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Abstract: - In this paper it is explained a new approach for clustering Gene Ontology (GO) terms by examining 

microarray data related to them. By segmenting the entire ontology in a single specific level, and applying 

techniques as discrimination and ranking of features to those GO terms that are contained in that level, it is 

produced a characterization of the contained terms, as feature importance vectors related to the gene expression 

patterns that are included in the microarray dataset. By utilizing data mining techniques to cluster the vectors, it 

is concluded that this new approach may help to obtain relations that are normally hidden among GO terms, not 

only the ones in the same contained ontology, but also getting a trans-ontological relationship of them. 
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1 Introduction 
There have been different technologies that have 

helped to understand genetics, like the inventions of 

Polymerase Chain Reaction (PCR), where an 

enzyme of DNA is used to create copies of a DNA 

piece (among several genetic manipulations) [1]; 

and the whole genome shotgun sequencing, for 

sequencing the entire human genome [2]. Among 

other techniques, DNA microarray started a new era 

of high-throughput measurement of multiple gene 

expression levels at a time. Starting from cDNA 

microarray developed at Stanford University [3], 

improved methods of this technique were proposed, 

invented, and some of these were commercialized. 

In consequence, now it is well-liked to measure all 

the different gene expression levels in a cell sample 

taken from a species under some pre-established 

conditions, e.g. samples of various tissues, diseased 

samples including tumor cell, etc., giving to each 

gene expression a value (which usually could be 

visualized at different colors in the heat maps) in the 

result of its data analysis.  

These data are usually clustered in groups for 

getting a better representation of the results. There 

are different methods that permit clustering these 

data [4] however, the comparison of two or more 

microarray data (each one typically having between 

10 and 100 samples), obtained from samples under 

different conditions, may reveal biologically 

meaningful relationships among genes and samples 

of that same microarray, as explained in [5], and [6]. 

As a result of gene expression analysis, a subset of 

all the genes in a certain species is frequently 

described in terms of expression levels, which is 

potentially meaningful in certain context. 

Consequently, it is needed to interpret the meaning 

of the subset (gene set), for instance in order to find 

correlations among genes and several illnesses. The 

use of ontology information in bioinformatics has 

been treated, as [7]; and among others techniques 

[6], [8], and [9], the potential use of Gene Ontology 

(GO) [10], which is the most comprehensive and 
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authorized hierarchy of biological concepts 

(controlled vocabulary), could benefit in the search 

of finding new meaningful relationships. In that 

research line, GO TermFinder [11] is a popular 

software to perform that specific task. It computes 

statistical significance between an input gene set 

and the terms in Gene Ontology. There have been 

also other methods to identify correlations, like [5] 

and [12], in which it is tried to correlate the GO 

terms in order to characterize the gene set. However, 

this kind of task requires a specific and limited gene 

set as an input, and, as a consequence, the method 

lacks of comprehensiveness in the analysis. What it 

means is that most of the expression data were used 

up in the gene expression analysis method step, and 

they were discarded before referring to Gene 

Ontology.  

The work in this paper is a proposal of a new 

method in which all the expression data of a 

microarray is used, and by making a boundary in the 

level of the abstracted tree in Gene Ontology, and 

the resulted subtree of a specific GO term is used for 

a characterization with a consecutive classification 

to find new ways to correlate the GO terms among 

them. The remaining of this paper is organized as 

described next: in section 2 there is a description of 

the data and software that were used in the 

experiments; in section 3, the experimental results 

are shown with some analysis and interpretation. 

Finally, in section 4, it is presented a summary and 

conclusion of the results from this paper, including 

possibilities and future directions of this research. 

 

 

2 Materials and Methods 
 

2.1 Gene Ontology 
A couple of examples about the use of ontology in 

bioinformatics have been researched before in 

different ways as [13] and [14]. Among different 

ontologies, Gene Ontology could be defined as a set 

up of three different ontologies: Biological Process 

Ontology, Cellular Component Ontology, and 

Molecular Function Ontology (see Fig.1); and 

combined, they contain currently more than 26,000 

terms. The amount of terms changes constantly with 

their addition or correction. Each single ontology is 

formed by a hierarchical parent-child tree-like 

directed acyclic graph (DAG) data structure, 

including information about its terms and the 

relationships with other terms of the same ontology. 

Every single GO term is related with at least one 

different GO term, and always coming in pairs of 

terms. Such relationships between a pair of GO 

terms are “is_a”, and “part_of”, among others. A 

term can just have one type of relationship with 

another term. Also, a term is not limited to have just 

one parent, but it could have two or more; the same 

applies to the number of children. Each single term 

has a nomenclature which makes it unique among 

the others. The database of Gene Ontology can be 

obtained at the GO Consortium  

(http://www.geneontology.org).  

 

 
 

Fig.1. Gene Ontology representation. 

 

By giving a GO term x, in which a set of GO 

terms descendant(x) in the subtree rooted at x can be 

considered, that might share some conceptual 

characteristics represented by the GO term x. 

Additionally, since links from genes in microarray 

to GO terms are provided, it could be considered a 

set of genes linked to descendant(x). 

Therefore, if the microarray data is considered 

appropriate to discriminate the descendant(x) from 

other GO terms with respect to gene expression 

pattern, a machine learning algorithm could classify 

the gene expression patterns linked to descendant(x) 

with high precision (Fig.2 illustrates the process). 

Furthermore, by using a technique called feature 

ranking, it is possible to evaluate the importance of 

each feature (i.e. a sample of the gene expression) in 

this discrimination process. It means that a GO term 

x can be represented as a vector of feature 

importance.  

In case of microarray data on tissues (i.e. a 

sample corresponds to a tissue), x may be well 

discriminated by specific tissues (e.g. colon and 

small intestine). By conducting this computational 
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method on many GO terms that are related with that 

specific tissue and belonging to a certain constant 

distance from the root GO term of the ontology, it is 

possible to find hidden similarities among them (i.e. 

similarity of feature importance vectors) in terms of 

discrimination by expression pattern. Algorithms 

similar to our method are studied as “hierarchical 

classification” mainly in the field of text 

categorization [15], [16], where an annotation 

reference of genes is used in order to classify them. 

However, in this work a method of discrimination 

and feature ranking at many GO terms (limited by 

common boundaries of deepness in the tree of the 

ontology) is conducted for getting a characterization 

of each of them (not only for prediction of specific 

category).  

 

 
 

Fig.2. Conceptual figure of the proposed method. 

 

2.2 Microarray data 
The expression of most of genes is given in their 

transcription and translation, having protein 

biosynthesis as a result, and being this indispensable 

for life. Much of the information contained in 

thousands of the expressions of genes can be 

obtained by microarray techniques that have become 

so known in a wide range of fields. There are 

different techniques that permit the extraction of the 

information, like gene expression profiling, 

comparative genomic hybridization, and SNP 

detection, among others [17].  

There are also different databases [18] that 

contain the expression of gene data, like 

ArrayExpress (http://www.ebi.ac.uk/microarray-

as/ae), the European Bioinformatics Institute (EBI), 

CIBEX and the Gene Expression Omnibus (GEO; 

http://ncbi.nlm.nih.gov/projects/geo) of the National 

Center for Biotechnology Information (NCBI) at the 

National Institutes of Health, each one having a 

repository of microarray data, usually of samples 

with different properties and from different species. 

The microarray data consists of a series of affixed 

DNA segments, known as probes or reporters which 

measure the different genes that are put on chips, 

giving a different value to each gene and probe. In 

this paper, it was used the microarray data GSE2361 

taken from GEO, and which contains a matrix with 

36 samples of human tissue as columns and 22,281 

human genes as rows. Information that has been 

linked from genes to GO terms was extracted from 

the annotation file for the platform GPL96, 

Affymetrix GeneChip Human Genome U133 Array 

Set HG-U133A, which was employed to measure 

the expression data in GSE2361. And for the 

comparison study with the yeast, the dataset 

GSE3635 was used. 

 

2.3 Setting of the positive and negative 

examples for discrimination and feature 

ranking 
Although it is possible to conduct discrimination 

and feature ranking at all nodes in GO, it was used 

only the GO terms which are found at certain 

boundary or level as the number of links from root 

node of each ontology, the distance of links from the 

root node of Biological Process, Molecular Function, 

or Cellular Component. In addition to avoiding the 

problem of scale (i.e. around 26,000 terms are too 

many to compute them all), it is considered that this 

limitation is useful for making a fair comparison (i.e. 

only the GO terms at the same or similar abstraction 

level are compared).  

In order to prepare better input for a classifier, 

the microarray data GSE2361 was normalized by 

using Distribution Free Weighted (DFW) algorithm, 

by utilizing variability estimates to “identify and 

down-weight probes that may be especially affected 

by non-specific and cross-hybridization” [19]. By 

using the DFW summarization method in R, it could 

be obtained data that became statistically more 

suitable to be processed for later classification. For 

yeast data GSE3635, normalization was not needed 

since the data has been normalized.  

After previous normalization method, the data 

preparation was made separately for each ontology. 

Defining a set of GO terms TBP = {t1,...,tn} that is 

taken from a certain level of Biological Process (in 

this study, level 5 was adopted), first, examples 

corresponding to each GO term tk in TBP were 

prepared. The examples are gene expression data for 
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the genes G({tk}), where G({tk}) denotes all the 

genes linked to descendant(tk). Therefore, positive 

and negative examples were prepared for each tk 

according to this rule: by attaching class labels 

“true” or “false” to all of the examples in G({tk}) 

and G(TBP-{tk}), by which positive and negative 

examples were obtained, respectively. For a 

schematic visualization, see Fig.2. 

 

2.4 Feature ranking by random forest 
In order to characterize a GO term in terms of the 

features included in the specified microarray data, 

positive and negative examples corresponding to the 

GO term are input to the random forest algorithm. 

Random forest [20] is a kind of ensemble learning 

algorithm developed by L. Breiman. Besides its 

ability of classification, in this research it was used 

for feature ranking: to obtain importance of feature, 

i.e. contribution to discriminate positive and 

negative examples [21].  

As an implementation of random forest 

algorithm, randomForest package for R was adopted. 

From given examples, it performs training on the 

data and, as a by-product, it outputs a value called 

mean decrease Gini for each feature, which can be 

used as an importance of the feature. In this study, 

each GO term in level 5 (from the root term of a 

single ontology) is characterized as a vector of 

feature importance of that tree. If a GO term tk 

(more precisely, a set of genes in G({tk})) is well 

discriminated from others by some features (e.g. 

Brain and Hippocampus), it can be said that tk 

potentially has a close relationship to the features, in 

terms of the microarray data. 

 

2.5 Clustering GO terms 
In order to interpret the results of the GO term 

characterization based on the microarray data 

GSE2361, a cluster analysis was conducted on the 

feature importance vectors obtained previously. 

From among various methods of cluster analysis, 

hierarchical clustering was adopted for this 

computation.  

As a distance measure of hierarchical clustering, 

a distance based on Spearman’s rank correlation 

was used. About cluster linkage method, UPGMA 

(also known as average linkage) was used. 

Computation of hierarchical clustering was 

performed by using Cluster 3.0 software, and among 

different graph drawing tools [22], the result was 

visualized by Java TreeView software.  

 

 
 

 
 

 
 

Fig.3. Clustering result on (B) Biological Process, (M) Molecular Function, and (C) Cellular Component. 

(B) 

(M) 

(C) 
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Fig.4. Feature importance vectors of GO terms in Fig.3, where (B) Biological Process,  

(M) Molecular Function, and (C) Cellular Component. 

(B) 

(M) 

(C) 
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Fig.5. Expression patterns of the genes linked to the subtrees rooted at GO terms (a) 0005816 and (b) 0000796. 

3 Experimental Results 
 

3.1 Clustering in each of three ontologies 
In Fig.3, it is partially shown the results of 

clustering the GO terms by feature importance 

vectors separately in each ontology (Biological 

Process, Molecular Function, and Cellular 

Component).  

Feature importance vectors used in the clustering 

are shown in Fig.4. In Fig.4(B), it can be clearly 

seen that some features including “Normal Salivary 

Gland”, “Normal Bone Marrow”, and “Normal 

Testis” have significantly high importance in 

discrimination. It means that the GO terms in the 

figure are well characterized by the features. On the 

other hand, the GO terms in Fig.4(M), mainly 

related to some ion transport, are well-characterized 

by brain-related tissues (“Normal Cerebellum”, 

“Normal Brain”, “Normal Amyglada”, “Normal 

Caudate Nucleus”, “Normal hippocampus”, and 

“Normal Thalamus”). These features have relatively 

low importance in Fig.4(B) and two sets of GO 

terms in Fig.4(B) and Fig.4(M) have contrasting 

patterns in feature importance. In Fig.4(C), though 

correlation among feature importance vectors are 

not so high as Fig.4(B) and Fig.4(M), we can see 

some important features including “Normal Adrenal 

Gland” and “Normal Testis”. The GO terms in 

Fig.4(C) are mainly related to DNA recombination 

and cell division. 

One of the advantages in this method is that it 

can find hidden relationships among dissimilar 

(a) 

(b) 
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expression patterns. For instance, the expression 

patterns of two sets of genes linked to the subtrees 

rooted at GO terms 0005816 and 0000795 are 

shown in Fig.5. Though the expression patterns in 

Fig.5(a) and Fig.5(b) are completely different, this 

proposed method detects their similarity from the 

viewpoint of feature importance vectors in 

discrimination from other genes. In addition, even if 

two GO terms are distantly located in the original 

ontology (e.g. GO terms 0005816 and 0000795 in 

Cellular Component), this new method can detect 

the similarity between them. It can be partially seen 

in Fig.3; the GO term IDs attached to the end of 

each line indicate the parents of the GO term in the 

line, and basically different in each line. It means 

that the GO terms in a subtree in Fig.3 do not have 

common parents and placed at different location of 

the ontology. 

 

3.2 Clustering united data 
More interestingly, it is possible to conduct cluster 

analysis on the united set of GO terms from the 

three different ontologies since all terms are 

represented in the same type of feature importance 

vectors. As Fig.6 illustrates, related to the human 

microarray data, the result of clustering contains 

subtrees with mixture of GO terms from three 

ontologies. In the figure, (B), (M), and (C) stand for 

Biological Process, Molecular Function, and 

Celullar Component to which the particular GO 

term belongs. In this figure, it can be seen that 

nearly half of the GO terms contain some keywords 

clearly related to muscle (“muscle”, “myofibril”, 

“actin”, “striated”, and “stress fiber”).  

 

 
 

Fig.6. Clustering result on the united data. 
 

 
 

Fig.7. Feature importance vectors of GO terms in Fig.6. 
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In addition, since two of them contain the 

keyword “cardiac”, this subtree might represent 

something about heart muscle. If so, it is expected 

that these GO terms have feature importance vectors 

with high importance in the tissues related to heart 

and muscle. This hypothesis can be confirmed by 

observing the plot of feature importance (scaled 

between 0 and 1) in Fig.7. In most of the GO terms, 

the features “Normal Skeletal Muscle” and “Normal 

Heart” have relatively higher importance in each 

vector. However, it can be seen that some other 

features also have high values (e.g. “Normal Colon” 

and “Normal Bladder”). Further inspection might be 

needed to know more detailed meanings of 

correlated GO terms in a certain subtree. 

 

3.3 Clustering yeast time-course data 
To show the applicability of this new method, it was 

conducted the same analysis for a microarray data 

obtained from a different species (i.e. 

Saccharomyces Cerevisiae) with different kind of 

dataset (i.e. time-course data). The dataset, 

GSE3635, consists of 13 samples taken at every 10 

minutes after synchronization of yeast cell with 

alpha factor. 120 minutes correspond to 2 cell cycles. 

Result of clustering is partially shown in Fig.8.  

In Fig.8, most of the GO terms are related to cell 

division. It is consistent to the well known fact that 

in time-course data, expression levels of some genes 

related to cell cycle have periodical pattern of 

increase and decrease. In addition, it is surprising 

that feature importance vectors are also periodic. 

Fig.9 shows that discrimination of genes linked to 

the subtrees rooted at these GO terms, samples that 

are near to M phase of the cell cycle are 

significantly important. In contrast, samples near to 

S phase have low importance. This result 

demonstrates that feature importance vectors and 

correlation among them can be a clue to find hidden 

relationship among biological concepts in Gene 

Ontology and microarray data.  

 

 
Fig.8. Clustering result on the united data (yeast time-course). 

 

 

 

 
 

Fig.9. Feature importance vectors of GO terms in Fig.8. M, G1, S, and G2 indicate phases of cell cycle. 

G1 S G2 M G1 S G2 
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4 Conclusion 
In this study it was proposed a novel method to 

analyze gene expression data with GO. By mapping 

microarray data to GO and performing feature 

ranking at each GO term, GO terms could be 

characterized as feature importance vectors with 

respect to the microarray data. It was also 

demonstrated that through hierarchical clustering on 

feature importance vectors, hidden relationships 

among GO terms can be discovered even if two GO 

terms are distantly located in the hierarchy of GO. 

More interestingly, this method could also discover 

the relationships among GO terms belonging to 

different ontologies. In future work, this research 

line will try to integrate this new method based on 

feature importance vector and various microarray 

analysis methods based on correlation in expression 

pattern [23] [24].  
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