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Abstract. In this paper, we present a weakly-supervised, general-purpose 
algorithm for IS-A relation extraction. The algorithm automatically identifies 
highly relevant triples for IS-A relation from a text collection and rank the 
triples through a combination of linguistic and statistical processing. The main 
features are: i) a method based on dependency structure analysis of texts, ii) a 
method to exploit domain knowledge based on distributional association of 
entities, and iii) a iterative and interactive measure of pattern and relation 
instance reliability. Experimental results show that the algorithm presented here 
has ranked patterns and instances in some ways preferable. As our approach is 
not dependent to IS-A relation, we can expand to the extraction of other relation 
types. 
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1   Introduction 

Recently, there is an increasing interest in automatically extraction of structured 
information from large corpora and, in particular, from the Web. Because of the 
characteristics of the web, it is necessary to develop efficient algorithms able to learn 
from unannotated data. New types of web content such as blogs and wikis, are also a 
source of textual information that contain an underlying structure from which 
specialist systems can benefit [1]. Especially, semantic relations extracted from such 
corpora are useful for many applications, including question answering, semantic web 
annotation and extension of lexical resources and ontologies [2]. 

In earlier information extraction task, simple regular expressions have been a 
common practice in matching particular patterns to a text to find useful information. 
As the complexity of the tasks increases and the relationships between the question 
and answer share far less similarities in the surface order of the words in question 
answering system, the performance of the method quickly declines in tackling more 
real-world type questions [3]. Relation extraction is therefore very much related to the 
problem of acquiring selectional restrictions for verb arguments in NLP. So, 
approaches based on sophisticated natural language processing methods capturing the 



syntactic relations or dependences between the entities in a sentence have developed 
[4, 5, 6]. 

Distributional information have been applied to weight relations and to extend 
patterns. Such weighting enables to remove erroneous or irrelevant relations [4, 7, 8] 
and to increase recall by extending reliable patterns. A reliable pattern is one that is 
both highly precise and one that extracts many correct relations. Correct relation is 
associated with many reliable patterns and its association with the reliable patterns is 
high [9]. 

The hyponymy or IS-A relation serves as a basis for the natural sub-concept/super-
concept hierarchy of ontology classes or instance to class membership. Compared to 
contextual subsumption based methods, pattern based methods show high precision 
but low recall. So pattern based method should be improved to raise recall with 
lessening precision minimally. We present an approach that is capable of 
automatically identifying highly relevant IS-A relations using pattern based approach 
where patterns and relations interactively co-trained. Matching procedure is based on 
syntactic structure of pattern and text structure to raise recall. Distributional 
information is exploited to find domain relevant relation. Because of our approach is 
general enough, it can be adopted for any other semantic relation typws, although the 
applied patterns may differ. 

The remainder of this paper is structured as follows. Section 2 describes related 
pattern based relation approaches and their pros and usability to support our approach. 
In Section 3, we give a detailed description of our approach: corpus, patterns, 
matching process and weighting algorithm. Section 4 describes the evaluation strategy 
and the methods we used for evaluation, and goes on with interpreting our results. 
Finally, Section 5 points out ideas for further work to be carried out in this direction 
and closes with concluding remarks. 

2   Related work 

Generalizing textual patterns (both manually and automatically) for the identification 
of relations has been proposed since the early nineties [10], and it has been applied to 
extending ontologies with hypernymy and holonymy relations [1, 11, 12]. 

Researchers have started to work in the direction of using natural language 
techniques to populate ontologies or to build accurate QA systems. They employed 
syntactic dependency parsers to produce linguistic triples to overcome limitation of 
not able to capture certain potentially relevant triples in simple pattern matching 
method. This allows capturing some implicit relations, such as indirect objects and 
long distance dependence relations. Litkowiski [13] have started to use natural 
language techniques to populate a database of RDFs, thus creating the premises for 
the automatic creation on ontologies to be used in the QA tasks. Reinberger ans Spyns 
[14], Sabou [15] and Specia & Motta [2] employ dependency structure for ontology 
learning. Reinberger and Spyns employ mainly statistical methods based on frequency 
information over linguistic dependencies (predicate-object, preposition-head noun) in 
order to establish relations between entities from a corpus of the biomedical domain. 
Sabou propose to use the documentation texts associated with Web services to extract 



relevant domain ontologies. She used standard NLP tools to develop head-matching 
ontological hierarchies. The paper evaluates two such ontologies for RDF(S) storage 
tools and bioinformatics services with respect to term extraction, suitability from an 
expert’s perspective, and a gold standard. Specia & Motta employed a syntactic 
dependency parser to produce linguistic triples to overcome limitation of not able to 
capture certain potentially relevant triples in simple pattern matching method.  

Semantic restrictions for relations have also exploited to remove irrelevant or 
erroneous relations which are hard to find in processes based on syntactic information. 
Gliozzo et al. [7] have exploited domain restriction hypothesis, claiming that 
semantically related terms extracted from a corpus tend to be semantically coherent. 
They integrated pattern-based and distributional aiming to capture both syntagmatic 
properties and domain properties of semantic relations. In view of syntagmatic 
properties, if two terms X and Y are in a given relation, they tend to co-occur in texts, 
and are mostly connected by specific lexical-syntactic patterns. In view of domain 
properties, if a semantic relation among two terms X and Y holds, both X and Y 
should belong to the same semantic domain (i.e. they are semantically coherent) 
where semantic domains are sets of terms characterized by very similar distributional 
properties in a domain specific corpus. Cimiano & Wenderoth [8] ranked qualia 
structures, representing four roles of lexical elements, using Web based measures. 
They assign high score to roles with if lexical elements and their role words of a role 
are highly co-related.  

Co-training is a technique which allows learning algorithms to work together by 
sharing their results. It operates by combining the sets of patterns returned after each 
iteration, thereby allowing the generalization algorithms to share information. In the 
case pattern based relation extraction task, pattern weighting and triple weighting are 
processed iteratively using each other’s results. Pantel & Pennacchiotti [9] iteratively 
assigned reliability scores patterns and relation candidates using each other’s 
reliability. Greenwood & Stevenson [16] presented a semi-supervised algorithm for 
the iterative learning of relation extraction patterns which makes use of a more 
complex pattern representation. Candidate patterns are accepted using pattern 
similarity measure to already accepted patterns. The measure compares patterns by 
following their structure from the root nodes through the patterns until they diverge 
too far to be considered similar. 

3   Proposed Approach 

We describe an approach to extract and rank IS-A relation based on linguistic analysis, 
domain knowledge and iterative ranking algorithm. What follows is the description of 
the corpus we used (3.1), linguistic analysis (3.2), identifying candidate triples (3.3), 
and domain knowledge (3.4), and finally iterative weighting the triples. 

3.1   Corpus description 

Our approach matches patterns to corpus in order to find relations and compile 
distributional knowledge from corpus to weight the relations. 



We worked on a document collection compiled from the Wikipedia 
(http://en.wikipedia.org), consisting of 26.5 million tokens in 100,000 articles. The 
collection comprises the articles of IT (Information Technology) categories such as 
‘computer science’, ‘information technology’ and their sub categories. Although some 
deep level sub categories, such as ‘commercial crimes’, a third level sub category of 
‘information science’, are less related to IT domain, most of the articles contain IT 
related information. Table 1 shows 10 most frequently referred Wikipedia articles 
from articles in our collection. The benefits of Wikipeida texts are two folds: Firstly, 
the size of texts is big enough to extract necessary information. Secondly, the texts are 
well categorized so we can manage articles based on their categories.1. 

Table 1. List of names and frequencies of highly referred Wikipedia articles in our collection 

Article name Referenced frequency 
computer 3,731 
software 3,460 

data 3,307 
operating system 3,284 

film 3,020 
television 2,777 

Linux 2,572 
radio 2,409 
set 2,409 

algorithm 2,397 

3.2   Linguistic analysis 

For the linguistic analysis, we used Connexor syntactic dependency parser2, which 
provides dependency structure along with grammatical function assignment, part-of-
speech and lemmatization. This allows capturing some implicit relations, such as 
indirect objects and long distance dependence relations. Fig. 1 shows an example of 
dependency structure. 

 

GMail/N is/V a/DET kind/N of/PREP service/N

pcomp

mod
det

comp
subj

web-based/A e-mail/N

attr attr

 

Fig. 1. Analyzed dependency structure for “GMail is a kind of web-based e-mail service.” 

                                                           
1 Currently, Wikipedia’s English version has over 1.8 million articles. 
2 http://www.connexor.com 



3.3   Identifying candidate triples 

Given a NLP processed text, the first step of the relation extraction approach is to 
identify linguistic triples, that is, sets of three elements with a syntactic relationship, 
which can indicate potentially relevant semantic relations [2]. The main type of triples 
aimed to be identified by our approach involves a “is a” expression as indicative of a 
potential IS-A relation and two noun phrases as entities linked by that expression. 
Followings are basic patterns for IS-A relation and their corresponding triples. They 
are commonly used patterns for definitions in dictionary. NPi is either a single noun 
or group of words containing a noun that function together as a noun. In a triple, first 
argument represents relational expression such as “is a” or “is a kind of”. Second and 
third arguments correspond to hyponym and hypernym, or instance and its class, 
respectively. We apply the patterns in the order of pattern 1 and pattern 2, because the 
former is stricter than the latter. 

 
1. NP1 is a NPR of NP2 → (is a NPR of, NP1, NP2) 
− Ex) GMail is a kind of web-based e-mail service. → (is a kind of, GMail, 

web-based e-mail service) 
 

2. NP1 is a NP2 → (is a, NP1, NP2) 
− Ex) Microsoft is a software company. → (is a, Microsoft, software company) 
 
Above patterns are represented as dependency structure in order to match 

corresponding dependency structure of texts. Fig. 2 shows a pattern represented as 
dependency structure and its corresponding triple. For further explanation, we refer 
entity pair (NP1, NP2) as instance, and linguistic expression embedding semantic 
relation such as “is a kind of” as relational expression. 

NP1 is/V a/DET NPR of/PREP NP2

pcompmod
det

comp
subj

(is a NPR of, NP1, NP2)

 
Fig. 2. A pattern for is-a relation and its corresponding matching triple. 

We applied number of linguistic knowledge in matching process as follows; 
 

− Triples having entities of referring expression are discarded because they are 
context dependent knowledge. Referring expression is an expression that refers 
different entities within the same context, and whose meaning therefore depends on 
the context in which it is used. Expressions “the computer”, “his computer” and 
“this” are examples of referring expression. 

− Adverb for verb and adjective for noun in relational expression are allowed in the 
matching process. So relational expressions such as “is a special type of” are “is 
also a kind of” matched to the pattern 1. 

− Triples having negates in relational expression are discarded. For example, a triple 
(is not a kind of, windows, computer) does not indicate IS-A relation. 



3.4   Domain knowledge 

Relation extraction approaches based on typical patterns suffer from a number of 
limitations due to complexities of natural language [7]. 

 
− Irrelevant relations: Some syntactically valid relations are not of interest in the 

domain at hand. In information technology domain, (is a, solaris, novel) is not as 
relevant as (is a, solaris, computer operating system).  
 

− Erroneous relations: These are particularly harmful, since they directly affect 
algorithm precision. A pattern-based relation extraction algorithm is particularly 
likely to extract erroneous relations if it uses broad coverage, noisy patterns. For 
example, “X is a Y”, the approach extract triple (is a, source code, component) 
which is not informative in that the “component” is too general to be hypernym of 
“source code” in taxonomy. 
 
− Ex) Source code is a vital component in the activity of porting software to 

alternative computer platforms. 
 
We apply domain knowledge to reduce above limitations by adopting distributional 

association of entities extracted from domain corpus. The main advantage of adopting 
distributional association for relation extraction is that they allow us to impose a 
domain restriction on the set of candidate pairs of related entities. We calculated 
domain association of entities using log-likelihood ratio as described in [17]. In his 
research, two words are associated if they co-occur in written language more 
frequently than expected from chance. Typical examples are the entity pairs (problem, 
solve), (unix, operating system) or (image, jpeg). 

3.5   Interactive weighting of relational expressions and instances 

We modified Espresso algorithm [9] to iterative version which associates domain 
knowledge. Espresso algorithm provides a principled measure for estimating the 
reliability of relational patterns (relational expressions) and instances. The intuition 
behind the algorithm is that a reliable pattern is one that is both highly precise and one 
that extracts many instances, and a reliable instance should be highly associated with 
as many reliable patterns as possible. Pattern reliability for a pattern p, rp(p), is 
defined as the average strength of association between a pattern p and each input 
instance i in I, weighted by the instance reliability ri of the instance i. Instances are 
then weight using reliability measure of patterns, similar to that adopted for patterns. 
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where pmi(i,p) is the pointwise mutual information between i and p, and maxpmi is the 
maximum pmi between all patterns and all instances. 



Reliability for a pattern p at k+1-th step, rp
k+1(p), is defined as the sum of 

reliability of previous step and the difference of the pattern’s reliability and average 
reliability of all patterns. Reliability increases if rp(p) is bigger than average reliability, 
and decreases otherwise. Initial pattern reliability is set as 0.5. 
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where rp(p) is calculated based on previous step instance reliability using Eq. 1. 
Reliability for a instance i at k+1-th step, ri

k+1(i), is defined as the sum of reliability 
of previous step and the difference of the instance’s reliability and average reliability 
of all instances. Initial instance reliability is set as distributional association of two 
entities as described in Section 3.4. 
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where ri(i) is calculated using current step pattern reliability using Eq. 2, and assoc(e1, 
e2) is distributional association between two entities in instance i. 

4   Experiment 

We extracted 19,706 candidate triples from our Wikipedia collection, using the 
patterns described in Section 3.3. The triples are connected by 1,593 kinds of 
relational expressions. 

Fig. 3 shows changes of reliability of instances as reliability measuring algorithm 
iterates 100 times using Eq. 3, 4. Each line is for one instance i.e. a pair of hyponym 
and hypernym. Although, all the instances embed IS-A relation, reliabilities of the 
instances vary after 100 iterations. Reliabilities of (distortion, deformation) and (body 
painting, body art) have not changed although their initial values were high. The 
reason is that those instances are linked by less reliable patterns ‘refer to kind of’ and 
‘be a form of”, respectively. Other instance are linked by highly reliable patterns such 
as ‘be a kind of’ or ‘be a type of’. 



0

2

4

6

8

10

12

14

16

0 1 2 3 4 9 19 29 39 49 59 69 79 89 99

Iteration

R
e
li
a
b
il
it
y

distributed computing,parallel
computing

role-playing game,game

time management,self-management

metadata,data

email filter,user software

distortion,deformation

winnuke,nuke

body painting,body art

 
Fig. 3. Change of instance reliability from 1st to 100th iteration 

Table 2 shows top 10 reliable patterns (relational expressions) and their reliabilities 
after first and 100th iteration. Two lists are almost same except one relational 
expression, ‘be a set of’ in first iteration and ‘as be a type of’ in 100th iteration. 
Intuitively, ‘be a set of’ is less reliable pattern for IS-A relation and ‘as be a type of’ is 
highly associated to IS-A relation. Ranking of ‘be a type of’, ‘be a kind of’ has gone 
up after 100th iteration. They are typical patterns for IS-A relation identification. After 
fist iteration, variation of the reliability is not so high, however after 100th iteration, 
variation of the reliability has increased. This fact means that the reliability of highly 
reliable patterns has trained in the iteration process using reliable instances which are 
highly associated to the patterns, as we assumed. 

Table 2. Top 10 reliable relational expressions for IS-A relation and their reliability after first 
and 100th iteration 

1-th Iteration 100-th Iteration 
Rank 

Relational expression Reliability Relational expression Reliability 
1 be a 0.67 be a 16.80 
2 refer to 0.57 be a type of 13.37 
3 be a type of 0.55 refer to 11.33 
4 be a form of 0.54 be a form of 5.32 
5 be the name of 0.54 be the name of 4.85 
6 be also a 0.53 be also a 3.75 
7 be a method of 0.52 be a kind of 3.54 
8 be a series of 0.52 be a series of 3.49 
9 be a set of 0.52 be a method of 3.22 

10 be a kind of 0.52 as be a type of 3.16 



Fig. 4 shows change of precision of top 50 ranked instances for each 10th iteration. 
Two human judges verified the instances independently. When two of them agreed as 
correct, the relation was determined as correct. As we anticipated, precision increase 
as iteration goes. Because pattern based IS-A relation extraction is relatively easy 
compared to other relation types, in sense that patterns for IS-A relation is explicit, 
precision increase smoothly. Another point in this graph is that we can extract more 
instance/concept relations such as (Computing, magazine), (Dinobot, transformer) 
than sub/super concept relations. The reason is that many instance/concept relations 
are connected by ‘is a’ expression which is the most reliable pattern. 
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Fig. 4. Number of correct instances among top 50 ranked instances for each 10th iteration. 
Number of sub/super concept relations and instance/concept relations among correct instances. 

5   Conclusion 

We proposed a weakly-supervised, general-purpose approach for ranked IS-A relation 
extraction. The approach extracts candidate IS-A relations using dependency structure 
based patterns, and ranks the candidates using domain knowledge and interactive 
pattern reliability and instance reliability mechanism. Dependency structure based 
pattern matching enables flexible matching thus raises recall. Domain knowledge 
based on distributional association enables to extract domain specific entity pairs. 
Finally, iterative, interactive reliability weighting mechanism enables to rank IS-A 
relations. Experimental results show that the algorithm presented here has ranked 
patterns and instances in some ways preferable. The approaches of the automatic 
extraction of IS-A relation from textual data can be adopted for other semantic 
relation, although the applied patterns may differ. 
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