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Abstract. A feature based relation classification approach is presented, in 
which probabilistic and semantic relatedness features between patterns and 
relation types are employed with other linguistic information. The importance 
of each feature set is evaluated with Chi-square estimator, and the experiments 
show that, the relatedness features have big impact on the relation classification 
performance. A series experiments are also performed to evaluate the different 
machine learning approaches on relation classification, among which Bayesian 
outperformed other approaches including Support Vector Machine (SVM). 
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1   Introduction 

Extracting relationships between entities from text is one of the most challenging 
issues in information extraction. The task of relation extraction is identifying 
relationships between two or more entities in given context. Feature-based relation 
extraction, which has been broadly employed in these years [1-3], investigates various 
features including lexicon, part-of-speech (POS) information, syntactic information 
and semantic knowledge to represent relation candidates, and classifies the relations 
with diverse classifiers.  

In this paper, aiming at building domain ontology from texts, the problem of intra-
sentence relation extraction is dealt with. The relation candidates are detected from 
Wikipedia texts with lexical patterns, and classified into certain relation types which 
are predefined for IT domain. The well known features, including word, POS and 
syntactic information [1-3], are employed with the relatedness features between 
patterns and relation types which are proposed in this paper. The relatedness 
information is acquired from WordNet [4] – which is semantic relatedness 
information; and from training corpus – which is probabilistic relatedness information. 
The experiments in this paper show that the relatedness information contributes to the 
classification performance in a significant way.  

The evaluation on feature impact is also an important issue in feature based 
relation classification. To adopt the features in the order of their importance and avoid 
employing noisy features, we evaluated the impacts of all features by using Chi-
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square estimator [5]. The experiments show that, the relatedness features have big 
impact on the relation classification performance.  

The contributions of this paper are as following: 1) semantic and probabilistic 
relatedness features are proposed for feature-based relation classification; 2) the 
importance of each feature set is evaluated, so that the features can be adopted 
gradually based on their importance; 3) a series experiments are performed to 
evaluate the different machine learning approaches on relation classification task.  

The rest of the paper is organized as follows: Section 2 gives the problem 
definition. Section 3 presents how the relation types and patterns are selected, with a 
description on entity detection and pattern-based relation detection. Section 4 presents 
in detail the feature sets which are employed in this paper. Section 5 describes the 
experimental evaluation, and draw to conclusion in Section 6. 

2   Problem Description 

The research problem of this paper is extraction of explicit relationships between 
entities occur in a sentence. The entities can be domain specific terms, noun phrases, 
and named entities. The entities and the relation candidates are detected by a pattern 
matching approach, and then classified to certain relation types. Given entities e1 and 
e2 occur in context W, which matches given pattern p. What we want to predict is its 
relation type r: 

                 f:(e1, e2, p, W) �r 
The relation candidates are represented with features, and then put into the relation 

classifier to predict its relation type r. The relation classifier is trained with labeled 
data, which already verified by human annotators.  

The relation type r can be one of isa, usedFor, produces, provides, and no-relation. 
Considering each relation type already has its own patterns predefined, the multi-
classification task can be transferred into a binary classification task, in which the 
predicted result (classification category) is either yes or no for certain relation type r.  

3   Pattern-based Relation Detection 

3.1   Relation Types and Patterns 

The four relation types in this paper are selected according to their frequencies in IT 
domain:  

- isa: a subclass or instanceOf relation between two classes or an instance and a class.  
- usedFor: in a relation of “A usedFor B”, domain A can be used for, or used in B.   
- produces: range is generated, created, or manufactured by domain.  
- provides: range is offered, provided, or supported by domain.  
Not only the relation types, but also the lexical patterns are predefined for each 

relation type. For example, isa relation has patterns “be, be a form of, such as”, 
provides has patterns “provide, offer, invest”, produces has patterns “produce, invent, 
establish”, usedFor has patterns “be used for, be used as, be available for”. In practice, 
the patterns consist of a sequence of word and POS pairs with syntactic dependency 
relations among the words. Figure 1 shows an example of dependency structure for a 
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sentence “GMail is a special kind of free web-based e-mail”, which matches a 
predefined isa pattern. In the pattern, noun phrases annotated as Domain and Range 
match to entities in text to identify hypernym and hyponym of isa relation. This 
pattern can capture potentially relevant linguistic relations which are hardly found in 
simple pattern matching method.  

NP1 is/V kind/N of/PREP NP2

pcompmoddet
comp

subj

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

pcomp
mod

det

comp

subj

web-based/A e-mail/N

attr

isa(GMail, web-based e-mail)

special/A

attr

a/DET
(Domain)

(Range)

Pattern

Parsed text

Matched 
relation

free/A

attr

MAIN

 

Figure 1. A pattern, parsed text and matched isa relation. 

3.2   Pattern Matching 

We analyze dependency structure of Wikipedia text to apply the defined dependency 
based patterns. For the linguistic analysis, we use Connexor syntactic dependency 
parser [6], which provides dependency structure along with grammatical function 
assignment, part-of-speech and lemmatization (Figure 1). After the linguistic analysis, 
we recognize entities in sentences. The entities are matched Domain or Range nodes 
of patterns and become two arguments in relation candidates. Nouns or noun phrases 
equal to Wikipedia page names are recognized as entities. In Figure 1, “GMail” and 
“web-based e-mail” are selected as entities. 

The analyzed sentences are matched to the list of patterns sequentially. For a given 
pattern, starting from main node, its child nodes are recursively matched to the 
sentence structure. In Figure 1, once the main node “is/V” is found in a sentence 
structure, its two nodes and their links, (is/V�subj�NP1) and (is/V�comp�kind/N), 
are checked again. Referring expression and negative expression are not allowed in 
matching process although their syntactic structure matches to a pattern. Referring 
modifiers, such as “the”, “his” and “this”, refer other entities within the same context, 
and whose meaning depends on the context where it is used. Modifiers such as “not”, 
“no” and “neither” contribute to negative relations. Structure based pattern matching 
enables to extract long distance relations by modifiers or nested phrases. 

4   Feature-based Relation Classification 

Select what kind of features has strong impact on the classification performance. The 
features computed in this paper are described below, with an example of parse tree 
given in Figure 2 for a sentence “Application streaming is a relatively new form of 
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software distribute method using application virtualization”. The relation candidate 
(application streaming, software distribute method) is extracted with an isa pattern 
“be a * of”. 

 Figure 2. The parsing results on given example. 

Word features: the most basic features the relation candidate has. It includes the 
string which match the pattern (PAT_be_a_relatively_form_of), the main word of the 
pattern (PAT_be), the domain and range entities of the relation candidate 
(DOM_application_streaming, RAN_software_distribution_method), the headwords 
of the entities (WH1_streaming, WH2_method), and all words of the two entities 
(WM1_application, WM1_streaming, WM2_software, WM2_distribution, 
WM2_method).  

Context features in word level: the words after the domain entity (WA#) and before 
the range entity (WB#) in the parse tree. # can be 1 or 2, means the position of the 
words in the context: 1 is right before or after the entity, 2 is the other one (WB1_of, 
WB2_form, WA1_be, WA2_a). It is also a word level feature.  

POS features: POS tag of all above word level features (PM1_N, PM1_N; PM2_N, 
PM2_N, PM2_N; PB1_PREP, PB1_N; PA1_V, PA2_DET). 

Syntactic features: syntactic tags of all above word level features (TM1_>N, 
TM1_NH; TM2_>N, TM2_>N, TM2_NH; TB1_N<, TB2_NH; TA1_VA, TA2_>N).  

Dependency features: dependency tags of all above word level features (RM1_attr, 
RM1_subj; RM2_attr, RM2_attr, RM2_pcomp; RB1_mod, RB2_comp, RA1_main, 
RA2_det). 

Relatedness features: the probabilistic relatedness information between the pattern 
and the relation type (PATProb:0.7), the probabilistic and semantic relatedness 
information between the main word of the pattern and the relation type 
(PATMainProb:0.5, PATSim:1).  

Probabilistic relatedness information is acquired from labeled data, by calculating 
the percentage of positive cases of the patterns (or main words of the patterns) in the 
relation type. Actually it is the accuracy of the patterns shown in pattern matching 
procedure. For example, the pattern “be a form of” has 71.87% of accuracy 
(PATProb:0.7), and the patterns which have “be” as their main words have accuracy 
53.02% in average (PATMainProb:0.5).  

The semantic relatedness between the main word “be” and the relation type isa is 1 
(PATSim:1), it is acquired from WordNet. For certain relation type, collect the main 
words of its patterns {w1,… wi,…wn}, for example, {use, employ, available} for 
relation type usedFor, the semantic relatedness between the main word wi and the 
relation type r, is related to how many semantically closed words employed for the 
relation type. The more similar words of wi employed in the patterns for the relation 
type r, the higher relatedness score wi gains for r (Equation 1). The relatedness score 
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wi is normalized by the maximum score among all main words {w1,… wi,…wn}, 
which means, the relatedness score is a positive decimal less than 1 (Equation 2).  

Let dis(wi, wj) indicate the distance between wi and wj in WordNet, sim(wi) be the 
semantic relatedness of wi, , we have:  

1

( ) 1/ ( , )
n

i i j
j

score w dis w w
=

=∑  (1) 

1
( ) ( ) / {max ( )}

n

i i j
j

sim w score w score w
=

=  (2) 

In equation (1), the distance of the words in the same synset is 1, the one of direct 
hyponym and hypernym is 2, and it is infinity if there is no path between two words 
in WordNet.  

To given example {use, employ, available} for relation type usedFor, score(use) 
and score(employ) are both 2, while score(available) is 1, because dis(use, employ)=1 
(these two words are in the same synset in WordNet), and dis(available, available)=1 
too. According to equation (2), the final semantic relatedness sim(use) is 1, while 
sim(available) is 0.5. 

5   Experiments 

5.1   Evaluation Method 

Four different possible outcomes of a single prediction are described in Table 1. The 
true positive and true negative are correct classifications. A false positive is when the 
outcome is incorrectly predicted as yes (or positive), when it is in fact no (negative). A 
false negative is when the outcome is incorrectly predicted as negative when it is in 
fact positive. Precision, recall and F-measure are evaluated for positive cases of 
relation r; while accuracy is evaluated for both cases.  

Table 1. Different outcomes of binary prediction 

 
Predicted results 

Yes No 

Actual results 
Yes True positive (a) False negative (b) 
No False positive (c) True negative (d) 

 
a
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a c

=
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a
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+
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×
+

 
a d

A
a b c d

+=
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 (3) 

5.2   Dataset and Performance 

Wikipedia pages in IT domain are downloaded for the experiments. The relation 
candidates are extracted from the first sections of the pages, which normally are 
definitions and core descriptions, by matching predefined patterns on parsed texts. 
Connexor parser [6] is used for parsing, a machine learning software WEKA [7] and 
SVM toolkit LibSVM [8] is adopted for relation classification.  
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Table 2. Dataset  

Relation type 
Pattern 
number 

Training set 
(positive cases) 

Test set 
(positive cases) 

isa 89 35,389 (54.7%) 1,158 (50.2%) 
usedFor 22 720 (43.2%) 126 (42.9%) 
produces 46 1,038 (51.4%) 155 (38.1%) 
provides 17 1,803 (48.2%) 317 (47.3%) 

The data set used in the evaluation is as Table 2: the first column is the relation 
type; the second column shows the number of patterns which are adopted in the 
relation candidate extraction; the relation candidates which already verified by human 
annotators are separated to training set in third column and test set in forth column, 
where the percentages of positive cases show how many of the candidates are really 
hold the relation type - it is the accuracy of pattern matching module indeed, and can 
be considered as baseline of the relation classification system.  

The evaluation results on the different relation types are given by Bayesian 
classifier in WEKA [7] (Table 3).  

Table 3. Performances on different relation types  

Relation type Accuracy Precision Recall F-measure 

isa 74.7% 70.5% 82.5% 76.0% 

usedFor 61.2% 54.0% 69.0% 60.6% 

produces 71.0% 67.8% 68.8% 68.3% 

provides 64.7% 63.0% 64.4% 63.7% 

5.3   Evaluation on Feature Selection 

For the evaluation of features, we evaluated the impact of all features using Chi-
square estimator [5] which is provided by WEKA [7]. The Chi-square evaluates 
features individually with respect to the classification categories in training data. The 
average ranking of each feature is as following: word and context feature sets are on 
the top, then relatedness feature set is next, with POS feature set, dependency feature 
set, and syntactic feature set follow next.  

 
Figure 3. The contribution of feature sets for isa relation classification (Bayesian). 
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To evaluate the contribution of each feature set, we conducted iterative isa relation 
classification experiments with Bayesian classifier. New feature set is increasingly 
added in the order of Chi-square ranks. From Figure 3, we can see that as the feature 
sets are added, both accuracy and F-measure also increased. Although precision do 
not significantly changed, recall increases significantly as features are added. This 
result indicates that we can detect correct relations using simple word-level 
information such as ‘word’ and ‘context’ feature sets; however, to extract more 
relations (to increase recall), we need to apply additional information because the 
features generalize conditions for relation extraction.  

5.4   Evaluation on Different Machine Learning Approaches 

The performances of Bayesian classifier, Naïve Bayesian classifier, Nearest Neighbor 
classifier, decision tree, and SVM are evaluated in this section. The prior four 
classifiers are provided by WEKA [7] and SVM is provide from LibSVM [8].  

Bayesian classifier and Naïve Bayesian classifier are simple probabilistic 
algorithms which apply ‘Bayes' theorem’. The term ‘Naïve’ is because it is based on 
the assumption that the attributes on the training samples are independent and there is 
no hidden or latent attributes [9]. Instance based learning is a non-parametric 
inductive learning paradigm that stores training instances in a memory on which 
predictions of new instances are based. In our experiment, we used IB1 [10], a NN 
classifier that uses Euclidian distance metric. Decision tree is a top-down induction 
method. C4.5 is the advanced version of decision tree algorithm [11]. SVM, based on 
a statistical learning theory, starts to learn the data in the high dimensional feature 
space, in the learning phase, by minimizing the magnitude of the weight vector 
constrained by the separation into an unconstrained problem with the help of 
multiplier parameter. In this stage, SVM extracts the support vectors only. Based on 
the support vectors information, SVM produces the final output function in the 
decision phase [12]. 
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Figure 4. Comparison of different relation classifiers for isa relation 
As Figure 4 shows, Bayesian classifier shows the best F-measure in the evaluation, 

although the recall of the SVM is the highest one.  

- 18 -



6   Conclusion 

In this paper, a feature-based approach for relation classification is presented. Both 
probabilistic and semantic relatedness information between patterns and relation types 
is employed as features. The probabilistic relatedness information can be acquired 
from training data, while the semantic relatedness can be calculated using WordNet or 
other similar taxonomies. The experiments on feature-selection with Chi-square 
estimator showed that the relatedness feature set has high impact in the relation 
classification, and even outperforms the impact of POS, syntactic or dependency 
feature set. A series of experiments is also performed to evaluate the different 
machine learning approaches, including Bayesian, Naïve Bayesian, NN, Decision tree, 
and SVM. The evaluation result shows that the Bayesian classifier outperforms other 
classifiers.  

As the future work, we are focusing on how to use unlabeled data in an efficient 
way for a large scale task – extract relations from web scale texts. In the meanwhile, 
with noticing that the performance given in this paper is still not good enough for 
practical using in the ontology building field, we are also exploring relatedness 
information between the entity terms and the relation types, while this paper only 
focus on the pattern related relatedness. 
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