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Abstract: With the change of information, the existing ontology cannot satisfy users’ requirements. 
In order to realize the extension of ontology concepts and reduce the excessive dependence on 
domain experts, an ontology concept update method is proposed. Based on WordNet, the 
calculation of IC(Information Content) is improved, and then we propose a new hybrid 
measurement to calculate semantic similarity. Due to the data and object properties of ontology are 
ignored by the semantic similarity methods, property similarity is added to make an adjustment. 
Through experiments and comparison, the Pearson correlation coefficient between the improved 
semantic similarity method and the standard datasets is higher than other related methods, and the 
result is closer to human subjective judgment. The ontology concept update method is used to 
analyze a constructed ontology of academic conference. The results show that this method can 
update the ontology concept, and has certa. 

1. Introduction 
The ontology allows users and computers to communicate more accurately through semantics 

rather than syntax. With the construction and application of various domain ontologies, there exist 
some restrictions on the development of ontologies. Domain ontology relies on experts to build it 
manually, and limited resources may lead to the loss of some entities and relations in the process of 
ontology construction [1]. In addition, with the constant update of information, the existing 
ontology also needs to be added with new concepts [2]. In order to make ontology have as many 
entities and properties as possible, ontology concept update is needed to improve and enrich the 
content of ontology. At present, the methods of adding new concepts to ontology can be divided 
into updating by experts manually or updating automatically using algorithms [3]. This paper 
proposes an ontology concept update method based on hybrid semantic similarity. 

With the further study in ontology, more researchers propose to calculate concept similarity with 
a structured domain ontology, the semantic information in WordNet ontology is widely used in 
similarity measurement. At present, the similarity calculation methods based on WordNet are 
mainly divided into four types: distance-based, feature-based, IC-based and hybrid-based method [4, 
5]. The distance-based method utilizes the shortest path between two concept nodes, and the longer 
the distance, the lower the similarity. The accuracy of this method is usually not very high because 
the distance-based method uses less semantic information. The feature-based method considers the 
shared properties between two concepts, such as comparing the coverage of two concepts in 
WordNet. The process of this method is often sophisticated and the results are not accurate enough, 
so it is not widely used. The IC-based method considers the semantic information contained in the 
concept node, and the IC value is calculated with a corpus. For two given concepts, if they share 
more information, they are more similar to each other. Since this method relies on a corpus, it is 
necessary to consider the domain to which the ontology belongs when selecting the corpus. In 
recent years, the hybrid-based method has been widely applied. The hybrid-based method combines 
the advantages of various methods, effectively utilizes the hierarchical structure between concept 
nodes and the information contained in concepts. This method usually obtains more accurate 
results. 
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The following is a brief introduction to this paper. The second part introduces some related work 
and our new IC model, then proposes a new hybrid semantic similarity method based on our IC 
model. The third part introduces an ontology concept update method. The fourth part shows the 
result of related experiments. The last part is a summary of this paper. 

2. A Hybrid Semantic Similarity Method based on WordNet 
2.1 Related Work 

WordNet [6] is an English semantic dictionary which is widely used. It expresses all terms and 
concepts in the form of synonym sets [7], each synonym set has a brief definition description and a 
semantic relationship of the synonym set. WordNet provides a hierarchical structure for each term, 
so it is suitable for measuring semantic similarity. A part of WordNet 3.0 is shown in Fig. 1. 

Since some terms have multiple definitions, they may appear in different concept nodes. If 1w  
and 2w  are two words, 1( )synset w  and 2( )synset w  are the synonym sets to which the two 
concepts belong, we define the semantic similarity as: 

1 1 2 2
1 2 1 2

( ) ( )
( , ) { ( , )}

c synset w c synset w
Sim w w max Sim c c

∈ ∈
=

，
 

 
Figure 1. A part of WordNet 3.0 

Here, we define some notions used below: 
( , )i jSim c c : The similarity between concept ic  and jc . 

( , )i jlength c c : The length of the shortest distance from concept ic  to jc  in WordNet, e.g. 
( , ) 4length scale group = . 

( )iDepth c : The length of the distance from concept ic  to the root entity , e.g. ( ) 3Depth fluid = . 

maxDepth : The maximum depth of all the concept nodes in WordNet. 

1 2( , )LCA c c : The lowest common ancestor of ic  and jc , e.g. ( , )LCA group abstractionmeasure = . 
( )iIC c : The information content of synset ic . 

( )iP c : The probability of concept ic  appearing in WordNet. 
( , )i jDistance c c : The IC distance between concept ic  and jc . 

( )hypo c : The number of hyponyms of concept ic , e.g. ( ) 4hypo benchmark =  
NodeMax : The number of all the concept nodes in WordNet. 
Leacock and Chodorow [8] considered the distance between the two concepts and the depth of 

the concept node in the semantic dictionary: 
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1 2
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( , )
( , ) log( )

2
length c c
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= −
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However, this method has the same result when the two concepts have the same distance. 
Therefore, Wu and Palmer [9] considered using the depth of their LCA to solve this problem: 

1 2
1 2

1 2 1 2

2 ( ( , ))
( , )

2 ( ( , )) ( , )
Depth LCA c c

Sim c c
Depth LCA c c length c c

×
=

× +
 

Resnik’s [10] IC-based approach is expressed that calculating the IC value of their LCA between 
the two concept nodes, and then the IC value can represent the similarity: 

1 2 1 2( , ) ( ( , ))

( ) log( ( ))

Sim c c IC LCA c c

IC c P c

=

= −
 

Lin [11] improved Resnik’s approach that if there are two different concept pairs with the same 
lowest common ancestor, these two pairs will have the same IC value, so it is necessary to consider 
the IC value of the concept itself: 

1 2
1 2

1 2

2 ( ( , ))
( , )

( ) ( )
IC LCA c c

Sim c c
IC c IC c
×

=
+

 

Jiang and Conrath [12] proposed a semantic distance metric using IC value: 
1 2 1 2 1 2( , )= ( ) ( ) 2 ( ( , ))Distance c c IC c IC c IC LCA c c+ − ×  

1 2 1 2( , ) 1 / ( , )Sim c c Distance c c=  
Nuno’s method [13] proposed that if a concept has more hyponyms, it can have less information 

content, so the method’s IC value is expressed by: 
log( ( ) 1)

( ) 1
log( )

hypo c
IC c

NodeMax
+

= −  

If the numbers of hyponyms are the same, then Nuno’s method cannot distinguish them. Zhou et 
al. [14, 15] improved Nuno’s method that they use the depth of the concept itself, the IC value and 
the semantic similarity are expressed below with k = 0.5: 

max

log( ( )) log( ( ) 1)
( ) (1 ) ( ) (1 )

log( ) log( )
Depth c hypo c

IC c k k
Depth NodeMax

+
= − × + × −  

1 2 1 2 1 2
1 2

max

log( ( , ) 1) ( ) ( ) 2 ( ( , ))
( , ) 1 ( ) (1 ) ( )

log(2 1) 2
length c c IC c IC c IC LCA c c

Sim c c k k
Depth

+ + − ×
= − × − − ×

× −
 

2.2 A New IC Model 
Many studies show that the semantic similarity results are more accuracy by using the IC value 

based on WordNet. With the methods expressed above, we can see that the IC model cannot 
distinguish different concepts effectively. From Fig. 2, it is noticed that two concepts may have the 
same number of hyponyms, but the structures of hyponyms differ. Take C5 and C6 as an example, 
the hyponyms of C5 and C6 are both 2, but with Nuno’s or Zhou’s method, the IC value of C5 and 
C6 are the same. 
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Figure 2. An abstraction of hyponyms in WordNet 3.0 

So we assume that the information content is also depended on the structure of hyponyms. So, 
the IC value is depended on the number of hyponyms, the depth of the concept itself and the 
structure of hyponyms. From above, a new IC model is proposed, referring to Meng et al. [16, 17]: 

 

( ) ( )( )

( ) ( )
max

1
log( 1)

( )( ) (1 )
log( )

Depth c Depth cw hypo c

new Depth c Depth c

e eDepth wIC c
Depth e e

θ θ

θ θ

× − ×∈

× − ×

+
−

= − ×
+

∑
         (1) 

 
In formula (1), θ  is a weighted factor and 0θ > . When the concept is a root node, ( ) 0newIC c = , 

the IC value ranges from 0 to 1. 

2.3 A Hybrid Semantic Similarity Method 
From above, we analyze the advantages and disadvantages of different semantic similarity 

methods. Distance-based methods are simple but not very accurate, they consider the hierarchy of 
the concepts. IC-based methods consider the semantic information of the concept but ignore the 
hierarchical information. Therefore, we need to use information content to make up the 
disadvantage of distance-based methods, and propose a new hybrid semantic similarity method: 

 
1 2

1 2

( ( , ))

( ) ( ) 1max
1 2 1 2

1 2

( , ) (1 ( , ) )
2 ( ( , ))

new

new new

IC LCA c c

IC c IC c
ours

Depth
Sim c c length c c e

Depth LCA c c

a− ×
+ −= + × ×

×
     (2) 

 
In formula (2), α  is a weighted factor and 0α > , which can adapt during the experiment. 
Our method considers both the hierarchy in WordNet and the semantic information of the 

concept. The method combines the distance between two concepts, the depth of their LCA, and the 
IC value of each concept using our new IC model. It can effectively improve the accuracy of the 
results. 

3. An Ontology Concept Update Method based on Semantic Similarity 
Ontology concepts are different from the concepts in WordNet, they are usually described by 

properties from two types: data properties and object properties. If two concepts have more 
properties in common and fewer different properties, the two concepts are more similar to each 
other. If two concepts have completely different properties, it means there is no connection between 
them. The ontology concept similarity contains the semantic similarity and the property similarity. 
From above, we propose a semantic similarity method and here, we propose a method to calculate 
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the property similarity. For two given concepts, A is an ontology concept, and B is a new concept to 
be added. 

Step 1: Convert each property into a word set through word splitting, stopwords removing, 
abbreviation restoring and stemming. Because the property might be a word composed by 
abbreviations. For example, a property name is numOfAttendees : 

 

 

( , , ) ( , )
                          ( , ) ( , )

 word splitting

abbreviation rest

stopwords removing

steor nging mmi

numOfAttendees num Of attendees num attendee
num attendees number attendee

→ →

→ →
 

Therefore, the property sets of concept A and B can be transferred into two word sets. It is 
expressed by: 

 

1 2 1 2{ , , , },  { , , , }A m B nproperty a a a property b b b= =               (3) 
 

In formula (3), (1 )ia i m≤ ≤  represents a word in the property of concept A, (1 )jb j n≤ ≤

represents a word in the property of concept B, m and n represent the number of words converted 
from the property of concept A and B. 

Step 2: Constructing the similarity matrix. ijsp  Represents the semantic similarity between the 
word ia  and jb : 

 

11 12 1

21 22 2

1 2

,    ( , )

n

n
ij ours i j

m m mn

sp sp sp
sp sp sp

sp Sim a b

sp sp sp

= =

 
 
 
 
 
 





   



SP              (4) 

 
Step 3: Traverse the matrix and get the largest similarity score, then delete all the elements in the 

row and column where ijsp  locates to get the matrix SP' . Repeat Step 3 until the matrix is null, 
we can get a sequence of the largest similarity score, recorded as 1 2{ , , , },  min( , )kd d d d k m n= = . 
Step 3 actually finds the most similar pair of words every time. 

Step 4: Calculate the property similarity between concept A and concept B, using the sequence 
d : 

 

1

1
( , )prop

k

i
i

Sim A B d
k =

= ∑                            (5) 

 
Therefore, we can get the property similarity of the ontology concepts, plus the semantic 

similarity of the concepts, we propose an ontology concept similarity method: 
 

( , ) ( , ) (1 ) ( , )onto ours propSim A B Sim A B Sim A Bγ γ= × + − ×               (6) 
 

In formula (6), γ  represents a weighted factor, and 0γ > . From the experimental results, when 
( , ) 0oursSim A B = , 0.1γ = ; When ( , ) 0propSim A B = , 0.9γ = ; Otherwise, 0.5γ = . 
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Therefore, the process of ontology concept update method is proposed below: 

Algorithm: Ontology Concept Update Method 
Input: A concept newC  to be added to the ontology, the property set of newC  is 

1 2{ , ,..., }new uproperty p p p=  
Output: The most similar concept outputC in the ontology (the number of the concept is n) to 

newC  
a) Use formula (2) to calculate the semantic similarity between Cnew and every concept in the 

ontology, then get a sequence of concept semantic similarity: 1 2_ { , ,..., }ours nsim set x x x= ; 
b) Use formula (4) and (5) to calculate the property similarity between Cnew and every concept 

in the ontology, then get a sequence of concept property similarity: 1 2_ { , ,..., }prop nsim set y y y= ; 
c) Use formula (6) to calculate the ontology similarity between Cnew and every concept in the 

ontology, then get a sequence: 1 2_ { , ,..., }onto nsim set u u u= . 
d) Get the largest similarity score from _ ontosim set , then get the most similar concept outputC . 
e) Generate a new concept node in the ontology, and then add newC  to it. 

Through the above operations, the ontology concept can be updated automatically. 

4. Evaluation 
In this part, we use some standard datasets to verify the validity of our new IC model and the 

hybrid semantic similarity method. The experiment is based on WordNet 3.0 with the SemCor 
Corpus [18]. We choose MC30 [19], RG65 [20], WS353 [21], WS353-sim203 [22], SimLex999 
[23], Mtruk287 [24], which are all standard datasets used to evaluate different semantic similarity 
methods. Every line of the datasets is represented by a triple set 1 2( , , )Word Word score , it means that 
the manual rating of the similarity between 1Word  and 2Word  is score . We use the Pearson 
correlation coefficient as a measurement to evaluate the quality of different IC models and 
similarity methods. If the correlation coefficient of the model or method is larger, the result is more 
precise. 

4.1 Verifying the validity of the New IC Model 
We use Lin’s method and MC30 dataset to experiment and discover that when 0.2θ =  and

2.5α = , the correlation coefficient is the largest. The following experiment also uses the results of 
these weighted factors. In Table 1, Lin (corpus), Lin (Nuno), Lin (Zhou), Lin (Meng) represents the 
IC model based on SemCor corpus, Nuno, Zhou et al. and Meng et al. The comparison between our 
IC model and others is shown in Table 1. 

From Table 1, we can discover that our IC model gets a larger correlation coefficient than others, 
the new IC model is more suitable for calculating semantic similarity based on WordNet. 

Table 1. Comparison of different IC models using Lin’s method on MC30 

Similarity Method Pearson Correlation Coefficient 
Lin(corpus) 0.737 
Lin(Nuno) 0.830 
Lin(Zhou) 0.811 
Lin(Meng) 0.832 
Lin(Ours) 0.841 
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4.2 Experiment of the Improved Hybrid Semantic Similarity Method 

We compare different similarity methods on standard datasets. The results are shown in Table 2. 
Table 2. Comparison of different semantic similarity methods on standard datasets 

Similarity Method MC30 RG65 WS353 WS353-sim203 SimLex999 Mtruk287 
Wu&Palmer 0.722 0.733 0.216 0.468 0.175 0.422 

Jiang&Conrath 0.473 0.575 0.227 0.326 0.228 0.117 
Leacock&Chodorow 0.784 0.841 0.315 0.581 0.281 0.370 

Lin 0.747 0.737 0.268 0.502 0.401 0.399 
Resnik 0.811 0.824 0.341 0.627 0.344 0.450 
Zhou 0.812 0.841 0.343 0.657 0.402 0.439 
Meng 0.823 0.854 0.367 0.649 0.397 0.514 
Ours 0.850 0.872 0.394 0.678 0.448 0.480 

From Table 2, we discover that our semantic similarity method receives a good effect on the 
small dataset MC30 and RG65. However, when the dataset is larger, the effect of the method is not 
very good. We infer that there exist some word pairs with unexpected results comparing to the 
expected score. When the dataset is getting larger, the number of these word pairs increases and 
influences the final results. However, our method gets a better score on different standard datasets 
comparing to other methods, and it improves the accuracy of semantic similarity calculation. 

4.3 Experiment of the Ontology Concept Update Method 
We do some experiments on an academic ontology called “Conference” from MapOnto [25] and 

expand some properties to the concept. The ontology contains 27 ontology concepts and 143 
ontology properties. A part of the ontology is shown in Fig. 3. We prepare some concepts to be 
added which is shown in Table 3, and due to the results are quite large, we just list the most similar 
concept matching with the new concept. The results are shown in Table 4. 

 
Figure 3. An ontology of academic conference 

Table 3. Comparison of different semantic similarity methods on standard datasets 

Name Data Properties Object Properties 
co_chair {name, eventTitle, venue} null 
meeting {title, time, year, numOfAttendees} {hasVenue} 
report {title, speaker, startTime, endTime} {hasPresenter} 
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Table 4. The results of Ontology Concept Update Method 

newC  outputC  ( )ours new outputSim C ,C  ( )prop new outputSim C ,C  ( )onto new outputSim C ,C  
co_chair chair 0 0.817 0.735 
meeting conference 0.906 0.715 0.811 
report presentation 0.773 0.421 0.597 
From Table 4, we can see that, the ontology can expand properties when using our ontology 

concept update method, the ontology similarity can make up the lack of semantic similarity, e.g. 
co_chair. And our method fits the manual judgment, it can reduce the dependence on the experts. 

5. Conclusion 
A new IC model based on WordNet is proposed in this paper, then we construct a hybrid 

semantic similarity method considering the distance between two concepts, the depth of the concept 
itself, and the information content. Comparing to other different similarity methods, our IC model is 
more suitable for calculating the information content, and the method gets a better correlation 
coefficient on the standard datasets. Finally, we propose an ontology concept update method using 
property similarity to make up the lack of semantic similarity. From the experimental results, we 
verify that the ontology update method is effective for expanding new concepts and can reduce the 
dependence on the experts. 
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