarity assessment from all assessments 

computed by ontologies. Results of evaluation showed that 

their method was able to improve the accuracy of similarity 

estimation in comparison to single input ontology 

approaches. 

 

 

4.2 Information Content (IC)-based 

SáNchez and Batet (2011) presented new semantic 

similarity measures expressed in terms of Information 

Content (IC) of concepts. In this study they redefined 

several well-known edge-based measures in addition to a 

number of similarity coefficients in terms of IC, obtaining 

new semantic similarity functions. Their new IC-based 

methods used the taxonomic structure of biomedical 

ontologies like SNOMED CT to compute IC. They 
believed that the proposed approach which is based on 

ontology and intrinsic IC computation is capable to 

overcome the limitation of a suitable corpora availability. 

This approach assumes that the taxonomic structure of 

ontologies is organized in a meaningful way. 

Batet et al. (2014) proposed a new IC-based approach to 
assess the similarity of two given concepts, spreading 

throughout several ontologies. They believed that the 

applicability of IC-based measures is hampered, if they 

solely deal with a single input ontology to compute 

similarity of concepts. This limitation can be overcome by 

multi-scenario ontologies; especially in the domain of 

biomedical that several knowledge sources are available. 

Therefore, they proposed that IC-based method to enable 

an accurate IC-based similarity assessment using multiple 

ontologies. The structure of their approach was based on 

the Information Theory, looking for the available subsume 
pair, that can act as the best MICA (Most Informative 

Common Ancestor) for the compared concepts, across 

multiple ontologies (SNOMED-CT and MeSH). 

Fan & Friedman (2007) developed a corpus-based 

method based on distributional properties of terms to 

facilitate the semantically classification of ontological 
concepts for Natural Language Processing (NLP) 

applications. In this study, authors particularly focused on 

reclassifying UMLS (Level1+SNOMED-CT) concepts into 

broader semantic classes in order to develop a more 

classified UMLS structure for the needs of NLP 

applications. Apparently, the proposed method could also 

be used to improve the ontology itself and the performance 

of the systems depending on it. They argued that such an 

approach differs significantly from the classical methods 

that experts classify ontological concepts manually.  

Results also acknowledged that the proposed approach can 
recommend high level semantic classification, suitable for 

use in natural language processing. 

Saruladha et al. (2011) proposed an IC-based semantic 

similarity measure and corpus independent based on 

Tversky model to assess similarity among cross ontological 

concepts. In this study, they also refined Resnik (1999) and 
Lin (1998) measures to compute cross ontological semantic 

similarity.  The three proposed methods were evaluated 

with two biomedical ontologies, SNOMED-CT and MeSH 

within UMLS Framework, and tested with human 

judgments to assess their performance. Results showed 

their high efficiency in multi-scenario ontologies, as they 

achieved high correlation rates with experts‘ ranking.  It 

was claimed that the proposed methods could be applied 
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for ontology mapping, ontology alignment and information 

retrieval. 

4.3 Hybrid semantic similarity measures 

Gøeg et al. (2015) used Lin (1998) and Sokal and Sneath 

(1963) IC-based measures, with two aggregation 

techniques (All-pair AVG and Best-pair AVG), resulting in 

a total of four methods (Lin/AllAVG, Lin/BestAVG, 

SoSn/AllAVG and SoSn/BestAVG) in order to harmonize 

and standardize clinical models. In this study, SNOMED-

CT was chosen because of its coverage and flexibility 

compared to other terminologies and to obtain an intrinsic-

similarity estimation. It was claimed that the study can 

support hospitals by proposing them guidance in order to 
change or create templates for the purpose of 

harmonization. 

García et al. (2012) applied path-based techniques in 

combination with other approaches to bind OpenEHR 

archetype terms to an external terminology, SNOMED CT. 

They employed path-based methods to validate the 
bindings, resulting from lexical techniques, and to resolve 

ambiguous binding conflicts. 

Mabotuwana et al. (2013) presented a new semantic 

vector based on the semantic distance between sets of 

concepts (instead of individual concepts) to determine 
similarity between two given documents using SNOMED 

CT as a reference ontology. In this approach, the notion of 

edge-based semantic similarity (taking advantage of the IS-

A relations) was used in vector space model to overcome 

the limitations of Direct Concept Matching (DCM). DCM 

is matching the exact same concepts in the two compared 

documents. They tested and evaluated the proposed 

approach in classification of radiology reports into anatomy 

and procedure-based groups. The evaluation showed that 

the proposed semantic approach increases the similarity of 

documents describing the same anatomies. This led to 

improving classification accuracy of documents, compared 
to a non-semantic approach. 

Pivovarov and Elhadad (2012) proposed a 

comprehensive method, which computes a similarity score 

for a concept pair by combining data-driven and ontology-

driven knowledge.  In this paper, they examined the 

problem of concept aggregation in the context of a clinical 
data-mining task.  For example, concepts such as ‗‗obese‘‘ 

and ‗‗morbidly obese‘‘ can be merged when studying 

Huntington‘s disease, but should remain separate when 

investigating predictors for heart attack. Regarding this, a 

homogenous corpus of notes (notes about patients who 

share at least one clinical problem) were preprocessed to 

extract related concepts. Then, In order to prune out the 

extracted concepts and achieve a homogeneous set of them 

for aggregation, a three-way filter was employed. Next, a 

context-based similarity method estimated the similarity 

between all pairs of concepts. Finally, the top-k pairs with 
the highest context-based similarity were reordered using 

the two knowledge-based similarity measures.  In this 

study, the proposed method was applied on concepts from 

SNOMEDCT and a corpus of patients‘ clinical notes, 

containing chronic kidney disease. The authors claimed that 

their work fits well within the field of clinical informatics 

to enrich the analysis of unstructured data located in EHRs. 

Garla and Brandt (2012b) developed a novel context-

sensitive semantic similarity measure by combining feature 

ranking and semantic similarity methods to support clinical 

document classification. The critical steps in text 

classification consist of features identification relevant to 

the classification task, and representation of text to enable 

discrimination between documents of different classes. 

Hence, in this study, a new feature ranking method was 

presented to utilize the knowledge encoded in the 

taxonomy of UMLS (SNOMED-CT, ICD-9, and 

RXNORM). The Lin (1998) measure is also employed to 
compute concepts similarity, as it showed a high 

correlation with expert judgments in empirical evaluations. 

They argued that our ―context dependent‖ semantic 

similarity measure tailors the ―perception‖ of similarity to a 

specific classification task which improves the performance 

of machine learning techniques in clinical text 

classification.  

Steichen et al. (2006) built an ontology of morphological 

abnormalities in breast pathology to assist inter-observer 

consensus.  First, the concepts of this ontology extracted 

from medical sources, such as medical reports and 

ontologies. SNOMED CT, GALEN, and GeneOntolog 

were the selected ontologies that contain pathological 

concepts. Next, the extracted concepts were organized in a 

taxonomic hierarchy and linked by the IS-A relation based 

on diagnostic meaning. After creating the ontology, a 

validation process was performed to examine the quality of 
the ontology. In this stage, a set of semantic similarity 

measures including, position-based and IC-based were 

applied between concepts and their results were evaluated 

according to experts‘ judgments. 

Table 2 shows the studies of semantic similarity 

measures that used SNOMED-CT as an input ontology. 

 

5. Reference standards in biomedical domain 

By evolving different semantic similarity measures in 

biomedical domains, efforts have been done to evaluate 

these measures.  Semantic similarity measures are normally 

evaluated by means of standard benchmarks of word pairs 

whose similarity has been assessed by a group of human 

experts. In this process, the correlation of similarity values 

(obtained by SSM) and human similarity estimation is 

calculated. The correlation ranges from 0 to 1 and if the 

correlation is near to 1, it indicates that the measure 
properly approximates the judgments of human, which is 

precisely the goal. 

There are several benchmarks in biomedical domain 

which have been used to evaluate semantic similarity 

measures performance in the recent years. One of the well-

known benchmark in the biomedical domain is the 
benchmark created by Pedersen et al.  (2007). It consists of 

30 pairs of SNOMED CT concepts whose similarities were 
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assessed by experts of the Mayo Clinic. In this benchmark, 

a total of 12 experts, including three physicians and nine 

medical coders, assessed each word pair similarity. After a 

normalization process, the average similarity values 

between each word pair was provided in a scale, ranging 

from 1 (non-similar) to 4 (identical). 

 

Table 2  

Semantic similarity measures that used SNOMED-CT as an input ontology  

 

Author Approach About the proposed measure 

Batet et al. (2011) Path-based The proposed measure used a broad taxonomic knowledge. 

Caviedes and Cimino (2004) Path-based 
The measure was relevant for ontology maintenance and 
development, as well as for machine learning and data 
mining research in biomedical informatics. 

Martínez et al. (2013) Path-based 
The measure was used to improve Statistical Disclosure 
Control (SDC) methods for enhancing Anonymization 
procedure of EHRs. 

Al-Mubaid and Nguyen (2006) Path-based 
The proposed method used depth of concepts nodes to 
improve SSM performance. 

Al-Mubaid and Nguyen (2009) Path-based 
The method used the depth and length of the path between 
concepts to measure the similarity in single ontology and 
across multiple ontologies. 

Batet et al. (2013) Path-based 
The proposed measure supports similarity estimation across 
multiple ontologies. 

SáNchez and Batet (2011) IC-based 

The method enables medical data classification such as 
clinical records. It also helps the integration of 
heterogeneous clinical data (like clinical records expressed 
in different formats). 

Batet et al. (2014) IC-based 
The proposed method assesses the similarity of concepts 
spread throughout several ontologies to deal with cross 
domain data. 

Fan & Friedman (2007) IC-based 
The measure can assist reclassifying UMLS concept and 
support maintaining and developing ontologies. 

Saruladha et al. (2011) IC-based 
This proposed method is based on Tversky‘s SSM model 
and relevant for ontology mapping and ontology alignment. 

Gøeg et al. (2015) Hybrid 
The measure was used to harmonize and standardize 
clinical models. It can propose hospitals a guidance to 
create templates for the purpose of harmonization. 

García et al. (2012) Hybrid 
The proposed measure has the potential to resolve 

ambiguous archetypes binding conflicts. 
 
Mabotuwana et al. (2013) 

Hybrid 
The measure supports data classification, and in this study, 
it was used to support classification of radiology reports. 

Pivovarov and Elhadad (2012) Hybrid 
The measure used to solve the problem of concept 
aggregation in clinical data-mining task. It enabled the 
analysis of unstructured data located in EHRs. 

Garla and Brandt (2012b) Hybrid 
The method improves the performance of machine learning 
techniques, so as to support classification. 

Steichen et al. (2006) Hybrid 
The proposed measure supports maintaining and 
developing ontologies. 

 

Pakhomov et al. (2011) and Pakhomov et al. (2010) 

developed larger benchmarks Mayo and UMN respectively 

for evaluating semantic similarity and relatedness measures 

using UMLS medical concept pairs. In ‗Mayo‘ benchmark, 
the same nine medical coders and three physicians, who 

supplied rating for the Pedersen et al. (2007) benchmark, 

assessed the semantic relatedness of 101 UMLS word pairs 

on an ordinal scale. In the ‗UMN‘ benchmark, eight 

medical residents ranked a set of 587 and 566 UMLS 

concept pairs on a continuous scale for relatedness and 

similarity respectively. Hliaoutakis (2005) also developed a 

benchmark in biomedical domain, containing a set of 36 

medical terms extracted from the MeSH ontology. In this 

benchmark the similarity between each word pair was 

ranked by eight medical experts, ranging from 0 (non-

similar) to 1 (identical). 

 

6. Evaluation of semantic similarity measures  

In this section, we present studies that evaluated 

semantic similarity measures according to different 

benchmarks. Academic papers presented in this review 

have mostly employed the above mentioned benchmarks, 

using single ontology (SNOMED-CT) and in some cases, 
multiple ontologies (such as SNOMED-CT and MeSH). 

Batet et al. (2011) used the Pedersen et al. (2007) 

benchmark and SNOMED CT ontology to evaluate the 

accuracy of their proposed path-based measure. They also 
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presented an objective comparison between their proposed 

measures and other measures in the biomedical domain. 

Based on results and considering the correlation values 

between human experts in Pedersen et al. (2007) 

benchmark (0.68 for physicians and 0.78 for coders), the 

proposed measures performed comparatively well, 

obtaining a high correlation with human judgments. 

McInnes and Pedersen (2015) evaluated the recent 

semantic similarity and relatedness measures to identify a 

pair of measures so as to improve the accuracy of similarity 

assessment between two terms. In this study, SNOMED CT 

taxonomy was applied as an input ontology for the 

similarity measures and the entire UMLS (Level 

1+SNOMED CT) for the relatedness measures. They 

evaluated the measures based on 3 standard benchmarks, 
including Pedersen et al. (2007) and Pakhomov et al. (2010, 

2011) benchmarks (Mayo and UMN). Results showed that 

combining relatedness and similarity measures more 

closely correlates with human judgments; especially using 

Lesk (1986) as a relatedness measure and Jiang and 

Conrath (1997), obtained the highest overall correlation 

with reference standards. 

Gøeg et al. (2015) used IC-based measures of Lin 

(1998) and Sokal and Sneath (1963), with two aggregation 

techniques (All-pair AVG and Best-pair AVG), resulting in 

a total of four methods (Lin/AllAVG, Lin/BestAVG, 

SoSn/AllAVG and SoSn/BestAVG). Evaluation results 

showed that the two IC-based similarity measures with 

BestAVG aggregation technique have the highest potential 

of clustering similar templates based on generated 

dendrograms. However, no difference was seen in choice of 

Lin (1998) and Sokal and Sneath (1963) IC-based 
measures. 

In the study by SáNchez and Batet (2011), an objective 

comparison between several IC-based and non IC-based 

measures proposed, using Pedersen et al. (2007) benchmark 

and SNOMED CT as a knowledge source. They argued, 

―the fact that Pedersen et al. (2007) benchmark and 
SNOMED CT have become almost de facto evaluation 

standards in recent works, allows a fair evaluation and a 

clear comparison‖.  Results showed that redefinition of non 

IC-based measures in terms of IC with an intrinsic 

estimation (from SNOMED-CT) led to a noticeable 

performance improvement. The best accuracy has occurred 

in re-formulated of Sokal and Sneath (1963) method from 

set-based to IC-based with intrinsic calculation.  

Sánchez and Batet (2013) argued that IC-based 

approaches which compute IC of concepts in intrinsic 

manner have promising results in computing similarity 

between terms compared to other paradigms used by 

related works. 

Sánchez and Batet (2013) claimed that intrinsic IC-

based approaches have shown a great performance in 

assessing the similarity of two terms; however, these 

approaches are largely hampered by the coverage offered 

by the single input ontology. In this regards, the above 

limitation could be overcome by computing IC of concepts 

from multiple ontologies.  Therefore, they applied well-

known IC-based similarity measures such as Resnik (1995), 

Lin (1998), and Jiang and Conrath (1997) by considering 

multiple ontologies (SNOMED CT and MeSH) in an 

integrated way. Next, Pedersen et al. (2007) benchmark 

was used in order to provide an objective evaluation 

between these measures and related works. Results showed 

that, first of all intrinsic IC-based measures (with single 

input ontology) obtained higher correlation values with 

human judgment than edge-counting measures and 
measures based on corpora. Moreover, the exploitation of 

several complementary and/or overlapping ontologies 

during the similarity assessment improved significantly the 

accuracy of the IC-based measures compared to the single 

input ontology. 

In the study by Batet et al. (2014), a new IC-based 
measure was proposed and an empirical evaluation used 

based on well-established benchmarks in biomedical 

ontologies. In order to do so, several similarity measures 

were compared against the proposed method based on the 

correlations with Pedersen et al. (2007) and Pakhomov et 

al. (2010, 2011) benchmarks and using SNOMED-CT and 

MeSH as ontologies. Results of evaluation showed the 

higher accuracy and noticeable performance of their 

approach in relation to related works. 

Steichen et al. (2006) conducted an evaluation study to 

compare the three similarity measures based on experts‘ 

judgment.  All three measures were well matched with the 

experts‘ judgment and none of them was better than the 

other. The Leacock and Chodorow (1998) path-based 

measure using both taxonomic and non-taxonomic links 

performed as well as Lin (1998) and Jiang and Conrath 

(1997). 

McInnes and Pedersen (2013) developed a Word Sense 

Disambiguation (WSD) method that was able to 

disambiguate terms in biomedical text, using semantic 

similarity and relatedness measures which extracted 

information from MeSH and entire UMLS 

(Level1+SNOMED-CT). Regarding this, path-based, 
corpus-based, intrinsic IC-based measures, and relatedness 

measures were compared based on the Pedersen et al. 

(2007) and Hliaoutakis (2005) benchmarks to find the 

quality and efficacy of them on WSD. The overall results 

showed that IC-based measures (especially Lin (1998)) 

derived from either a corpus or a taxonomy, obtained 

higher disambiguation accuracy than the other measures. 

In the study by Al-Mubaid and Nguyen (2006), the 

proposed measure (known as ―Sem‖) was evaluated based 

on Pedersen et al. (2007) benchmark and compared with 

five ontology-based similarity measures, including: Rada et 

al. (1989), Wu & Palmer (1994), Leacock & Chodorow 

(1998), Li et al. (2003) and Choi and Kim (2003) using 

MeSH and SNOMED-CT as input ontologies. Results 

showed that the proposed method has achieved the best 

overall correlation score with human ratings and so proved 

its efficiency. In addition, using MeSH ontology rather than 
SNOMED-CT produced better semantic correlations with 

human ratings in all of six tested measures.  
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Al-Mubaid and Nguyen (2009) conducted an 

experimental evaluation to evaluate their proposed measure 

(―SemDist‖) relative to human similarity scores such as 

Pedersen et al. (2007) and Hliaoutakis (2005) benchmarks. 

The proposed measure was also compared with other 

similarity measures such as Leacock and Chodorow (1998), 

Wu and Palmer (1994) and Rada et al. (1989) (Path length) 

methods, using MeSH and SNOMED CT. The 

experimental results confirmed the efficiency of the 
proposed measure and its best correlations with human 

scores within both benchmarks. Results also showed that 

MeSH terminology produces better semantic similarity 

correlations with human ratings than SNOMED-CT in all 

of the tested measures.  

Batet et al. (2013) proposed a new path-based method 
and evaluated it based on standard benchmarks of 

Hliaoutakis (2005) and Pedersen et al. (2007), using several 

ontologies (SNOMED-CT, MeSH and WordNet). 

Moreover, an objective comparison in multiple-ontological 

scenarios was conducted to compare the proposed method 

with ―SemDist‖, proposed by Al-Mubaid and Nguyen 

(2009). The experimental results validated the efficiency of 

the proposed technique and its higher correlation results 

with human scores in relation to SemDist. The argued that 

on the contrary to SemDist who relied on the path to 

compute similarities, our measure considers all 

taxonomical ancestors. Hence, these theoretical advantages 

have been reflected in improved similarity accuracy when 

compared with ―SemDist‖. 

In a comprehensive study conducted by Garla and 

Brandt (2012a), the performance of a number of semantic 

similarity measures were evaluated within the UMLS 

framework (SNOMED-CT and MeSH) using three 

different benchmarks; including, Mayo, UMN (Pakhomov 

et al. (2010, 2011) benchmarks) and Pedersen et al. (2007). 

Results showed that among different types of semantic 

similarity measures, ontological-based approaches (path-

based and intrinsic IC-based) outperformed the corpus IC-
based techniques. Among ontological-based approach, 

intrinsic IC-based significantly outperformed path-based 

measures. 

Table 3 presents these studies that evaluated semantic 

similarity measures according to different benchmarks. 

 

 

Table 3  
The list of studies that evaluated semantic similarity measures based on biomedical benchmarks 
 

Study Best Measure Type of Measure Benchmark 

Batet et al. (2011) Their proposed measure Path-based Pedersen et al. (2007) 

McInnes and Pedersen (2015) 
 Lesk(1986) with Jiang and 
Conrath (1997) methods 
Combination  

Jiang and Conrath (1997) method 
is an IC-based measure; 

 Lesk (1986) method is a 
relatedness measure. 

Pedersen et al. (2007) and 

Pakhomov et al. (2010, 2011) 

Gøeg et al. (2015) 
No difference in choice of  Lin 
(1998) and Sokal and Sneath 
(1963) IC-based measures 

… 
Dendrograms (to check the 
classification performance 
assisted by SSM) 

SáNchez and Batet (2011) 
―Sokal and Sneath‖ 
Reformulation 

IC-based measure Pedersen et al. (2007) 

Sánchez and Batet (2013) 
Resnik (1995), Lin (1998), Jiang 
and Conrath (1997) 

IC-based measure and using 
multiple ontologies 

Pedersen et al. (2007) 

Batet et al. (2014) Their proposed measure IC-based  
Pedersen et al. (2007); 
Pakhomov et al. (2010, 2011) 

Steichen et al. (2006) 

No compared measure 
performed better (all compared 
measures performed almost 
same) 

…. Local experts 

McInnes and Pedersen (2013) Lin (1998) 
IC-based measure and using 
multiple ontologies 

Pedersen et al. (2007) and 
Hliaoutakis (2005) 

Al-Mubaid and Nguyen 
(2006) 

Their proposed measure 
(―Sem‖) 

Path-based Pedersen et al. (2007) 

Al-Mubaid and Nguyen 
(2009) 

Their proposed measure 
(―SemDist‖) 

Path-based measure and using 
multiple ontologies 

Pedersen et al. (2007) and 
Hliaoutakis (2005) 

Batet et al. (2013) Their proposed measure 
Path-based measure and using  
multiple ontologies 

Pedersen et al. (2007) and 
Hliaoutakis (2005) 

Garla and Brandt (2012a) Intrinsic IC-based measures 
IC-based measures and using  
multiple ontologies 

Pedersen et al. (2007); 
Pakhomov et al. (2010, 2011) 
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7. Discussion 

The most significant point that we can draw from 

evaluation studies is that no clear best measure was found 

for assessing the similarity of concepts. In different 

situation, measures performed differently. It means that a 

measure was performed poorly for a given task, while 

suited well in another. As an example, ―Lin‖ IC-based 

measure was found by McInnes and Pedersen (2013) to be 

the most accurate measure in assessing the degree of 
similarity between two terms, while Batet et al. (2014) 

found it to be fairly week when evaluated it against their 

approach.  

In addition, from this study, it was found that there is no 

clear best strategy for evaluating semantic similarity 

measures. For example, Pedersen et al.‘s (2007) benchmark 
used the SNOMED-CT 2004 version; however, the SSMs 

proposed by the recent studies have used the updated 

version of SNOMED-CT to assess the similarity between 

concepts. Therefore, these comparisons may be flawed. 

One important step to tackle this issue would be the 

development of a gold standard benchmark that allows the 

effective evaluation of semantic similarity measures.  

On the other hand, ontological-based semantic similarity 

measures are dependent on the quality and completeness of 

an ontology. Meanwhile, biomedical ontologies (such as 

SNOMED-CT), have several irregularities such as variable 

edge length, variable depth, and variable node density 

(Pesquita et al., 2009). Therefore, these methods should 

take these irregularities into account, since their accuracy 

can be affected by these issues. 

 

8. Conclusion 

Over the last decade, ontologies have become an 

increasingly important component of biomedical studies. It 

is due to the fact that they provide researchers with 

common terminologies to present information in a 

structured way, and so to be shared and reused easily by 

humans and computers. The main benefit of ontologies is 
that the hierarchy of concepts can be objectively compared 

through semantic similarity measures. 

This study offered a broad overview regarding 

ontologies and semantic similarity measures. Besides, it 

examined the current situation of SSM in biomedical 
domain based on a review of related works. We found that 

IC-based measures were typically more reliable, achieving 

higher correlation with experts‘ judgment, compared to 

path-based methods.  

In the biomedical domain no comprehensive study has 

been conducted in the recent years to evaluate states-of-the-
art measures with related works. Therefore, in the future, 

we aim to conduct a comprehensive study to evaluate all 

the proposed semantic similarity methods in biomedical 

domain, by using several ontologies and standard 

benchmarks; so as to gain a clearer insight about the 

performance of each method. 
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