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Abstract—Most of the existing techniques on relation 
extraction focus on extracting relation between subject, 
predicate and object in a single sentence. However, these 
techniques unable to handle the situation when the text has 
sentences that are incomplete: either does not have or unclear 
subject or object in sentence (i.e. “unsure” value). Thus this 
does not properly represent the domain text. This paper 
proposes an approach to predict and identify the unsure value 
to complete the sentences in the domain text. The proposed 
approach is based on the probability theory to identify terms 
(i.e., subject or object) that are more likely to replace the 
“unsure” value. We use voting machine domain text as a case 
study.  

 
Keywords-incomplete information system; predicate; most 

dominant; non-taxanomic; probability theory. 

I.  INTRODUCTION 
The term ‘ontology’ originated from philosophy which 
means “theory of existence”1. The ontology can be built by 
extracting ontological components from texts. The main 
components of ontology are concept, taxonomic and non-
taxonomic relations [2, 16]. Several techniques can be used 
to identify terms or noun phrase to represent concept, such as 
by information extraction and statistical analysis. Here, the 
relations between these concepts are known as taxonomic 
and non-taxonomic relations. A taxonomic relation 
represents a hierarchy of concepts (i.e., is-a relation) and the 
non-taxonomic relation represents all relations other than “is-
a” relation that exists in texts.  

Existing techniques [1, 3, 4, 8, 9, 12, 13, 14, 15, 17] on 
extracting relationships between two concepts focused on 
terms that appear as subject and object in a single sentence. 
For example, a sentence “The company produces 50 billions 

paper every year”. From this example, company and paper 
are identified as subject and object of a sentence and produce 
is a relationship that link between subject company and 
object paper. However, if the sentence is incomplete: either 

                                                           
1 http://www.obitko.com 

does not have object or subject, the relationship between 
concepts are unknown. For example from the sentence “The 

company produce it every Friday”. This sentence is 
considered as an incomplete as it does not have clear object 
in a sentence. We may not understand “it” is referring to 
what object. In this case, we assume the missing value as 
“unsure” condition. The object “it” maybe has been 
described in the previous sentence but in existing techniques 
[1, 3, 4, 8, 9, 12, 13, 14, 15, 17], sentences that have unsure 
value are not going to be extracted. Therefore, the domain 
texts can be considered as not properly presented, as some 
relations cannot be identified. 

In this paper, we propose an approach by using 
probability theory to determine and predict the unsure value 
to complete the sentences in the domain text.  

The paper is organized as follows: Section II introduces a 
basic concept of information system. In Section III, a 
proposed approach is presented.  Section IV presents the 
experiments. Finally, Section V presents the conclusions and 
future work. 

 

II. DEFINITION OF FORMULA 
The basic concept of complete system as described in [11] 
will be explained as follow: 

An information systems [11] is a quadruple, S = 
(U,A,V,f), where U is a non-empty finite set of objects, A is 
a non-empty finite set of attribute, where A = C , C is 
a set of condition attributes and d the decision attribute, such 
that  f :U ! A " V for any a # A, where Va is called 
domain of an attribute a. If U contains at least one object 
with an unknown or missing value, the S is called as an 
incomplete information system [5, 6]. The unknown or 
missing value is denoted as “*” in incomplete information 
system.  

From this definition, U represents a set of sentences in 
texts. A is a set of terms, where C is a term (i.e. concept) that 
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appear as subject or object in texts and d is a term (i.e. 
predicate) that appears together with the subject and object in 
a sentence. If the sentence is incomplete i.e., does not contain 
object or subject, the missing value will be denoted as “*”.  

In this work, we use voting machine text as a case study. 
We extract all sentences and present it in the information 
table as shown in Table I. In Table I, u1, u2, ….., u7 represent 
sentences. C is an attribute of sentences that consist of 
subject and object. d is a decision attribute or predicate of 
sentence, where the values are {supply, report, produce, use, 

calculate}.  
 

TABLE I.  THE INCOMPLETE INFORMATION TABLE 

U 
Attributes Decision

Subject Object Predicate
u1 company * supply
u2 machine ballot report
u3 * paper produce
u4 machine * produce
U5 company paper use
U6 machine trail Produce
U7 machine * calculate

 
 

In non-taxonomic relation extraction, most techniques [1, 
3, 4, 12, 13, 14, 17] extract the predicate that appear together 
with the subject and object in a single sentence. For example, 
based on Table I, only three sentences (u2, u5 and u6), which 
have predicate that co-occur with the subject and object in a 
same sentence. The remaining sentences (i.e. u1, u3, u4, u7) are 
considered as incomplete sentences. Currently, the existing 
techniques can only extract relations of sentences that have 
proper pattern i.e., subject-predicate-object (S-P-O). 
However, these do not properly represent the domain text, as 
the incomplete sentences are not extracted due to the missing 
or unsure value on the subject or object in the sentence. 
Therefore, in this work, we propose an approach to improve 
the incomplete sentence (i.e., subject-predicate (S-P) or 
object-predicate (O-P) pattern) and transform into complete 
sentence (S-P-O) by suggesting the relevant subject or object 
based on the probability theory. Here, we focus on non-
taxonomic relation of text. 
 

III. PROPOSED METHOD 
In N.F.Nabila et.al [10], we proposed a method to extract 
non-taxonomic relations from texts. In this method, all 
similar or synonym predicates that appear not only in a 
single sentence but also in different sentences are extracted. 
In addition, in this paper we will identify the missing or 
unsure value (i.e. subject or object of a sentence that does 
not exist in a sentence) by giving a suggestion to replace the 
value based on the highest probability value been calculated. 
The suggested value (i.e., object or subject) can be 
considered as the most potential value of all. Figure 1 shows 
the flow of the proposed approach. 
 

A. Imcomplete information table 

 
The pre-processing tasks and statistical analysis (i.e. term 
frequency-inverse document frequency metric, tf.idf) are 
used to extract relevant terms (as concepts) from the text. 
Then, the dependency pairs between these terms (i.e., 
grammatical relation between subject and/or object with the 
predicate) are identified using the Minipar shallow parser 
[7]. All identified terms and their relations are presented in 
the information table.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
   
 
 
 
 
 

Figure 1.  Proposed Method  

 

As an example, given a sentence “The system requires a 

complete overhaul”, the output produced by MINIPAR is 
shown in Figure 2. In this figure, the triple “require V:subj: 
N system” means require is a verb (also known as predicate), 
system is a noun or the subject of the verb and “require V: 
obj: N overhaul” means require is a verb, overhaul is a noun 
or the object of the verb. From the MINIPAR, the 
dependency triples (V:subj:N and V:obj:N) can be extracted. 
Based on the results of the MINIPAR, we then rearrange the 
information into an information table as shown in Table I.  
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Sentence: 
The system requires a complete overhaul. 

 
 

MINIPAR Output 
_____________________________________________ 

   1  > > Fi 
   2 require V: s : N system 
   3 system N: det : det the 
   4 require V: subj : N system 
   5 require V: obj : N overhaul 
   6 overhaul N: det: Det  a 
   7 overhaul N: mod : A complete 

_____________________________________________ 
Figure 2.  The MINIPAR output 

Table I is known as incomplete information table as there 
are some sentences that do not fulfill subject-predicate-object 
(S-P-O) pattern. Most of existing techniques [1, 3, 4, 8, 9, 12, 
13, 14, 15, 17] to extract the relations between concepts (i.e. 
relevant terms) can only handle sentences with complete 
pattern i.e., S-P-O pattern. In this table, all incomplete 
sentences with missing object or subject are highlighted by 
‘*’. This “*” is known as an “unsure” value of the sentences. 
 

B. Complete information table 

 
In order to complete the sentences, we used probability 
theory to identify the most dominant term as defined below.  
 
Definition 1: Let S* = (U, A, V*, f) be an incomplete 
information system. The most dominant of value x with 
reference to an attribute set C denoted as MDC(x). This can 
be defined as  

 
MDC(x) = (|(x)|/U, x # C  ),   (1) 

 
where |.| represents the cardinality of the sets, U represent 

a set of sentences in texts. 
 
The highest MDC(x) for each attributes set C is selected to 
replace the missing value. 
 
Example 1.  From Table II, the results for most dominant are 
as follows 

• For attribute C = subject 
MDC(company) = 2/7 , 
MDC(machine) = 4/7, 

 
• For attribute C = object 

MDC(ballot) = 1/7, 
MDC(paper) = 3/7, 
MDC(trail) = 1/7, 

 
 
Therefore, the value of attribute subject is replaced by 
machine since the machine has the most dominant value with 

4/7. The most dominant value for attribute object is 3/7 for 
object paper. The complete information table after the 
replacement is shown in Table II. 
 

TABLE II.  THE COMPLETE INFORMATION TABLE 

U 
Attributes Decision

Subject Object Predicate
u1 company paper supply
u2 machine ballot report
u3 machine paper produce
u4 machine paper produce
U5 company paper Use
U6 machine trail Produce
U7 machine paper calculate

 

C. Relation extraction 

 
In order to extract the relation, we compute the association 
between subject-object pair with predicate by using 
association rules.  

 
An association rule is an implication of the form X "Y, 

where X and Y are subsets of the attribute A. In our work, X 
is referring to subject-object pair and Y is referring to 
predicate. The support for an association rule X "  Y is the 
number of sentences in texts that contain (X  Y). The 
formula is as follows: 
 

supp(X "  Y) = |(X  Y)| / |U|  (2) 
 
 

The confidence of an association, denoted by conf(X "  Y), 
is the ratio of the number of sentences that contain X  Y to 
the number of transaction that contain X, is defined as 
follows:  
 

conf(X "  Y) = supp (X  Y) / supp (X) (3) 
 
 
Example 2. From Table II, the confidence values for each 
subject-object pair with predicate are as follow: 
 

     conf ((company, paper) "supply) = ½ = 0.5, 
conf ((company, paper) "use) = ½ = 0.5, 
conf ((machine, ballot) " report) = 1/1= 1, 

     conf (machine, paper "  produce) = 2/3=0.67, 
      conf (machine, paper "  calculate) = 1/3=0.33, 

conf (machine, trail "produce) = 1/1 =1, 
 
In our work, predicate with the highest degree of confidence 
is considered as a suitable relation for the subject-object pair. 
However, if there exists more than one predicates that have 
the highest and similar degree of confidence, both predicate 
can be used.   
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IV. PRELIMINARY EXPERIMENT 
 
Step 1: Produce Incomplete Information Table 
 
We used five voting machine texts from New York Times 
website. In this dataset, the total number of sentences is 180 
sentences of which 37 sentences that have S-P-O pattern and 
157 sentences are incomplete sentences with an unsure value 
either a subject (S-P) or an object (P-O). Here we represent 
some of the extracted sentences from the dataset of voting 
machine in information table as shown in Table III.  

 

TABLE III.  A PART OF SENTENCES IN VOTING MACHINE DATASET 

SentenceID Subject object Predicate
u1 concern  reliability Grow
u2 Company * offer
u3 Machine Paper Produce
u4 Voter * Check
u5 Machine Record Produce
u6 * rule draft
u7 * record produce
u8 voter * trust
u9 * Software review
u10 Expert Voting warn
u11 Machine Trail produce
u12 Company Security increase
u13 Company machine Provide
u14 * Machine produce
u15 Official Election mention
u16 Company * produce
u17 * machine produce
u18 voter machine Trust
 
 

Step 2: Produce Complete Information Table 
 
Based on the information presented in Table III, the most 
dominant subjects and objects are identified. We use the 
formula in Definition 1.  
 

MDC(x) = (|(x)|/U, x # C  ),   (1) 
 
where |.| represents the cardinality of the sets,  

 
Based on this formula, the results for the most dominant are 
as follows: 

• for subject 
 

MDC(concern) = 1/18,  
MDC(company) = 4/18,  
MDC(machine) = 3/18,  
MDC(voter) = 3/18,  
MDC(expert) = 1/18,  
MDC(official) = 1/18, 

 
 
 
 

• for object 
 

MDC(reliability) = 1/18,  
MDC(paper) = 1/18,  
MDC(record) = 2/18,  
MDC(rule) = 1/18,  
MDC(software) = 1/18,  
MDC(voting) = 1/18, 

 MDC(trail) = 1/18,  
 MDC(security) = 1/18,  
 MDC(machine) = 4/18,  
 MDC(election) = 1/18. 

 
Here, the most dominant (highest occurrence) subject is 

company with the value of 4 and the most dominant object is 
machine with the value of 4. Then, we will replace all the 
unsure value of subject with company and the unsure value 
of object with machine as shown in Table IV. 

 

TABLE IV.  COMPLETE INFORMATION TABLE 

SentenceID Subject object Predicate
u1 concern reliability Grow
u2 Company machine offer
u3 Machine Paper Produce
u4 Voter machine Check
u5 Machine Record Produce
u6 Company rule draft
u7 Company record produce
u8 voter machine trust
u9 Company Software review
u10 Expert Voting warn
u11 Machine Trail produce
u12 Company Security increase
u13 Company machine Provide
u14 Company Machine produce
u15 Official Election mention
u16 Company machine produce
u17 Company machine produce
u18 voter machine Trust
 
 

Step 3: Relation Extraction 
 
Here, we compute the confidence value of the association 
between subject-object with the predicate. The objective of 
this process is to find the most suitable predicate of the 
relation. We use Formula (3) as follows: 

 
 

conf(X "  Y) = supp (X  Y) / supp (X) (3) 
 

As an example, for (company, machine), the confidence 
values are: 

• conf ((company, machine) "  offer) = 1/5=0.20, 
• conf ((company, machine) "  provide) = 1/5=0.20, 
• conf ((company, machine) "  produce) = 2/5=0.40, 
• conf ((company, machine) "  address) = 1/5=0.20, 
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TABLE V.  THE CONFIDENCE VALUE OF SUBJECT-OBJECT PAIR WITH 
PREDICATE 

SentenceID Subject object Predicate confident
u1 concern  reliability Grow 1.00
u2 Company machine offer 0.20
u3 Machine Paper Produce 1.00
u4 Voter machine Check 0.33
u5 Machine Record Produce 1.00
u6 Company rule draft 1.00
u7 Company record produce 1.00
u8 voter machine trust 0.67
u9 Company Software review 1.00
u10 Expert Voting warn 1.00
u11 Machine Trail produce 1.00
u12 Company Security increase 1.00
u13 Company machine Provide 0.20
u14 Company Machine produce 0.40
u15 Official Election mention 1.00
u16 Company machine address 0.20
u17 Company machine produce 0.40
u18 voter machine Trust 0.67

 
Table V shows the confidence value of relation between 
subject-object pair with the predicate.  Based on the results, 
predicate produce has the highest value of confidence (i.e. 
0.40) for the relation between subject company and object 
machine. We can assume the most dominant subject and 
object been identified are the most relevant to the predicate 
in the domain text. In this work, we identify 12 non-
taxonomic relations compared to the existing extraction 
techniques [1, 3, 4, 8, 9, 12, 13, 14, 15, 17] which focuses on 
extracting S-P-O within the same sentence only. Thus, our 
method has successfully increased the number of relations by 
identifying the most relevant terms to complete the 
incomplete sentence (i.e., S-P and P-O). 

 

V. SUMMARY AND FURTHER WORK 
Most of the previous studies identified relation between 

concepts that occur in a single sentence. However, if the 
sentence did not fulfill the subject-predicate-object (S-P-O) 
pattern i.e., called as incomplete pattern, the existing 
extraction techniques will ignore it. Thus, there is a need to 
handle the incomplete pattern of sentence. These incomplete 
patterns are represented as subject-predicate (S-P) or 
predicate-object (P-O). In this paper, we proposed a 
technique to solve the issue of an incomplete pattern of 
sentence. We use probability theory to calculate the unsure 
value and then suggest the relevant subject or object for the 
sentence. This aim of this work is to identify terms that it is 
more likely to replace the unsure value. The experimental 
result shows that the proposed method able to determine the 
unsure value by using probability theory. Further 
investigation is needed to improve the incomplete 
information from text such as by using rough set for the 
situation when more than one predicates that have same 
degree value of confidence. 
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