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ABSTRACT 
 

 
QuantitativeTraitLocus (QTL) is a statistical method used to restrict genomic regions contributing to 

specific phenotypes. To further localize genes in such regions a web tool called “Candidate Gene 

Capture” (CGC) was developed by Andersson et al. (2005). The CGC tool was based on the textual 

description of genes defined in the human phenotype database OMIM. Even though the CGC tool 

works well, the tool was limited by a number of inconsistencies in the underlying database structure, 

static web pages and some gene descriptions without properly defined function in the OMIM database. 

Hence, in this work the CGC tool was improved by redesigning its database structure, adding dynamic 

web pages and improving the prediction of unknown gene function by using exon analysis. The 

changes in database structure diminished the number of tables considerably, eliminated redundancies 

and made data retrieval more efficient. A new method for prediction of gene function was proposed, 

based on the assumption that similarity between exon sequences is associated with biochemical 

function. Using Blast with 20380 exon protein sequences and a threshold E-value of 0.01, 639 exon 

groups were obtained with an average of 11 exons per group. When estimating the functional 

similarity, it was found that on the average 72% of the exons in a group had at least one Gene 

Ontology (GO) term in common.  
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SUMMARY 
 
In this project, I mainly focus on improving and extending the features of an existing web 
tool called CGC (candidate gene capture) which was invented to find the candidate genes 
associated with the phenotype Rheumatoid Arthritis (RA). The CGC tool was developed 
for finding the candidate genes associated with 37 QTLs related to RA. The tool ranks the 
candidate genes by searching keywords based on textual information for genes that are 
homologous to the rat QTL. The gene descriptions were downloaded from the human 
phenotype database OMIM (Online Mendelian Inheritance in Man). These keywords 
were obtained by selecting relevant terms found directly under the MeSH terms 
"autoimmune diseases" and "rheumatoid arthritis" in the PubMed MeSH term database.  
Even though the CGC application works well with the given task I found there were 
some drawbacks which impair the efficiency of the application. The data associated with 
the 37 QTLs were represented in usual tables. The keywords that were predefined were 
hard coded in the implemented version of CGC programs. The old version of the CGC 
tool did not have any updating procedure to update the gene descriptions that were stored 
in the CGC database. In addition to that some genes did not have any functional 
description in the OMIM database. As the CGC tool find the candidate genes based on 
textual description it is necessary to derive functionality for those genes which did not 
have the functionality. The work in this thesis has been done in two parts. The first part 
describes the procedure for improving the existing CGC tool and the second part of this 
work consists of deriving the functionality to the genes that did not have the textual 
description. 
 
The first part of this work has been to increase the efficiency of CGC by designing a 
normalized database and removing some hard coded values in the implemented version 
of CGC.  A new database was implemented with the relational integrity among the tables. 
The keywords were defined by fetching the keywords and their values from the database. 
Separate programs were designed to update the data in the CGC database. The results 
from the first part of the work showed considerable progress. The newly designed 
database structure makes CGC flexible when we want to expand CGC for additional 
phenotypes. The newly implemented CGC version showed nearly ten times faster than 
the old version. 
 
The second part of the work contains deriving the functionality for the genes which did 
not have functional description. To achieve this task we have tested our approach by 
taking some genes which have all possible exon sequences and Gene Ontology (GO) 
terms. The exon sequences were aligned with each other using locally installed Blast. 
Based on the alignment between the exon sequences, they were further grouped using 
similarity and E value thresholds. The best threshold values were determined by counting 
the average frequency of GO terms among the groups for each kind of threshold value. 
The unknown sequence can be assigned functionality based on its alignment to the 
known exon sequence. The GO term description from the known exon groups can help to 
give hints on predicting the function of the unknown sequence. We have tested our 
approach by taking 4 known genes. From the results we were able to predict functionality 
for the genes that were tested. The one reason behind taking the limited number of genes 
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is that it may be hard to do qualitative tests for a larger number of genes. The time factor 
is also high for each test gene to measure the quality of prediction. The actual 
descriptions and predicted descriptions for the test genes were compared. The results 
were reasonable. Hence it could be possible to increase the accuracy in the prediction by 
incorporating more biological knowledge.  
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1 INTRODUCTION 
 
Animal models provide a valuable tool for finding genes contributing to polygenic 
complex diseases (Oliver et al., 1996). Rats are very useful for this purpose since 
phenotypes resembling a number of disorders, such as Rheumatoid Arthritis (RA), 
diabetes and multiple sclerosis, can be induced or occur naturally in susceptible strains 
(Wilder et al., 2000; Griffiths and Remmers, 2001; Holmdahl, 2003). Intercrosses of 
disease-susceptible strains with healthy strains has been used for establishing associations 
between genetic markers and quantitative traits which can distinguish the arthritis 
phenotype, i.e. QuantitativeTraitLocus (QTL). 
 
A Quantitative Trait Locus is a polymorphic locus which contains alleles that 
differentially affect the expression of a continuously distributed phenotypic trait (Wolf et 
al., 2004). A disease-related QTL in a rat model is obtained by intensive genetic crossing 
and analysis. The disease-related QTL is expected to contain genetic elements that 
contribute to the disease phenotype in the rat. An affected strain (showing the phenotype) 
is crossed with an unaffected strain (lacking the phenotype). A correlation is made 
between genotype and phenotype using statistical techniques (Bauer et al., 2004). 

 
In general QTL regions contain several hundreds of genes. From this collection of genes 
it is hard to find the gene(s) that contribute to the disease phenotype. To address the 
problem of finding the correct gene Andersson et al. (2005) developed a web-based tool 
called CGC (Candidate Gene Capture). This tool was mainly focused on finding 
candidate genes that were responsible for the phenotype rheumatoid arthritis (RA). The 
information pertaining to 37 RA QTLs were fetched from the Rat Map database (Petersen 
et al., 2005).  Andersson et al. (2005) found that the CGC application was able to find 
candidate genes that were associated with the 37 RA QTLs. 
 
The CGC application developed by Andersson et al., (2005) used information from both 
the QTL regions defined in rat and the gene data described for human. The tool ranked 
the candidate genes by searching keywords based on textual information for genes that 
are homologous to the rat QTL. For all arthritis QTLs a total of 49 default keywords were 
predefined. These keywords were obtained by selecting relevant terms found directly 
under the MeSH terms "autoimmune diseases" and "rheumatoid arthritis" in the PubMed 
(MeSH 1999) term database. The procedure to assign a score to each keyword depended 
on the association with the disease phenotype. Andersson et al. (2005) allotted scores to 
these keywords as follows. For each keyword, the score s derived by:  
 

1. Searching PubMed for the number of abstracts containing the keyword (n1).  
2. Searching PubMed for the number of abstracts (n2) containing both the keyword 

and a word describing the disease phenotype. 
3. Calculating the score (s) assigned to the keyword as:  

1

2

n

n
s =     (1) 
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By an option, the user could alter the used keywords by selecting or unselecting 
particular keywords for searching the OMIM (Boyadjiev and Jabs, 2000) annotation of 
genes in the CGC application developed by Andersson et al. (2005). The OMIM 
annotation describes genes within an investigated QTL, and this annotation was scanned 
for all selected keywords. The score for each keyword that matched an OMIM text were 
added together. The summed values for each gene indicated the likelihood that a gene 
was related to the selected disease phenotype. OMIM’s textual information is considered 
as high quality data since its annotations are evaluated by human intervention. 
 
Even though Andersson et al. (2005) found that the CGC tool works well when searching 
for RA candidate genes, there were some drawbacks related to database design and the 
implementation of the programs. In this work the main focus was on improving the 
existing CGC tool with respect to these drawbacks.  
 
The CGC application identified candidate genes for a selected QTL based on the 
functional description of the genes from the OMIM database. However in the 
implemented version of the program there was no update procedure for the OMIM data 
that was downloaded from the OMIM database. The CGC tool ranks the candidate genes 
based on functional descriptions that are downloaded from the OMIM database. 
  
Furthermore, some gene annotations downloaded from the OMIM database do not 
contain a proper functional description and there are also a large number of human genes 
without any known function at all. In order to extend the basis for candidate gene analysis 
separate programs were designed to infer functional description for unknown genes using 
exon analysis. The main idea behind this concept was that gene products can be described 
using their Gene Ontology (GO) (Ashburner et al., 2000) terms. Each gene is built from 
exons. Since exons are the coding parts of the genes the GO terms can be related to exons 
(Harris et al., 2004; Howe et al., 2003; Hamann et al., 2004).  Starting with the unknown 
gene we can simply Blast (Altschul et al., 1990) the gene and based on its similarity to 
known exon sequences and the GO term descriptions from the corresponding known 
genes can give a hint to predict the functionality of the query gene. The function of 
unknown gene prediction was based on the alignment between the known exon sequences 
and the query sequence. As exons are the coding parts of the genes it is more reliable to 
extract the known information from the exon sequences that are aligned to the unknown 
sequence. In general the alignment of the whole gene sequence makes more difficult to 
predict the accuracy of the alignment between the known and unknown sequences. For 
example, a small query sequence can have many hits based on the alignment. To address 
these problematic issues the following objectives were developed in this dissertation 
work: 
 

• Designing a normalized database for the CGC application.  
• Improving the application’s flexibility by removing the hard coded variable 

values. 
• Improving the efficiency of the application in terms of request processing time by 

modifying the client application. 
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• Creating automatic updating procedures for gene annotation data from the OMIM 
database. 

• Assign the functionality to the unknown gene using exon analysis.  
 

2 MATERIAL AND METHODS 
 

2.1 Reconstruction of the CGC-database 
 
The previous version of CGC database was redesigned using normalization. The total 
information contained in 40 tables was reduced to three tables. The tables were connected 
to each other using referential integrity. 
 
2.1.1 Old database tables and structure 
 
The Candidate Gene Capture (CGC) database, as designed by Andersson et al. (2005), 
contains information about different QTL positions in the rat genome, homology data 
between rat and human genes, and functional gene descriptions with references for 
human genes that are predicted to be localized within genomic regions homologous to the 
rat QTL regions. This information was contained in 40 tables with the same type of 
information content. There was no normalization in these tables which leads to 
redundancy. These tables can be seen as belonging to one of the four following 
categories: 
 

• QTL (1 table containing information about 37 QTL names and their descriptions) 
• Detailed QTL information (37 tables, each with the same name as the individual 

QTL symbol) 
• Downloadomimtest (1 table containing OMIM text) 
• L1 table (1 table that was used to store all the data while creating the CGC 

application)  
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Varchar(20)Officialsymbol_rat

Int(11)Omim_nr
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Int(20)cdsend
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Query system is based on L1 table

QTL information

 
Figure 1. Old database design 

These tables did not contain any relational integrity constraints to each other. These 
tables can therefore have repetitive and inconsistent data. An additional consequence was 
that searching the database was time consuming. The old database design was 
represented in figure 1. Normalization is the process of efficiently organizing data in a 
database (Chapple, 2001). There are two goals of the normalization process, one is to 
eliminate redundant data (for example, storing the same data in more than one table) and 
the second one is ensuring data dependencies make sense (only storing related data in a 
table). Both of these are worthy goals as they reduce the amount of space a database 
consumes and ensure that data is logically stored. 
 
QTL: The CGC database contained a table called “QTL” that held information on locus 
symbol, QTL description, chromosomal position and flanking markers that defined the 
borders of the 37 RA QTLs present in the database. The data describing these 37 RA 
QTLs in rat was obtained from the Rat Map database (Petersen et al., 2005).The data 
related to the 37 RA QTLs was originally collected from experimentally induced 
inflammatory arthritis in rat strains susceptible to the inducing agents’ pristine, collagen, 
streptococcal cell, oil or adjuvant only. The resulting QTLs are named accordingly: 
Pristine induced arthritis (Pia), Collagen induced arthritis (Cia), Streptococcal cell wall 
induced arthritis (Scwia), Oil induced arthritis (Oia) and Adjuvant induced arthritis 
(Aiah). 
 
Detailed QTL information: Detailed information about each QTL in the CGC database 
was stored in tables labeled with the same names as the individual QTL symbols. Thus, 
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37 QTLs were stored in 37 tables. Each of these tables contained known rat genes within 
the QTL, OMIM ID from human genes in the homologous human genomic region and 
chromosome position in rat. 
 
Gene function data: The gene functional description, downloaded from the OMIM 
database, was stored in a table called “downloadomimdata”. The OMIM database 
contains a comprehensive record of known gene function and clinical data and these 
records were used as a source for keyword querying in the CGC-application. For each 
human gene within the selected positions on the chromosome, gene function information 
was downloaded from OMIM and stored in the “downloadomimdata” table. 
 
L1 table: At the initial stage of the CGC application development a table named “L1” 
was created to store information related to the 37 RA QTLs. After creating specific QTL 
tables the data in the “L1” table was used by the querying system in the application. The 
“L1” table contains information for each QTL that was used in the application. 
 
The CGC application was designed by Andersson et al. (2005) to rank the best candidate 
genes that were associated with the 37 RA QTLs in the rat genome. The gene ranking is 
based on the functional description of the genes that are downloaded from the human 
phenotype database OMIM. A comparison with manual ranking showed that the CGC-
tool ranked textual gene descriptions in a very similar way (Andersson et al., 2005). 
 
A typical user session consists of several steps. Below is a schematic user session 
outlined to further explain the shortcomings of the CGC application:   
 
1) Finding a QTL.  
The first step in finding candidate genes for a specific QTL is to choose a QTL of 
interest. In order to make this possible the QTL names from the “QTL” database table is 
directly available through a web interface. In this way the user can access all arthritis 
QTLs in the database by searching locus symbol, chromosome number and/or a 
descriptive text. The resulting QTLs are presented together with a brief description, 
obtained from the “QTL” table. Next, the user may select the preferred QTL. 

 
2) Displaying the rat/human homologous QTL region with genes.  
A resulting web-page is presented with all rat/human gene pairs within the chosen rat 
QTL region, together with all human genes in the homologous human genomic region 
that are found in OMIM. These data are obtained from the corresponding "QTL 
information" table. 
 
3) Selecting and ranking of keywords. 
For all arthritis QTLs a total of 49 keywords were presented as default. Most keywords 
were obtained by selecting all terms found directly under the MeSH terms "autoimmune 
diseases" and "rheumatoid arthritis" in the PubMed MeSH-term database (MeSH 1999). 
Some of these terms were not selected to optimize the querying process. In addition a set 
of keywords were taken from PubMed articles on RA. 
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In order to estimate the relative importance of the default keywords in relation to arthritis, 
each keyword was assigned a score depending on its relevance to arthritis as stated in 
equation 1. The application also allows the user to add up to ten keywords of his/her own 
choice, and a keyword score is calculated for new keywords, based on the same principle 
as for the default keyword score. Optionally, the user may select or unselect some of the 
keyword scores, including the default ones. 
 
4) Searching OMIM text for selected keywords.  
The selected keywords are searched against the OMIM functional description of genes in 
the identified QTL. The scores for the selected keywords that matched each gene’s 
functional description are then summed.  For each gene the sum of all scores is displayed. 
This gives an indication of how good each gene was as a candidate gene for RA. Each 
keyword is counted only once, independently of the number of times it occurs within an 
OMIM text. 
 
The user can access the CGC application through the Internet using the web address 
www.ratmap.org. The figures in the appendix represent the different steps involved for 
finding candidate genes with the CGC tool. 

 
One of the problems with the implementation of the CGC application was the use of 
static web pages. A static web page is a web page where the content is written like an 
unchangeable document, i.e. the content and layout of the web page is fixed. The variable 
values, such as the scores of the keywords, were hard-coded rather than obtained from a 
database. A dynamic web page is a web page where the content is uploaded from a data 
source, e.g. a database. This enables the web page to be updated without actually 
changing the layout of the web page. Dynamic web pages are typically implemented by 
using a script language, e.g. Javascript, or Cold fusion.  
 
In the CGC application all the predefined keywords and their associated scores were 
implemented as hard-coded values. By the use of check boxes, the user may or may not 
include a particular keyword when searching the OMIM functional description. When the 
user excludes all the keywords the CGC application presents a new static webpage. This 
new webpage contains the same information without selection of keywords, i.e. all check 
boxes unmarked. The new web page forces a new request to the web server, thereby 
solving the problem at the client side. 
 
2.1.2 New database tables and structure 
 
To implement the database design, the conceptual models need to be translated into a 
database schema using the data model of a database management system (DBMS). When 
using a relational database management system such as MySQL (MySQL 1995), the 
conceptual model (Batini et al., 1992) is translated into a relational data model,  which 
describes how the data is structured in terms of the basic data types of the relational 
system and how it can be used. The relational model (Codd et al., 1998) defines the 
logical relationships between the entities presented in the conceptual model by defining 
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one or more attributes as keys. The conceptual model can be transformed into a relational 
data model by the following rules: 
 

• Entities in the conceptual model become tables in the relational model. 
• Attributes in the conceptual model become fields or columns in the relational 

model. An appropriate data type from a range of available data types can be 
assigned to each of the attributes. 

• The associations between tables are implemented by defining one or more 
attributes of a table as primary key which may be referenced from the attributes of 
another table through a foreign key. 

 
The new database includes information about QTL data, functional description of genes, 
and gene homology data in three tables called "Main_qtl", "Qtl_region", and 
"domimtest". 
 
The existing table "QTL" was renamed "Main_qtl" but contained the same data as the old 
table without any change of table format. However, in the new table the field QTL_Name 
was set as a primary key of this table to avoid the duplication of QTL names. 
 
The previous 37 QTL tables in the CGC-database, which include individual information 
about each QTL, were merged into a single new table labeled "Qtl_region". In this new 
table, the field Qtl_region_name was added to link to the QTL name in the "Main_qtl" 
table by referential integrity. This relationship between the “Main_qtl” table and the 
“Qtl_region” table makes it possible to fetch all the genes that were associated to the 
selected QTL. 
 
The table "downloadomimdata" was renamed to "domimtest". In this new table a field 
called Update_date was added, which contains the actual date when the gene function 
data was inserted or modified in the OMIM database. This information will help when 
running the automatic updating program for updating gene function data in the CGC 
database. In table Omim_nr the field X was set as primary key which was referred to 
from the “Qtl_region” table by the foreign key Y. 
 
The “L1” table (gene homology data) in the database was only used to fetch the genes 
related to the selected QTL. This table was removed and the same functionality was 
instead provided by a relationship between the tables “Main_Qtl” and “Qtl_region”, 
using the fields Qtl_name and Qtl_region_name, and the tables “Qtl_region” and 
“domimtest”, using the fields Omim_nr and Omim_nr. 
 
The new database was implemented using relations between the tables “Main_Qtl”, 
“Qtl_region” and “domimtest” (see Figure 7). This will help to avoid duplication in data 
when new QTL data is inserted into the database. The relations among the tables enable 
the retrieval of data when a user wants to read about a specific gene function in the 
selected QTL. As a result, the new database which was created is consistent and non-
redundant. The newly designed relational data model is shown in figure 6 in the Results 
chapter. 
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The 49 default keywords and their associated scores were stored in a new table named 
“syndrome_score”. In order to let the user choose between keywords the check boxes 
were created by downloading the values from the table “syndrome_score”. 
 
A separate function was designed using Javascript to provide the option for the user to 
select or unselect all the keywords. In the previous application this was implemented by 
sending a request to a separate program which showed the new web page with the 
keywords unselected. The same functionality is now implemented in the client software 
using a Javascript function without sending a request to the web server. 
 
The CGC application ranks the genes in the selected QTL based on functional 
descriptions of the genes. The gene descriptions in the old application were downloaded 
from the OMIM database. When the gene description was updated in the OMIM database 
it was necessary to update the CGC database. Therefore, a program was designed for 
adding a new function that managed to make an automatic update of the functional gene 
descriptions (OMIM data) in the table “domimtest”. The program takes functional 
descriptions of genes downloaded from the NCBI database using ftp. The program then 
separates each record from OMIM’s functional descriptions of genes. From each record, 
the OMIM number, functional description of the gene, reference text and edit history are 
inserted into the table “domimtest”. Before updating the records in the table, the program 
checks the edit history which is stored in the field update_date. The program updates the 
record if the OMIM data is more recent than the existing data. Otherwise the program 
omits the record and continues to the next record. 
 
The performance of the new CGC application was measured using the microtime () 
function in the PHP scripting language. When calling the microtime function in PHP it 
returns the string “msec sec” where sec is the current time measured in the number of 
seconds since the Unix Epoch(0:00:00 January 1, 1970 GMT), and msec is the 
microseconds part. Both portions of the string are returned in units of seconds. The 
performance was measured by taking the time for the CGC application to rank the 
candidate genes in the selected QTL. A total of 7 QTLs were tested. For each QTL the 
time was noted (start time) before CGC starts to rank the genes in the selected QTL. 
Once the user presses the search button the CGC tool ranks the candidate genes. The time 
was noted (end time) after ranking the candidate genes by CGC. The time difference was 
calculated by deducting the start time from end time which in turn returns the time taken 
by CGC to rank the genes in the selected QTL. Both versions of CGC (old and new) were 
tested in the same way as specified above. 

 
2.2 Exon analysis 
 
The CGC tool ranks the candidate genes that are responsible for RA based on their 
functional descriptions. However, some genes do not have defined functional 
descriptions. As the CGC tool works on textual gene descriptions, in the absence of some 
gene function the tool may not include those genes while ranking the candidate genes. 
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The main idea in the extension presented here is therefore to derive the functionality of 
unknown genes by aligning their sequences to those of homologous genes and checking 
for similarity between the homologs in terms of their GO terms. As the GO terms 
describe gene products, they can be used to predict the functionality of unknown genes. 
 
The protein coding region in the DNA sequence of a gene is divided into a series of 
exons separated by non-coding introns. During gene expression, the initial RNA that is 
synthesized is a copy of the entire gene, including the introns as well as exons. The 
process called alternative splicing removes the introns from this pre-mRNA and joins 
different exons together to make the mRNA which eventually is translated during protein 
synthesis. In many genes, different exons can be combined differently. Alternative 
splicing leads to the production of different kinds of proteins from a single gene. From 
the studies on the human genome it has been suggested that a large number of human 
genes are alternatively spliced (Mironov et al., 1999; Brett et al., 2000). Other genes do 
not specify proteins, the end products of their expression being non-coding RNA, which 
plays various roles in the cell. There are many databases available that contain 
alternatively spliced genes, their products and their expression patterns. For ex ASDB 
contains information about the alternatively spliced genes (Dralyuk et al., 2000; Gelfand 
et al., 1999). 
 
The Gene Ontology consortium’s ontology, GO (Ashburner et al., 2000), provides a 
dynamic controlled vocabulary for all organisms, which describes the gene products in a 
precise, reliable, computer readable format. The gene products are described in terms of 
biological process, cellular components and molecular function. GO terms are 
represented in a directed acyclic graph where any term may have more than one parent as 
well as zero, one or more children. The advantage of using GO term descriptions is to 
avoid the ambiguity of different descriptions from different authors for the same function. 
 
The function of a gene can be predicted by similarity to a sequence of known function. 
This kind of function assignment can work very well when there is a clearly matching 
homologue with established function. In some cases it is difficult to predict gene function 
where the homologue is not well defined due to lower sequence similarity or presence of 
many candidates with differing functions. Gerlt and Babbit (2000) reviewed a number of 
examples where sequence similarity alone cannot provide full functional specificity. 
They discussed examples that included classes of proteins where the function is similar 
but sequences are diverse, and classes where the sequences are similar and function is 
different. Their examples were unusual. Sequence similarity can, after all, be used to 
infer function for large sets of genes with relatively good results with accuracy from 70% 
to 80% (Blundell et al., 1987; Fetrow et al., 1993; Greer, 1991; Johnson et al., 1994; Sali 
et al., 1990). Tools like PEDANT (Frishman et al., 2001) and GeneQuiz (Andrade et al., 
1999) derive the functionality based on free text annotation in sequence databases. But 
these tools get complicated by the difficulty in mining and interpreting natural language. 
The tools that are based on natural language processing have difficulties in analyzing the 
correct meaning of the sentence. For example a function can be described in one way in 
one sequence annotation, but in a different way in another annotation. Such difficulties 
impair the quality of the tools that are based on natural language processing. 
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To overcome the difficulties of different text annotations for the same function, some 
authors chose the GO terms as text annotations. For example, Jensen et al. (2003) used 
neural networks to provide predictors for a small subset of 190 relatively non-specific 
GO terms. 
 
In another approach Schug et al (2002) published their results of automatically 
associating GO terms with protein domains from two motif databases, namely ProDom 
and CDD (Marchler-Bauer et al., 2003; Corpet et al., 2000).  Their approach is to use 
protein domains to Blast (Altschul et al., 1990) search against the GO database and assign 
the molecular function GO term from the sequence matching the domains with the most 
significant p-value. In this approach they found that in the database they worked with, 
most sequences only had one function GO term. Due to the restrictive assumption that 
each sequence has only one GO term, their approach cannot address the potential 
problem that a sequence matching a motif has multiple associated GO terms, which is a 
common situation. 
 
Schug et al (2002) presented their results by assigning GO terms to the sequences that 
have similarity with the given motif. Even though the results were reliable but the 
sequences that were matched to the given motif were assigned single GO term 
description. In general the gene sequence can produce more than one gene product. Their 
approach was particular to motif parts of the sequence and the gene sequence can only be 
described with single functionality. In our approach the way of assigning GO term 
descriptions to the unknown gene is based on sequence similarity, but our approach is 
different from Schug et al. (2002) by including more information by using exon 
sequences. As the data sets were readily available, we tested our concept on some genes 
in an empirical approach. An overview of the exon analysis approach is given in figure 2 
and 3. The data set contains 2379 genes having 20380 exon sequences. The genes and 
their exon sequences were extracted from the AltExtron database at EMBL. ‘AltExtron is 
a computer generated high quality dataset of human transcript-confirmed constitutive and 
alternative exons and introns, and the delineated events’ (Clark and Thanaraj, 2002). 
Through cross-linking to NCBI 1 this set of data was enriched with all kind of GO terms 
for all 2379 genes 2. The reason for the particular number of genes in the dataset was that 
we only considered the genes that have GO term and exon sequence information from the 
available dataset. The exon analysis was done in the following way. 
 

• The exon sequences were aligned with each other using locally installed Blast 
(Altschul et al., 1990) and the parameters blastp and blosum 62 matrix were used.  

• Based on the alignment between each exon sequence and their Blast hits, they 
were made as a group (see figure 4). 

• To determine the acceptable similarity between the sequences the sequences in 
each group were further grouped using similarity and E value thresholds.  

 

1.  http://www.ncbi.nlm.nih.gov/. 

2. All the data sampling was made and kindly provided by Per Johnson at the RatMap, CMB-Genetics,    

    Gothenburg University, Sweden. 
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• For each threshold value the number of exon groups and average frequency of 
most common GO term was calculated (see figure 5). 

• Based on the number of exon groups and average frequency of common GO term 
the best threshold value was selected. In total 8 tests were conducted to determine 
best threshold. 4 tests were conducted for the E value threshold. Another 4 test 
were conducted for the similarity threshold. 

• The GO term descriptions from the groups obtained with the best threshold value 
were used to predict the function of the gene. 

• 4 known genes were used to test the accuracy of prediction from the groups 
obtained with best threshold values. 

 

gene1

gene2

gene3

gene4

Unknown
sequence

GO term A GO term B GO term C GO term D

GO term A GO term B

GO term A

GO term A

GO term A

GO term B

GO term B

GO term B

GO term C

GO term N

GO term C

GO term Z

GO term Y

GO term F

ATP 
binding

Ion 
transport

Nucleus Protein binding

Membrane

Actin filament

cytoskeleton

unknown unknown

Exon sequences
 

Figure 2. The procedure to assign the functionality to unknown sequences. The unknown sequence is 
assigned function based on its similarity to the known exon sequences. The known exon sequences are 
explained with their functionality based on GO term descriptions. When the unknown sequence has 
similarity with known sequences the functionality of the unknown sequence can be derived based on its 
similarity to the known sequences. 
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Figure 3. Flow chart representation of exon analysis.  
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Figure 4. Procedure for grouping the Blast results. The total number of genes and their exon sequences 
were stored in database as represented in diagram. 
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Figure 5. Procedure for counting the average frequency of common GO term from the groups obtained 
with different threshold values. 
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2.2.1 Random test:    
  
The main reason behind making exon groups was that exon alignments showed such a 
level of sequence similarity that it could be expected that the exons shared functionality. 
To emphasize the significance of Blast results a test was conducted from the groups that 
were obtained initially from the Blast results. 50 exon sequences were selected randomly. 
For each exon sequence the corresponding geneID and GO terms were collected. The 
collected geneIDs were checked for similarity in GO terms. The average frequencies of 
GO terms were calculated, i.e. how many exons share the same GO term. 
 
2.2.2 Calculations of Frequency of GO terms within exon groups 
compared to frequency within the total exon population  
 
The groups obtained with the best threshold value showed both the highest average 
frequency of the most common GO term and the highest average number of exons per 
group. If a GO term occurs at high level in all the groups then it may not be because of 
sequence similarity. On the other hand, if this GO term is found in only half of all exons 
(in all exon groups) then it is likely that the sequence similarity is responsible for the 
100% sharing of this GO term within the exon group under study. In other words the high 
frequency of GO terms in only some exon groups represents those exons that have high 
similarity with each other. In order to know the reason behind the high frequency of GO 
terms in the groups we took the GO terms that were found at high frequency in the 
groups and their frequency among the total exon population was calculated. The groups 
that were chosen for the test were based on the best threshold value. 
 
For all exon groups formed at this threshold level the frequencies of the most common 
GO term within each exon group were calculated as 

  [ ]Ni
n

n
f i

i ,1∈=     (2) 

 
Where fi represents the frequency for the most common GO terms within each exon 
group, ni is the number of exons sharing the same GO term, and n is the total number of 
exons within the group. N is the total number of groups. 
 
The average frequency of the most common GO terms in the total exon population was 
calculated as  

N

f
f

N

i
i

total

∑
== 1

     (3) 
 

Where fi is the frequency of the most common GO term in exon group i and N is the total 
number of exon groups (2379). 
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2.2.3 Case studies of genes with known function and the predictive 
power of related exon groups 
 
In order to test the predictive power of the exon descriptions provided by the most 
common GO terms in the exon groups, four genes with known function were selected and 
tested as follows: 
 

• GO term information for each gene was collected as well as other descriptions 
provided by NCBI-Gene (http://www.ncbi.nlm.nih.gov/). 

• For each gene the corresponding exon groups were retrieved based on sequence 
alignment (according to best threshold E value).  The three most common GO 
terms among the chosen exon groups were collected. GO terms were translated 
from ID into English by using the AmiGO browser 
(http://www.geneontology.org).  

• The translated GO terms were used to predict functions of the test genes. 

• The predicted function of each gene was compared to the known gene function. 
The descriptions obtained from the GO terms and the known gene function was 
compared to find the similarity in descriptions.  

 

3 RESULTS 
 

3.1 Reconstruction of the CGC-database 
 
The new CGC database was designed to maintain data integrity and consistency. The 
tables were linked with each other by using referential integrity. This referential integrity 
helps to avoid duplicate data and prevents inconsistency since data cannot be deleted 
unless all the referenced data are also deleted from the database. The data cannot be 
duplicated since e.g., if the same QTL name information is inserted two times the 
database will generate an error message. 
 
To ensure that relationships between tables remain consistent a new design of the 
database was necessary. Functional dependencies were used to maintain referential 
integrity. This ensures a new database without redundancy, that is, data cannot be 
duplicated. The data can now only be entered or deleted if it obeys the referential 
integrity constraints. 
 
Figure 6 shows the relational data model for the new database. Each table in the figure 
corresponds to one of the tables in the new database. The columns in the table show the 
attributes of each table. Each attribute was given with other details like data type of the 
attribute and corresponding constraints associated with a particular attribute. The new 
database design is shown in figure 7. All attributes and their definitions are shown in the 
figure 8.  
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Figure 6. Relational data model for the new database. Type – States the data type used for an attribute in 
the relational model. Null – Indicates if, while inserting the data into a table row, an undefined value for the 
corresponding attribute will be accepted or not. By default, NULL values are acceptable in all attributes 
except for the attribute declared as a primary key. Key – Shows the status of an attribute as Primary, 
Foreign, Unique or Multiple Key. Default – Represents the default value that an attribute can take. 
Attributes defined as keys can not have a NULL value as default. 

 



23 

Description

Chromosome

#Qtl_name

(Text)

varchar(10)

varchar(20)

Main_Qtl

Description

Chromosome

#Qtl_name

(Text)

varchar(10)

varchar(20)

Main_Qtl

Chromosome

Chromosome_rat

Official_Symbol

Cdsstart

cyt_gene_location

Official_symbol_rat

00 Omim_nr

00 Qtl_region_name

#Id int

varchar(20)

int

int

varchar(20)

int

varchar(20)

varchar(20)

int

Qtl_region

Chromosome

Chromosome_rat

Official_Symbol

Cdsstart

cyt_gene_location

Official_symbol_rat

00 Omim_nr

00 Qtl_region_name

#Id int

varchar(20)

int

int

varchar(20)

int

varchar(20)

varchar(20)

int

Qtl_region

Update_date

Ref

Omim_text

#Omim_nr

text

date

text

int

domimtest

Update_date

Ref

Omim_text

#Omim_nr

text

date

text

int

domimtest

Query system based 
on relation ship 
between the tables

Varchar(50)Out_name

floatValue

Varchar(50)Keyword

Syndrome_score

Varchar(50)Out_name

floatValue

Varchar(50)Keyword

Syndrome_score

 
Figure 7. New database design.    # Primary key, 00 Foreign key. 

 

Qtl_name:- name of the QTL.
Chromosome: Describes on which chromosome the QTL is situated
Description: Small text describing the QTL
id :- integer field that keep track of unique record
Qtl_region_name:- contain the QTL names and work as foreign key
Omim_nr:- Omim record number or identifier
Official_symbol_rat: official name of the rat gene
Cyt_gene_location: Location of the gene (Cytochromatic)
Cdsstart: Codon start of the gene (in base pairs)
Official_Symbol: official name of the human gene
Chromosome_rat: Describes on which chromosome the rat gene is situated
Chromosome: Describes on which chromosome the human gene is situated
Omim_text:- contains omim description
Ref: - contain references for the omim description 
Update_date:- contains date about the omim data that was entered in OMIM database
Keyword :- contains the name of the keyword
Value :- contains the score for the keyword
Out_name :- Contains the full name of keyword

 
Figure 8. Attributes and their definitions. 

  
Performance of the new CGC application 
 
In general the QTLs contain hundreds to thousands of genes. It is difficult to find the 
correct genes from the collection of genes. As the CGC tool finds the candidate genes 
based on the textual description of genes within the local database, it is important to 
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improve the performance. In order to evaluate the improvements gained with the new 
database structure, the first seven QTLs were selected for a performance test. The 
performance of the new CGC application was measured by calculating the time taken for 
ranking the genes in the selected QTL. Table 1 summarizes the time differences between 
the old version and new version of CGC applications. The newly written programming code 
for CGC is attached as an appendix.  
 
 
Table 1. Results for the performance test between the old and new CGC applications. The first column 
identifies the QTL used in the performance test. The second column shows the time taken for the old 
version of the CGC application to rank the genes in the selected QTL. The third column shows the time 
taken by the new version of the CGC application to rank the genes in the selected QTL. The fourth column 
shows how much faster the new CGC application is compared to the old CGC for ranking genes in the 
selected QTL. 

Selected QTL 
Time taken for old CGC 

version (in seconds) 
Time taken for new CGC 

version (in seconds) 
Number of 

times  faster 
Cia18 10.6 1.3 8.15 
Cia19 10.2 0.8 12.75 
Cia2 11.2 1.7 6.5 
Pia8 10.1 0.6 16.8 

Cia10 10.4 1 10.4 
Cia7 10.1 0.6 16.8 
Cia11 10.3 0.8 10.3 

 
3.2 Exon analysis 
 
3.2.1 Sequence similarity testing 
 
Sequence similarities of 70%, 80%, 90% and 95% were tested and it was observed that 
higher levels of sequence similarity were accompanied by a decrease in number of exon 
groups as well as the average number of exons within each exon group (Table 2). The 
number of groups that were obtained with the threshold value 70% was 869. The number 
of groups decreased with higher similarity values. 
 
At the highest similarity threshold value (95%) the number of groups obtained was 242. 
For each sequence similarity threshold tested the average frequency of the most common 
GO terms in the total exon population was calculated. The average frequency was 34% at 
a sequence similarity of 70% and reached a maximum of 50% at a sequence similarity of 
90% (Table 2). 
 
3.2.2 E-value testing 
 
The E-value thresholds of 1.0, 0.1, 0.01 and 0.001 were tested and we found that the 
number of exon groups as well as the average number of exons within each group 
decreased with lower E-values (Table 2). For each E-value threshold tested the average 
frequency of the most common GO terms in the total exon population was calculated. 
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The average frequency was 41% at E-value < 1.0 but increased to 72% at E-value < 
0.001 (Table 2). The number of groups at the E value 1.0 was 1213 and started to 
decrease in number with lower E values. The lowest E value 0.001 resulted in 537 groups 
(Table 2). 
Table 2. Test results for different threshold values. Group no. is the number of groups which satisfy the 
given criteria out of the total number of groups (2379). Average exon no. is the average number of exons 
calculated from the sum of the total number of exons in each exon group divided by the total number of 
exon groups. Average frequency is the average frequency of the most common GO term calculated from 
the sum of the frequency of the most common GO term in each exon group divided by the total number of 
exon groups.  
Test Criteria  Groups no. Average 

exon no. 
Average frequency of most 

common GO term 
Test1 Similarity >=70% 869 20 34% 
Test2 Similarity >=80% 622 12 37% 
Test3 Similarity >=90% 264 6 50% 
Test4 Similarity>=95% 242 5 48% 
Test5 E-value<1.0 1213 35 41% 
Test6 E-value<0.1 900 14 60% 
Test7 E-value<0.01 639 11 72% 
Test8 E-value<0.001 537 10 75% 
 
3.2.3 Frequency of GO terms within exon groups compared to 
frequency within the total exon population  
 
For all exon groups that were obtained with a threshold E-value of 0.01, the average 
frequency of the most common GO term in each exon group was 72% (Table 2). Taking 
the same GO terms but now comparing their frequencies among all 20380 exons used in 
this study, we obtained an average frequency of only 5%, which clearly indicates the 
usefulness of exon groups for deriving the function of unknown genes. To get an 
indication of the level of significance of this over-representation, we performed a random 
test. This test was done by picking up 50 exon sequences randomly. The exons that were 
picked up randomly from the exon groups were checked for similar biological function. 
The average frequency of the most common GO term among the exons was calculated 
and found to be 14%, i.e. out of 50 exons 7 exons shared the most common GO term. 
 
3.2.4 Sampled test genes  
 
In order to test the predictive power of the exon description provided by the most 
common GO terms in the exon groups, four genes with known GO terms were selected 
and their function predicted based on the GO terms characterizing their exons. The GO 
terms between the test gene and its related (homologous) exon groups were compared to 
assess the similarity of their descriptions. Tables 3 to 6 represent each test and the GO 
term descriptions in common between each test gene and its related exon groups.  
 
For test1 (Table 3) the common frequency of GO terms in the first predicted exon group 
was high, nearly 70%. On the other hand the rest of the predicted exon groups showed a 
smaller number of GO terms in common. The results for test2 (Table 4) showed nearly 
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50% frequencies of common GO terms in the predicted exon groups. The average 
frequency of the GO terms in test3 (Table 5) was very high for the third, the fifth and the 
sixth exon groups. The rest of the predicted exon groups for test3 had a small number of 
GO terms especially for the fourth exon group. The frequency of GO terms was high for 
the second exons group in test4 (Table 6).  
 
Table 3. Results for test1. The first section contains the test gene name and its GO term descriptions. The 
rest of the sections in the table contain the exon groups obtained for the test gene and the most common GO 
terms in each exon group. Each exon group is specified with the number of exons in that group presented 
with number in parenthesis. The GO terms are also presented with their frequency and number of 
occurrences in parenthesis.  
Test gene GO terms 

IDB1078001 GO:0000074        regulation of cell cycle 
GO:0006915        apoptosis 
GO:0006977        DNA damage response, signal transduction by 

p53 class    
                             mediator resulting in cell cycle arrest 
GO:0008285        negative regulation of cell   proliferation 
GO:0005886        plasma membrane 
GO:0019898        extrinsic to membrane 

First exon group (9)  GO terms in common   
GO:0005634        nucleus (66%, 6) 
GO:0008270        zinc ion binding (66%, 6) 
GO:0006355        regulation of transcription, DNA-dependent  

(55%, 5) 

Second exon Group (7) 
 

GO terms in common 

GO:0005813        centrosome (29%, 2) 
GO:0005856        cytoskeleton (29%, 2) 

Third exon Group (12) 
 

GO terms in common 

GO:0005515        protein binding (25%, 3) 
GO:0005887        integral to plasma membrane (25%, 3)        
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Figure 9. Hierarchical representation of test number 1. The GO terms and their association with the parent 
components were shown in a tree structure with ‘is_a’ or ‘part_of’ relationship. The GO terms associated 
with the test gene are shown in green color. The GO terms from predicted exon groups are shown as red 
colored numbers in circles. The numbers are assigned to GO term according to the order of GO terms in the 
first exon group in the Table 3. Some GO terms in the predicted exon groups have the same description as 
the test gene GO terms. In some cases the GO term description has a different path from the specified 
position i.e. they are placed at deeper level from the specified position.    
 
Table 4. Results for test2. For explanations, see table 3. 
Test gene GO terms 
  IDB1078011 GO:0004872        receptor activity 

GO:0005216        ion channel activity 
GO:0005524        ATP binding 
GO:0006811        ion transport 
GO:0016020        membrane 

First Exon Group(16) GO terms in common 
GO:0006355       regulation of transcription, DNA-dependent (81%, 13) 
GO:0005634        nucleus (68%, 11) 
GO:0008270        zinc ion binding (68%, 11) 

Second Exon 
Group(50) 
 

GO:0005509        calcium ion binding (38%, 19) 
GO:0016021        integral to membrane (18%, 9) 
GO:0005515        protein binding (16%, 8) 

Third Exon Group(4) 
 

GO:0003774        motor activity (50%, 2)  
GO:0005200        structural constituent of cytoskeleton (50%, 2) 
GO:0005884        actin filament (50%, 2) 

Fourth Exon 
Group(13) 

GO:0005198        structural molecule activity (23%, 3) 
GO:0005509        calcium ion binding (23%, 3) 
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Figure 10. Hierarchical representation of test number2. For explanations, see figure 9. 
 
Table 5. Results for test3. For explanations, see table 3. 
Test gene GO terms 
IDB1078032 GO:0004869        cysteine protease inhibitor activity 

GO:0008201        heparin binding 
GO:0005576        extra cellular 

First Exon Group(4) GO terms in common 
GO:0005579        membrane attack complex (50%, 2) 
GO:0005615        extracellular space (50%,2) 
GO:0006955        immune response (50%, 2) 

Second Exon 
Group(12) 
 

GO:0004872        receptor activity (33%, 4) 
GO:0006955        immune response (33%, 4) 
GO:0016021        integral to membrane (33%, 4) 

Third Exon 
Group(16) 
 

GO:0003700        transcription factor activity (93%, 15) 
GO:0005634        nucleus (93%, 15) 
GO:0006355        regulation of transcription, DNA-dependent (93%, 15) 

Fourth Exon 
Group(22) 
 

GO:0003779        actin binding (13%, 3) 
GO:0005198        structural molecule activity (13%, 3) 
GO:0005856        cytoskeleton (13%, 3) 

Fifth Exon Group(3) GO:0005634        nucleus (100%, 3) 
 GO:0003700       transcription factor activity (66%, 2) 
 GO:0003702       RNA polymerase II transcription factor activity (66%, 2) 

Sixth Exon group(6) GO:0005216        ion channel activity (100%, 6) 
GO:0005230        extracellular ligand-gated ion channel activity (100%, 6) 
GO:0006811        ion transport (100%, 6) 

. 
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Figure 11. Hierarchical representation of test number 3.For explanations, see figure 9. 
 
Table 6. Results for test4. For explanations, see table 3. 
Test Gene         GO terms 
IDB1078077 GO:0001501        skeletal development 

GO:0006935        chemotaxis 
GO:0005615        extracellular space 
GO:0005737        cytoplasm 

First Exon Group(20) GO terms in common 
GO:0005634        nucleus (40%, 8) 
GO:0004871        signal transducer activity (20%, 4) 
GO:0006355        regulation of transcription, DNA-dependent (20%, 4) 

Second Exon 
Group(29) 

GO terms in common 
GO:0004263        chymotrypsin activity (86%, 25) 
GO:0006508        proteolysis and peptidolysis (86%, 25) 
GO:0004295        trypsin activity (79%, 23) 
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Figure 12. Hierarchical representation of test number 4. For explanations, see figure 9. 
 
 

4 DISCUSSION 
 
The CGC-application is a tool designed for finding gene candidates associated with QTLs 
observed in rat arthritis models. This tool is impaired by a number of inconsistencies in 
the underlying database structure and the first part of this work therefore consisted of 
identifying these problems and improving the database. The following desired 
improvements were identified and addressed: 
 
• Designing a normalized database to avoid redundancy and inconsistency. 
• Improving the CGC application capabilities by removing the hard coded values. 
• Improving the efficiency of the application in terms of request processing time by 

making a more efficient client application. 
• Implementing an automatic updating of existing gene function data from the OMIM 

database. 
• Implementing the exon method for deriving functionality for the unknown genes by 

analyzing homologous exon sequences and their GO terms.  
 
The changes made to the new CGC application makes the CGC tool work faster. The 
newly designed database is aimed at management of the data related to 37 RA QTLs. 
Once the data is organized in the database the information can be manipulated by obeying 
the rules of referential integrity. The information in the database can be accessed from the 
user interface (browser). In the modified version of the CGC application the keywords 
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and their scores were provided by fetching the values from the database. This makes the 
CGC tool flexible and dynamic when we want to add new keywords and scores. 
 
The performance difference between the old and new version of the CGC application was 
measured. Compared to the old CGC application the new version was nearly 10 times 
faster i.e. saving 10 seconds time saving when ranking the best candidate genes. In 
addition, in some cases we also found that the new version of the CGC application ranked 
the new candidate genes with better score. This might be because of updating the OMIM 
records in the database with the newly written program.  The automatic updating 
procedure of OMIM gene descriptions formulates CGC to give more strength by 
including new genes when ranking the candidate genes. While updating the OMIM 
records in the local database the automatic updating procedure saves time by modifying 
only the records that are changed in the OMIM database. When the user does not want to 
include any key words in the search for candidate genes, the modified version of the CGC 
application solves the problem at the client side without sending any request to the web 
server. The newly written function in Javascript allows CGC to unselect all the keywords. 
In the old CGC application this problem was solved by generating a new webpage that 
presented all the keywords without selection.   
 
In summary, the improvements here applied have considerably facilitated the updating 
procedure and made the CGC-program work much more efficiently.  
 
This work also deals with the problem of retrieving human genes from any given region 
corresponding to a rat QTL. Although several of these human genes have a detailed 
description there are still many that remain undefined. This, of course, means that a large 
number of potential gene candidates are omitted from consideration based on mere 
ignorance. In order to try to overcome this obstacle this project also aimed at creating the 
foundation of a tool that can provide prediction of gene function based on exon sequences 
of any given gene. 
 
The development of this tool was based on a data set of 20380 exons obtained from 2379 
genes. The main principle was to align exons with an overall sequence similarity, 
reflecting a potential common evolutionary background. If true, exons can in this way be 
divided into small groups, which, ideally, should share a similar biochemical function. In 
this work all exons were run against Blast with each other and different threshold values 
were tested to select the most appropriate division of exon groups. The resulting exon 
groups were subjected to different forms of testing to estimate the exon group predictive 
power. 
 

4.1 Correspondence between E-value, sequence similarity and 
frequency of GO terms within exon groups 
 
Both sequence similarity and E-value were used for finding a suitable threshold value 
defining an exon group. Increasing sequence similarity and decreasing E-value both 
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resulted in fewer exon groups with lower average number of exons within each group 
(Table 2). This is, of course, expected as a consequence of stricter selection criteria. 
 
However, the idea was that an exon group would also show some signs of functional 
similarity and the way we tried to estimate this was to calculate the average frequency of 
the most common GO term. Each of the 2379 genes used in this part of the project are 
associated with a number of GO terms and all GO terms associated with any given gene 
were linked to its exons. When arranged into exon groups these associated GO terms 
were compared within each exon group and the frequency of the most common GO terms 
were calculated (the sum of the number of exons within each group sharing the same GO 
term divided by the total number of exons within the same group). Although there was an 
increase in the frequency of the most common GO term with stricter selection criteria for 
both sequence similarity and E-value, it was less evident when using sequence similarity 
as threshold. The highest level of sequence similarity, 90%, reached a frequency of the 
most common GO term of 48% whereas the strictest E-value threshold, 0.01, had a value 
of 72% (Table 2). At the same time the number of exon groups was 264 at 90% sequence 
similarity whereas there was more than twice as many (639) at E-value < 0.01 (Table 2). 
Thus, although the E-value < 0.01 was less restrictive in number of exon groups, 
compared to sequence similarity of 90%,  it created much more homogenous exon groups 
as judged by similarity in GO terms. The reason for this is probably that the E-value takes 
both size of query and subject sequence into consideration, as well as size of database and 
total alignments whereas sequence similarity only concerns the Blast alignment, i.e. only 
the parts of the sequences that were aligned, while ignoring all other factors. 
 
Furthermore, our test with different E-values indicated a clear increase in frequency of 
the most common GO term between E-value thresholds 0.1 and 0.01 whereas the 
difference between the E-value thresholds 0.01 and 0.001 was not that high (72% and 
75% respectively). Thus, we considered E-value < 0.01 to be the threshold of choice, 
since we here combined a high frequency of most common GO term with a large number 
of exon groups (639). 
 

4.2 GO terms in exon groups compared to total exon 
population 
 
In order to evaluate the significance of the average frequency of the most common GO 
term obtained for E-value < 0.01 we compared it to the frequency obtained by taking the 
same GO terms but now comparing their frequencies among all 20380 exons used in this 
study. This average frequency was found to be 5%. Thus, by aligning exon sequences 
with an E-value < 0.01 we managed to enrich the frequencies of these GO terms with an 
average of 67%. This is clearly no evidence that the exons within a specific group 
actually share biochemical function but we find the figures encouraging. 
 
The results from the random test illustrated the significance of using Blast for aligning 
sequences. The exon sequences that were picked up randomly showed 14% similarity in 
GO terms. As it is a random test the results could vary for different series of tests. From 
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the random test result we were convinced that using Blast for aligning exon sequences is 
beneficial.  
 

4.3 Gene test – 4 sample genes 
 
In order to evaluate the predictive power of the exon description provided by the most 
common GO terms in the exon groups, four genes with known GO terms were selected 
and their function was predicted based on the GO term descriptions from the predicted 
exon groups. A manual inspection of these test results reveals that most of the exon 
groups display a confined set of GO terms giving a rather restricted description of these 
exons. For example, a number of exons are clearly associated with gene regulation (Test 
1, First Exon Group) whereas others are concerned with movement (Test 2, Third Exon 
Group), ion transport (Test 3, Sixth Exon Group) or proteolysis (Test 4 Second Exon 
Group). However, for some exon groups the describing GO terms do not have a very high 
frequency, which naturally impairs the reliability. 
 
The functionality for the unknown sequences was derived by counting average frequency 
of common GO term in the groups obtained with best threshold value. The enrichment of 
functionality to the groups obtained with best threshold was high and reliable. The 
common GO term frequency in the groups obtained with best threshold was 72%, but 
when it comes to the results part the prediction were not of the same accuracy as shown 
with the average frequency (72%). It may be a good idea to incorporate more biological 
knowledge to interpret the results. 
 
The results from 4 test genes showed reasonable results. The exon sequences were used 
to align and predict the function of unknown genes rather than whole gene sequences. As 
the exon sequences are the coding part of the gene we strongly believe the alignment 
between the query sequence and the result hits were reasonable and reliable. In addition 
to that the way we assigned the functionality by enriching the information by counting 
the average frequency of the most common GO term makes the prediction better. It is 
also worth while to compare the results by predicting the gene function by general 
homology-based methods. This however, is left as future work. 
 
When putting all separate exon descriptions together to generate a gene function it is 
possible to get a general conclusion, for instance the gene being a transcription factor 
(Test 1). However, in order to make a good prediction, a good deal of knowledge in 
biochemistry is probably needed. Still, the descriptions provided from the GO terms may 
serve as a basis for the kind of keyword-based queries used in the CGC-application.  
 
In some tests the prediction showed generalized descriptions. For example in test 4 the 
results showed that the test gene is related to plasma membrane. Even though there is no 
specific function, but from a biological point of view it can be understood that most of 
the proteins from the plasma membrane are bound to specific functionality in the cell 
cycle. 
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In summary, there is clearly a connection between GO term and sequence alignment 
between exons and to a certain extent this can be used for predicting the function of a 
whole gene. However, more data would help refining the description of each exon, 
maybe including other sources than GO terms, or involving more exons in the material, 
thus improving the predicting power of this program substantially. 

 
5 CONCLUSION 
 
The work conducted within the scope of this dissertation has reached its objective, which 
was to improve the existing CGC application developed for finding the candidate genes 
associated with rheumatoid arthritis. The improvements made to the existing CGC 
application showed considerable progress. The results from the performance showed 
extensive improvement. This result might impress more when CGC is extended to 
include more phenotypes. The new way of deriving the functionality to the unknown 
genes based on alignment of exon sequences and use of GO term descriptions showed 
reasonable results. From the results it is clear that there is a relation between the exon 
sequences and the GO terms. However interpretation of more biological knowledge and 
using different algorithms for the exon alignments can help to get more accurate 
predictions. 
 

6 FUTURE WORK 
 
The CGC tool works well to find candidate genes associated with the 37 RA QTLs. The 
CGC tool ranks the genes based on the keyword search on the OMIM text. In some cases 
it was observed that the CGC tool includes genes which are the false positives. For 
example when we are looking for genes that are associated with the keyword ‘Joint’, 
CGC includes the OMIM records which contain the word ‘joint’. But in some cases the 
word ‘joint’ was used to express the combination of two words. A future effort can be 
made to exclude such false positive OMIM records by implementing text analysis 
concepts using NLP (Natural Language Processing). To obtain the functionality for the 
unknown genes in this study only particular Blast parameters (such as using the Blosum 
62 scoring matrix) were used. It is worthwhile to test different parameter settings to find 
the most accurate alignment between the exon sequences. While performing the test gene 
experiments from the related exon groups only the GO terms which have high frequency 
in the exon groups were used to predict the function. To get more information about the 
function of the genes and increase the efficiency of the approach, the use of all GO terms 
may be recommended.  
 
The changes made to the CGC application add a dynamic nature. It can be extended 
further by writing automatic triggers to update the database or the database can be made 
reactive. As a result the CGC will have an automated procedure to maintain the related 
information in the database. 
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In addition, a future effort can be made to detect the function by including more 
information from Gene Ontology (GO) instead of only using single line GO term 
descriptions.  
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APPENDIX  
 

 
Figure 13. Screen shot of CGC home page. 

 
Figure 14. CGC interface with display of QTL descriptions 
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Figure 15. CGC interface with display of genes in the selected QTL 

 
 

 
Figure 16. CGC interface with search option for finding candidate genes 
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Figure 17. display of best candidate genes based on sum of keyword scores 

 

 
Figure 18. Display of gene function for the selected gene. 

 
 
 
 


