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Abstract 
In biomedical domain, the Gene Ontology (GO) has evolved as the standard for providing a 
controlled and structured vocabulary of terms describing attributes of genes and gene products, 
but it is still challenging to automatically locate evidence to GO terms in text. The majority of 
previous approaches to the automatic recognition of GO terms follow the bag-of-words model 
for GO term representation. Is this paper, we introduce a novel approach using the GO cross-
products as the GO term representation to recognize GO terms in text and show that it is 
complementary to a state-of-the-art method based on bag-of-words model. 
 
Introduction 
Gene Ontology (GO) is being widely used for functional analysis in biology and bioinformatics. 
Since it is time-consuming to manually associate its terms with gene products, there is a need for 
automating the annotation (1). While there have been many efforts in developing automatic tools 
for GO terms recognition, this task is still a challenging problem. We present here a novel 
method for recognizing GO terms in text using GO cross-products and statistical methods. 
 
One key challenge for recognizing GO terms in text is that many of them do not appear literally 
in biomedical texts. To address this, many previous approaches for GO term recognition 
represent a GO term as the bag of its component words. However, this representation can suffer 
low precision because it does not take into account of the syntactic and semantic relations 
between the component words in a GO term. To deal with this issue, we propose to utilize the 
cross-product extensions of Gene Ontology, which are explicit, logical representations of the 
compositional relations implied in GO terms (2). 
 
The GO Cross-Product database is an effort of normalizing the GO by explicitly stating the 
definitions of compositional classes in a form that can be used by logical reasoners. Such a 
definition consists of mutually exclusive cross-products, many of which reference other OBO 
Foundry candidate ontologies for such entities as chemical entities, proteins, biological qualities 
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and anatomical entities. The cross-products of a GO term are combined with intersection_of, 
which list the necessary and sufficient conditions for the GO term/class. Table 1 shows an 
example GO term defined by cross-products, where the concept GO:0032543 is defined as the 
intersection of concept GO:0006412 and the concept that can ‘occur in’ concept GO:0005739. 
 

Table 1. Example cross-products 
 

[Term] 
id: GO:0032543 
name: mitochondrial translation 
intersection_of: GO:0006412 ! translation 
intersection_of: occurs_in GO:0005739 ! mitochondrion 

 
The concepts of cross-products (e.g. “translation” and “mitochondrion” in Table 1) indicate the 
participants and processes related to the GO term of the cross-products (e.g. “mitochondrial 
translation” in Table 1). These concepts of cross-products can show a different aspect of GO 
term recognition compared to the bag of words model, because the bag of words model does not 
consider phrases within GO terms.  
 
While the cross-products are useful for GO term recognition, not all GO terms are defined with 
cross-products yet. To fill the gap, we combine our method based on the cross-products with a 
state-of-the-art statistical method based on the bag of words model (3). 
 
Related Work 
Many approaches have been proposed for the task of GO term recognition, including dictionary-
based methods (4), bag of words (BOW) methods (3,5,6), machine learning methods (7), and 
syntactic pattern matching methods (8,9).  
 
Dictionary-based methods match ontology terms directly to text. They work well for short GO 
terms, but not for long GO terms. As explained above, BOW methods represent a GO term as the 
set of component words in the GO term, and because they do not consider the syntactic/semantic 
relations between component words, their precision is not very high. Machine learning methods 
learn models from corpora annotated with GO terms, but the size of such available corpora is 
often too small for statistically meaningful training. Syntactic pattern matching methods 
represent a GO term as a compositional semantic template like cross-products (2,10) and map the 
syntactic structures of sentences to the semantic templates through syntactic patterns. They show 
high precision compared to the BOW methods but are restricted to a small number of GO terms 
whose semantic templates are available.  
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Our method is similar to the BOW approach in that it does not use any syntactic patterns nor 
machine learning models, but different from the approach in that it represents a GO term as the 
set of the concepts of its cross-products, not as the set of its component words.  
 
Methods 
 
GO term recognition based on cross-products 
The Cross-Product database represents a GO term as the intersection of other ontology concepts 
(e.g. translation, mitochondrion) possibly with relations (e.g. occurs_in), where we call the other 
ontology concepts “component concepts”. If component concepts are also defined with cross-
products, we can replace them with their definitions, thus forming a tree-like definition of the 
original GO term. From this tree-like definition, we can collect all “primitive concepts” related to 
the GO term, where primitive concepts are the concepts that are not defined with cross-products. 
Table 2 shows an example of tree-like definition of a GO term, where the definition of the GO 
term “regulation of mitotic spindle elongation” has the following primitive concepts: biological 
regulation, spindle elongation, cell cycle, and mitosis. 
 

Table 2. An example of tree-like GO term definition 
 

 
 
Our assumption is that if all or most of the primitive concepts of a GO term appear in a small 
window of text (e.g. sentence), the corresponding GO term is more likely to be expressed 
therein. We identify the expression of a primitive concept in a text by recognizing one of the 
words that appear frequently in the documents that are known to express the concept (called 
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domain corpus), but not frequently in a representative subset of all documents (called generic 
corpus).  
 
To implement this idea, we collect MEDLINE abstracts of primitive GO terms from the GOA 
database (1). The set of documents paired with a GO term is called the domain corpus of the GO 
term. Since a small number of documents are not useful for statistical analysis, if the number of 
documents in a domain corpus is less than N, we use the GO term as a query for PubMed and 
download some results of the query from the search engine to make the total number of articles 
N (N = 500). A common generic corpus is used for the statistical analysis of all GO terms, which 
was created by collecting the 20,000 results of the query "gene" from PubMed. 
 
We collect all words from the domain corpus of a GO term and select those with high relative 
frequencies. We calculate the relative frequency of a word α in comparison between the domain 
corpus of the GO term γ (DCγ) and the common generic corpus (GC) as follows2: 
 

!(!,!) =

!!"!!

!"!
!!"!
!"

 

 
where !!! indicates the number of occurrences of the word α in the corpus C and |C| indicates the 
total number of tokens in C. f(γ,α) is high when the frequency of α in the domain corpus is high, 
whereas its frequency in the generic corpus is low. In other words, the words with high f values 
have exclusive relationship with the GO term. Our method chooses the top-K words with the 
highest f values as evidence words for each primitive GO concept. We chose 10 as the value of 
K, and show results of different values of K.  
 
Given a document δ and a primitive concept γ, if the sum of the f values of the words that are 
among the top-K words of the concept and found in the text (designated as W(δ, γ)) is larger than 
a threshold θ, we regard the concept as expressed in the document. The default value of θ is 100. 
The calculation can be formulated as follows: 
 

!(!,!
!∈!(!,!)

) ≥ ! 

 
Now, we explain our method for the recognition of a GO term Γ whose cross-products definition 
has n primitive concepts. A text is considered to express Γ if this text expresses at least k 
primitive concepts among the n concepts, where the value of k is dynamically determined as 
follows: 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
2 DC stands for domain corpus, while GC generic corpus. 
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! = !× 0.6+ 1
1+ ! !  

 
Gaudan's method 
The statistical method of (3) is based on three factors: 1) the evidence e for a GO term given by 
the words occurring in text, 2) the proximity pr between the words, and 3) the specificity I of the 
GO terms based on their information content. The three aspects are weighted and combined as 
follows: 
 

!(!, !) != !!(!, !)4
!
×!!(!)

!
×!!"(!, !) 

 
where t is the term, z is the zone (e.g. paragraph, sentence) and W is the set of component words 
of term t. 
 
We combine Gaudan's method with our method based on cross-products as mentioned in the 
Introduction, as follows: For each GO term Γ whose cross-products definition has n primitive 
concepts, if we can find evidence to k primitive concepts (k is dependent on n, as explained in 
Section 3.1) in the text zone δ, we calculate the sum of the scores from the two methods as 
follows:! 
 

! !,! = ! !,! + ! !(!!,!!∈!(!,!!) )!!!..!
!×!×!   (*) 

 
where γi is a primitive concept of Γ, α is the word that is among the top-K words of the primitive 
concept (designated as W(δ, γi)) and found in the text. If S(δ ,Γ) is greater than 0.8, we assume 
that δ expresses Γ. If a GO term does not have a cross-products definition, we only use the score 
of the Gaudan’s method. In short, we call the method described in (*) XP-Gaudan method. 
 
Association of GO terms with gene names 
We first recognize GO terms in each paragraph of a given article by using aforementioned 
methods and look for gene names in the paragraph, where the gene IDs found in the article are 
given by the organizers of the task. We use exact string match to find gene names in the 
paragraph. For each pair of a GO term and a gene name found in the same paragraph, we then 
predict an association between the two entities. This co-occurrence method for the association 
and the exact string match for gene name recognition are primitive, and we leave as a future 
work developing more sophisticated methods. 
 
 
 



!

! 179!

Experimental results 
In this section, we show our experimental results for the BioCreative IV GO task corpus. The 
corpus comprises a total of 200 full- text articles. Over 7,000 text passages were used in the 
annotation of 1,311 unique GO terms. Note that we apply the methods on all 36,565 GO terms 
listed in Gene Ontology Annotation (UniProt-GOA) Database. 
 
Table 3 shows the results of the XP-Gaudan method with and without the association of GO 
terms with gene names. The result of the method with the association is lower than that of the 
method only with the GO term recognition because of the primitive methods of exact string 
matching and co-occurrence-based association. In particular, the exact string match shows 
incorrect guessing of gene names and missing gene names, which are indirectly mentioned in the 
text (e.g. anaphoric expressions).  
 

Table 3. Evaluation results of the XP-Gaudan method 
 

 GO term recognition 
(only) 

GO term recognition + 
Association of GO terms 
with gene names 

Precision 15.8% 8.7% 
Recall 20.9% 15.8% 
F-measure 18.0% 11.2% 

 
 
We also applied the cross-products method and the Gaudan’s method for the GO term 
recognition independently to the Biocreative IV corpus, in order to show the improvement of the 
XP-Gaudan method over them. Table 4 shows the evaluation results of the two individual 
methods, whose F-measures are lower than that of the XP-Gaudan method. Note that the recall 
of the XP-Gaudan method (21%) is close to the sum of the recall values of the two individual 
methods (26%), which may mean that the two methods target quite different sets of GO term 
occurrences. In other words, our proposed method based on the cross-products is quite well 
complementary to the Gaudan’s method in detecting GO terms in text documents. 
 

Table 4. Gaudan’s method and analytical method using cross-product database 
 

 Gaudan’s method Analytical method using 
cross-product database 

Precision 17.2% 12.7% 
Recall 12.1% 13.6% 
F-measure 14.2% 13.1% 
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Our analytical method is based on the relative frequency of words that are among the top-K 
words of the concept. If the sum of relative frequencies of those words is greater than a threshold 
θ, we regard the concept as expressed in the document. We tried different values of K and θ to 
find optimal parameters for the method. The table 5 shows that the best value of K for the study 
is 10, while table 6 shows the best value of θ is 100. 
 

Table 5. XP-Gaudan method with different values of K 
 

 K = 3 K = 5 K = 10 K = 15 
Precision 20.7% 17.2% 15.8% 11.8% 
Recall 10.0% 14.6% 20.9% 22.4% 
F-measure 13.5% 15.8% 18.0% 15.5% 

 
 

Table 6. XP-Gaudan method with different values of θ 
 

 θ = 50 θ = 100 θ = 150 θ = 200 
Precision 12.7% 15.8% 18.3% 20.2% 
Recall 22.5% 20.9% 17.1% 13.8% 
F-measure 16.2% 18.0% 17.7% 16.4% 

 
 
Conclusion 
We presented a novel approach to GO term recognition, based on the cross-products of Gene 
Ontology and showed that it is complementary to a state-of-the-art method based on bag-of-
words model. We will further develop sophisticated methods for gene name recognition and the 
association between GO terms and gene names. 
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