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Abstract 

The genomes of several organisms have been sequenced and the need for methods to 

analyse the data is growing. In this project a method is described that tries to identify 

co-regulated genes. The method identifies transcription factor binding sites, 

documented in TRANSFAC, in the non-coding regions of genes. The algorithm 

counts the number of common binding sites and the number of unique binding sites 

for each pair of genes and decides if the genes are co-regulated. The result of the 

method is compared with the correlation between the gene expression patterns of the 

genes. The method is tested on 21 gene pairs from the genome of Saccharomyces 

cerevisiae. The algorithm first identified binding sites from all organisms. The 

accuracy of the program was very low in this case. When the algorithm was modified 

to only identify binding sites found in plants the accuracy was much improved, from 

52% to 76% correct predictions.  
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1 Introduction 

As the genomes of several organisms have been sequenced the need for methods to 

analyse the data is growing. Information of biological importance is for example 

which genes are co-regulated, and could be involved in the same cellular process or 

share the same metabolic pathway.  

 

In this project the aim is to develop a method for identifying co-regulated genes by 

performing sequence and gene expression data analysis. The sequence analysis is to 

find regulatory elements in the non-coding regions upstream of the genes and 

compare them.  

 

Several works have been trying to identify regulatory elements in co-regulated genes. 

In for example Kielbasa et al. (2000) a method was developed that predicted 

transcription factor binding sites in the upstream regions of co-regulated genes. The 

method integrated frequency and positional information in order to identify binding 

sites. The limitation was that the motifs can only have shorter gaps, since motifs with 

longer gaps were not detected by the method. In some works sequence and expression 

data analysis have been combined, for example in Van Helden et al. (2001) and 

Holmes and Bruno (2000). Van Helden et al. (2001) developed a method that first 

identified clusters of genes with similar expression patterns and then tried to find 

similarities in the promoters of the genes belonging to the same cluster. Holmes and 

Bruno (2000) developed an algorithm that identified clusters of genes with both 

similar expression patterns and similar promoters. These clusters were then examined 

searching for regulatory elements in the promoters of the genes. 

 

The difference in this project is that the main focus is not on finding new regulatory 

binding sites but to develop a method that identifies co-regulated genes. The method 

is supposed to identify regulatory sites already documented in the database 

TRANSFAC (Wingender et al., 1996) and use the information retrieved from the 

database to make a decision about co-regulation. A statement investigated is that if a 
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pair of genes share a sufficient number of transcription factor binding sites they are 

likely to be co-regulated. 

 

The structure of this dissertation is: 

• Chapter 2 gives the background to the problem by discussing transcription of 

genes and transcription factors, gene expression data analysis and related work 

that has been performed.  

• Chapter 3 contains the problem definition and the objectives of the project. This 

chapter also contains the motivation for the project, its limitations and 

delimitations.  

• Chapter 4 contains the method of the project. The method is divided into five 

steps. The chapter describes how every objective was performed. It also gives a 

description of how one of the programs (no_annotation) used in the algorithm 

works. 

• Chapter 5 contains the results of the project. The method was tested for a set of 

genes and the result from each step of the method is shown in this chapter. In 

chapter 5.6 the threshold for the measure M was changed. The value of the 

threshold affects the number of sites that are counted as common sites for a pair of 

genes. In chapter 5.7 the program no_annotation is modified to only identify sites 

from plants. 

• In chapter 6 the results are analysed. In chapter 6.1 the results are analysed with 

respect to the threshold for the measure M. In chapter 6.2 the results are analysed 

with respect to the function of the genes. In chapter 6.3 the result from the 

algorithm when only sites from plants were identified is analysed and compared 

with the old result of the algorithm. The analysis also contains a calculation of the 

accuracy of the algorithm. 

• Chapter 7 discusses the method used in this project, the selection of gene 

expression data, the programs used in the algorithm and the way the algorithm 

was tested. 
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• Chapter 8 contains the conclusions for the project and discusses if the problem 

definition is solved. It also contains suggestions on future work, how the 

algorithm can be improved. 
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2 Background 

The amount of data in molecular biology is growing very fast and this data needs to 

be analysed. The human genome along with several other genomes has been 

sequenced. Therefore, methods and techniques to analyse the data to gain useful 

information is very important. The main focus in genomic research is switching from 

sequencing to analysing the genome sequences in order to understand how genomes 

are functioning (Brazma and Vilo, 2000). The analysis of DNA sequences can be 

done in different ways, for example by searching for regulatory elements in the non-

coding region of the sequences or by studying the gene expression levels at different 

time points or at different states. By doing this we may be able to make a prediction of 

which genes are co-regulated. In this project genes that both have a high correlation 

between their expression patterns and are involved in the same cellular processes are 

defined as co-regulated. If the correlation between two genes is weak the genes are 

not considered to be co-regulated. Chapter 2.1 deals with eukaryotic genes and how 

they are transcribed. Transcription factors are important in the regulation of 

transcription. Chapter 2.2 deals with this subject. In chapter 2.3 and 2.4 different 

approaches for analyzing data from genes are discussed. Chapter 2.3 is about gene 

expression data analysis while chapter 2.4 deals with genetic networks. 

 

2.1 The Eukaryotic genes and their transcription 

Gene expression in eukaryotes, as in prokaryotes, is controlled primarily at the level 

of transcription (Michal, 1999). Eukaryotic cells have three different kinds of RNA 

polymerase (I, II and III) which transcribe different types of genes. RNA polymerase I 

(pol I) transcribes the genes for ribosomal RNA, RNA polymerase II transcribes all 

protein-coding genes (yielding mRNA) and RNA polymerase III transcribes the genes 

for tRNA, 5S rRNA and U6 snRNA (Michal, 1999). Eukaryotic RNA polymerase is 

dependent on transcription factors. Only after certain transcription factors are bound 

to the promoter does the RNA polymerase bind to the promoter (Campbell et al., 

1999).   
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Each eukaryotic gene has a promoter, i.e. a DNA sequence where RNA polymerase 

binds, with the help of transcription factors, and starts transcription. This is illustrated 

in Figure 1. The regulation of transcription also involves a number of control elements 

located near (proximal) or far (distal) from the promoter. Distal control elements can 

lie either upstream or downstream of the gene (Campbell et al., 1999). This control 

region is called an enhancer if it stimulates gene transcription and a silencer if it 

inhibits transcription (Becker et al., 2000). 

 

 

 

Figure 1. Each eukaryotic gene has a promoter where transcription starts. After binding of certain 

transcription factors to the promoter the RNA polymerase can bind to the promoter. The distal and 

proximal control elements are also involved in the regulation of transcription. The distal elements are 

located far from the promoter and are called enhancers or silencers.  

 

For an enhancer or a silencer to function, the transcription factors that bind to the 

control elements in it must be present. Because the binding of certain transcription 

factors to an enhancer activates transcription, these transcription factors are also 

called activators (Becker et al., 2000). The transcription factors that bind to the 

silencers are called repressors (Becker et al., 2000). 

 

In prokaryotic organisms several genes can belong to a single regulatory unit called 

an operon. These genes with related functions are turned on or off at the same time, 

because they have the same promoter. Eukaryotic genes are almost never clustered 
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into operon-like units of transcription and regulation (Becker et al., 2000). Genes in 

eukaryotes that have to be turned on (or off) at the same time are often scattered 

throughout the genome. To solve this eukaryotes have DNA control sequences, 

described in Becker et al. (2000) as response elements. The response elements can be 

either proximal control elements or components of enhancers. Genes with the same 

response elements are controlled together even though they are not located next to 

each other.  

 

2.2 Transcription factors 

As described in Weaver and Hedrick (1995) transcription factors can be divided into 

general transcription factors and gene-specific transcription factors. The general 

transcription factors attract the RNA polymerases to their respective promoters. This 

seems to be sufficient for active transcription of polymerase I and III promoters, but 

not for promoters recognized by polymerase II. Polymerase II promoters are turned on 

by general transcription factors, but only to a small extent. They need gene-specific 

transcription factors to boost their transcription to high levels and thus exert the fine 

control that is typical for these genes. 

 

Transcription factors often work together with other transcription factors to affect the 

regulation of gene transcription. But they can also compete with each other in 

different ways, for example when the binding of one transcription factor makes it 

impossible for another transcription factor to bind. That is, their binding sites may be 

overlapping. Many transcription factors have several splice variants, which can differ 

greatly in their functional properties, such as transcriptional activation or DNA 

binding, and can even act as antagonists to each other (Hehl & Wingender, 2001). 

Transcription factors and their binding sites are documented in the database 

TRANSFAC. 

 

2.2.1 TRANSFAC 

TRANSFAC is described in Hehl and Wingender (2001) and Wingender et al. (1996) 

as a database of transcription factors and their genomic binding sites and DNA-
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binding profiles. Model data about transcriptional regulation has been collected since 

1987 and the basis for it is the recognition of short sequence elements by transcription 

factors. The first data collection therefore consisted of two tables; SITES and 

FACTORS. The database was called TRANSFAC. Later it was transformed from a 

flat-file version into a relational database system. The relational database contains 

about 100 tables, but in the flat-file system they are condensed to six text-based files.  

 

 

The main components in the system are: 

• FACTORS: This table describes the properties of individual transcription factors, 

such as the biological species they have been obtained from, and data about their 

size and structural and functional properties. Splice variants for the same 

transcription factor are included in the table as individual entries. 

 

• CLASS: The CLASS table contains the classification of most of the transcription 

factors according to the properties of their DNA-binding domains. The table gives 

detailed explanations about individual classes and super classes in the 

classification scheme. 

 

• SITES: This table gives the position of regulatory sites, which gene each site 

belongs to and the biological species this gene has been derived from. A site can 

interact with several factors and all known factors bind to more than just one site. 

An example of a motif documented in TRANSFAC is “gGGAAAaTGAAACT”. 

The regulatory sites have been taken from the literature. The letters written in 

capitals is the sequence motif the authors emphasized and the rest is shown in 

lowercase letters. This means that the positions with capital letters are determined 

or fixed positions in the motif while the other positions are not completely 

determined (i.e. they can be altered). 
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• GENE: This table contains the names and acronyms of all genes with at least one 

transcription factor binding site listed in TRANSFAC. 

 

• MATRIX: If the SITE table have documented several binding sites for a given 

transcription factor, these sites are aligned and a positional weight matrix is 

derived and stored in the MATRIX table. An example of a matrix is shown in 

figure 2.  

 

P0      A      C      G      T   

01      0      0      0      8      T 

02      0      8      0      0      C 

03      8      0      0      0      A 

04      0      0      0      7      T 

05      0      0      0      8      T 

06      0      8      0      0      C 

07      0      8      0      0      C 

08      8      0      0      0      A 

09      1      7      0      0      C 

10      1      0      7      0      G 

11      0      0      0      8      T 

12      8      0      0      0      A 

13      0      0      7      1      G 

14      8      0      0      0      A 

15      0      0      0      8      T 

16      4      0      3      1      R 

 

Figure 2. An example of a matrix from a MATRIX table in TRANSFAC. The matrix shows the result 

from an alignment of all sites that a specific transcription factor binds to. In this way a consensus 

sequence for the site is created. The first column shows the position in the binding site, the next four 

columns show which nucleotides have been found at a certain position (and how many) and in the last 

column the consensus sequence for the site is shown. 

 

In the first position of the example, the only nucleotide found is T, which leads to a T 

in the consensus sequence. In position 16 both A and G have occurred several times. 
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A has occurred four times and G three times. T has also occurred once. The consensus 

symbol here is R, which means that the nucleotide must be A or G. 

 

Entries from each of these tables (FACTORS, CLASS, SITES, GENE, and MATRIX) 

are shown in appendix 1. Explanations in the appendix are written in italic style. 

TRANSFAC also contains links to other databases, for example EMBL, Swissprot, 

PDB, PIR, EPD and Prosite.  

 

By comparing the non-coding regions for different genes and identify regulatory 

elements, a decision can be made if the genes are co-regulated. Another method to 

identify co-regulated genes is to compare their gene expression patterns. How this is 

done is explained in chapter 2.3. 

 

2.3 Gene expression data analysis 

The ability to monitor gene expression at the transcript level has become possible due 

to the advent of DNA microarray technologies (Brazma & Vilo, 2000). By measuring 

transcription levels of genes in an organism under various conditions, at different 

developmental stages and in different tissues, we can build up gene expression 

profiles which characterize the dynamic functioning of each gene in the genome.  

 

To analyze the expression data, several techniques can be used. Because of the large 

number of genes and the complexity of biological networks, clustering is a useful 

exploratory technique for analysis of gene expression data (Yeung et al., 2000). There 

are different clustering techniques, for example K-means clustering (Brazma & Vilo, 

2000), self-organizing maps (SOM) (Kohonen, 1990) and hierarchical clustering 

(Brazma & Vilo, 2000). By clustering the gene expression data, genes with similar 

expression patterns will end up in the same cluster. When clustering gene expression 

data with the K-means algorithm or with SOM, the number of clusters that the data 

should be divided into, has to be decided from the beginning. This number is usually 

unknown for a large data set (Celis et al., 2000). 



2 Background 

 

 - 10 - 

 

 

Genes that are co-expressed may be co-regulated and possibly functionally related. 

However, it is a long way from having detailed gene expression profiles to a real 

understanding of underlying cellular processes (Brazma & Vilo, 2000). Gene 

expression experiments only measure the level of mRNA. From this data alone, all we 

can expect to infer are relations between genes, but not the actual mechanisms behind 

these relations (Mendes, 1999). 

 

In Tamayo et al. (1999) self organizing maps were used to identify clusters of co-

expressed genes, for example in the yeast cell cycle. The result was clusters 

corresponding to the different phases (G1, S, G2 and M) of the cell cycle.   

 

There are some features that limit the usefulness of gene expression data analysis. A 

current technological limitation is that most measurement methods only provide ratios 

of expression levels (Mendes, 1999), which leads to a loss of information. 

 

2.4 Genetic networks 

Experimental data on the function of genes and their regulation of each other is 

accumulating in biological model systems, which makes the need for formal and 

modeling paradigms for functional inference and integration of large data sets 

imminent (Mendoza & Alvarez-Buylla, 1998). Genetic regulatory networks are 

conceptual models describing the relationships between groups of genes regulating 

the activity of each other.  

 

In Tavazoie et al. (1999) a number of statistical algorithms were applied to identify 

transcriptional regulatory sub-networks in yeast. The approach is according to 

Tavazoie et al. (1999) ideally suited for determining the transcriptional regulatory 

networks of newly sequenced organisms in which little biology is known. The 

objective was to find distinct patterns (clusters) in gene expression data sets. In these 

clusters specific sequence patterns could be identified. The number of clusters was 30. 
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In 12 of these clusters 18 biologically significant motifs were found. Motifs were not 

found in all clusters. According to Tavazoie et al. (1999) it could depend on the strict 

rules for a motif to be counted like significant and also on the noise in the data set.    

 

In Mendoza and Alvarez-Buylla (1998) a network model (the NET model) was 

constructed and the model was used to analyse the genes involved in Arabidopsis 

thaliana flower morphogenesis. The model was built from the molecular and 

morphological data found in literature. From this data regulatory interactions among 

the genes involved in A. thaliana flowering morphogenesis were revealed. One of the 

objectives of the study was to examine if the network model could find four activation 

states predicted by another model (the ABC model). The result showed that the model 

did find the four gene activation states characterizing the regions where sepals, petals, 

stamens or carpels differentiate. The model also found two more states - an activation 

state of cells in vegetative tissue and an activation state not found in wild-type plants.  

 

2.5 Related work 

2.5.1 Identification of regulatory sequences in genes 

Van Helden et al. (1998) developed a method for finding regulatory sites in the 

upstream region of yeast genes. The method detects overrepresented oligonucleotides. 

Oligonucleotide analysis is a simple method that only finds short motifs with a highly 

conserved core. 

 

Another method developed by Kielbasa et al. (2000) integrates frequency and 

positional information to predict transcription factor binding sites in upstream regions 

of co-regulated genes. The approach can according to Kielbasa et al. (2000) be 

considered a good compromise between searches for frequent oligonucleotides and 

weight-matrix based methods.  Kielbasa et al. (2000) developed an algorithm, ITB (an 

Integrated Tool for Box finding), that allowed the detection of motifs that were not 

completely conserved. When the algorithm was tested it detected many motifs that 

correspond to functional regulatory elements found by experimental analysis. Only a 
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few other motifs were predicted. One limitation of ITB is that it can only find motifs 

with shorter gaps, in other cases the algorithm will fail to detect them. 

 

In Wagner (1998) a recently developed statistical technique is proposed. The 

technique allows the detection of significant binding site clusters in the genome. 

Given one or more transcription factors with well-defined binding sites the method 

identifies the best candidate genes for regulation by the transcription factors in a 

genome, based on significant binding site clusters (Wagner, 1998). The technique is 

based on the fact that many eukaryotic genes are cooperatively regulated, on the 

transcriptional level, by one or several kinds of transcription factors 

(homotypic/heterotypic cooperativity). For the transcription factors to cooperate, their 

binding sites must be quite closely spaced. The experiment was performed on data 

from S. cerevisiae. The transcription factors with the best-characterized binding sites 

(that also occurred at an intermediate frequency) were selected. If a binding site 

cluster is found in the non-coding region between two genes, the genes can have four 

different orientations. Both of them can be encoded on the Crick strand or on the 

Watson strand (CC/ WW orientation). In this case the non-coding region is upstream 

of one of the genes and downstream of the other. The binding site cluster can also lie 

downstream of both genes if the genes are convergently transcribed (CW). In the third 

case the genes can be divergently transcribed (WC) and the cluster then lies upstream 

of both genes. Instead of the binding site clusters to be randomly distributed among 

the combinations CC, WW, WC and CW, the experiment showed that there is a much 

larger number of binding site clusters between the genes in the CW orientation. The 

statistical signal detected in the experiment is according to Wagner likely to be 

seriously obscured by three different factors and are therefore not biologically 

significant: 

• The binding sites must be well characterized. 

• Heterotypic associations were not considered 

• Non-cooperative regulation can not be detected by this approach 
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2.5.2 Combining sequence and gene expression data analysis:  

Van Helden et al. (2001) used gene expression data analysis to cluster expression 

patterns for groups of genes. After this first analysis they searched both for regulatory 

motifs in genes belonging to the same cluster and for potential metabolic pathways 

that could be catalyzed by the products of the genes. Their method consisted of: 

1. Find clusters of genes with similar expression patterns 

2. Look for similarities in the promoters of the genes belonging to the same cluster  

A disadvantage of this method is according to Holmes and Bruno (2000) that motifs 

in the promoter can not affect the overall clustering pattern. This makes it difficult to 

apply a penalty for finding the same motif in two different clusters.  

 

Another attempt to integrate expression analysis and finding regulatory binding sites 

was performed by Holmes and Bruno (2000). They implemented a program based on 

Gibbs sampling and Expectation/Maximization. The algorithm identified clusters of 

genes that both had similar expression profiles and similar promoters. The program 

was called Kimono, which stands for “k-means integrated models for oligonucleotide 

arrays”. A characteristic feature of Gibbs sampling in general is that the distribution 

of convergence times has a long tail (Holmes & Bruno, 2000). This is due to the 

algorithm occasionally getting stuck in a local optimum.  

 

Brazma et al. (1998) developed an algorithm that discovers overrepresented sequence 

patterns in a set of sequences. The algorithm was used on gene upstream regions in 

the yeast genome and it was applied in two different stages. In the first stage the 

algorithm looked for patterns that were more frequent in the upstream regions than in 

the genome in general by comparing the patterns found in the upstream regions with 

the patterns found in sequences from randomly selected positions. In the next stage it 

looked for patterns in the upstream regions of genes with similar expression patterns. 

The overrepresented patterns that were identified were compared to the transcription 

factor binding site descriptions for yeast in the TRANSFAC database. Brazma et al. 

found that most of the discovered patterns had matches to substrings of genome 

regions that contained transcription factor binding sites. However, because of the high 
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noise level in their data set, they could not infer precise regulatory element 

descriptions but rather give hints about the descriptions and locations of such 

elements in the genome. 

 

Chiang et al. (2001) present an approach that evaluates the transcriptional information 

contained by specific sequence motifs. This is done by computing for each motif the 

mean expression profile of all genes that contain the motif in their transcription 

control regions. If a certain motif contains transcriptional information, the genome-

mean expression profile (GMEP) should differ from the genome-mean expression 

profile of a randomly chosen set of genes. The genes are expected to have a higher 

expression value (on average) where the transcriptional activator is present and active. 

The GMEPs were then clustered in groups. The idea is that motifs encoding similar 

regulatory information would display similar GMEPs and motifs within a cluster 

might comprise different submotifs of a single consensus binding site. When 

analyzing the clusters they found that several of the clusters contained previously 

identified promoter motifs. A genome-mean expression profile is according to Chiang 

et al. (2001) a simple model, but it represents an alternative to “group-by-expression” 

approaches. 

 

The work in chapter 2.5 that tries to combine expression data analysis and sequence 

analysis differs from the aim of this project. The methods described try to find new 

regulatory motifs while in this project there will not be any identification of new 

motifs. The main focus of the project is instead to develop a method to identify co-

regulated genes. An assumption made in this project is that genes that are co-regulated 

also have many transcription factor binding sites in common. The method will 

identify the transcription factor binding sites (from all organisms) documented in 

TRANSFAC and from this information try to decide if genes are co-regulated or not.  
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3 Problem 

3.1 Problem definition 

The aim is to develop a method for identification of co-regulated genes by performing 

sequence and expression data analysis. 

 

Genes that are co-regulated are often involved in the same metabolic pathways or 

cellular processes. By looking at similarities in both the expression data pattern and in 

the sequence, predictions can be made of which genes are co-regulated. In this project 

genes that both have a high correlation between their expression patterns and are 

involved in the same cellular processes are defined as co-regulated. If the correlation 

between two genes is weak the genes are not considered to be co-regulated. The 

sequence analysis here is to identify transcription factor sites in the upstream regions 

of the genes. A statement investigated in this project is that genes are co-regulated if 

they share a sufficient number of transcription factor binding sites. 

 

The combination of sequence and expression data analysis to discover functional 

relationships between genes is an approach that is used in several works. In this 

approach the non-coding regions of the genes are compared to the known 

transcription factor binding sites found in the database TRANSFAC. Other 

approaches have not been searching directly for already known transcription factor 

binding sites. Instead the aim has been to identify regulatory motifs from similarities 

in the non-coding regions of the genes. The difference is that the main focus in this 

project is not on finding new regulatory binding sites, but to develop a method for the 

identification of co-regulated genes. 

 

3.2 Objectives 

To investigate the problem of identifying co-regulated genes the following objectives 

are stated: 
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1. Identify gene expression data  

The requirements on the collected data are that the gene expression data must come 

from an organism for which the whole genome has been sequenced. This is important 

because the sequences for the non-coding regions must be known. It is also important 

that the particular genes have their own promoters. If some of the genes are tandem 

linked after each other with the same promoter controlling all of them they will of 

course be co-regulated and there will be only one promoter sequence for these co-

regulated genes.  

    

2. Analyse the expression data with respect to co-regulated genes 

This is done by looking at the correlation between the expression patterns of pairs of 

known co-regulated genes. The co-regulation of the genes should preferably be 

documented (experimentally verified). If it is not a documented co-regulation a 

decision can be made whether to treat the genes as co-regulated depending on their 

correlation in the gene expression data. An assumption made is that if the genes both 

have a high correlation and are involved in the same cellular processes (cell division, 

transport, respiration etc.) they are likely to be co-regulated. 

 

3. Identify regulatory elements in two co-regulated genes 

Objective 3 will give information about the number of common and unique sites for 

co-regulated genes and this will be useful before developing the algorithm. The 

objective implies looking for regulatory elements that exist in both genes and perform 

an evaluation. The search for regulatory elements can be performed by identifying the 

transcription factor binding sites described in TRANSFAC or by aligning the non-

coding regions of the genes and then search for regulatory elements. In this case the 

genes are supposed to be co-regulated. They could be involved in the same cellular 

process, and therefore there should be regulatory elements common to both 

sequences. In this step the experiment will show if there are some regulatory elements 

that are common to both genes, which elements, and also how many elements they 

have in common.  
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4. Identify regulatory elements in two genes which show no co-regulation 

Objective 4 will give information about the number of common and unique sites for 

genes which show no co-regulation. The information gained will be useful before 

developing the algorithm. The objective implies looking for regulatory elements that 

exist in both genes and to perform an evaluation. This can also be done by aligning 

the sequences or identifying regulatory sites described in TRANSFAC.  In this case 

the number of regulatory elements that are common for the two sequences should not 

be so large. It is expected that some transcription factors can be common in non-co-

regulated genes, for example those binding to the TATA-box.  

 

5. Design of the algorithm 

The development of an algorithm that identifies transcription factor binding sites in 

the non-coding regions of the genes. The binding sites to look for can be found in 

TRANSFAC. The algorithm is supposed to: 

a) Find regulatory elements in the non-coding regions of a set of genes  

b) Compare the results of the different non-coding sequences, as described in 

objective 3 and 4, to identify common and unique sites for pairs of genes. 

c) Evaluate which of the genes are likely to be co-regulated. 

For the last step some kind of threshold value (based on the number of 

common/unique sites for the gene pairs) must be determined. When the genes have 

reached a value over the threshold they are likely to be co-regulated. 

 

6. Testing and evaluation of the algorithm 

This step involves testing and evaluating the algorithm. The test uses the non-coding 

regions of the genes from the data set except for those that have been used in 

objective 3 and 4. The result of the algorithm is then compared with the correlation 

between the gene expression patterns for the genes and also with the documentation 

of the genes.  
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7. Analysis 

This step involves analysing the outcome of the algorithm and the applicability of the 

algorithm. To measure the quality of the algorithm, sensitivity (SN) and specificity 

(SP) could be used.  

 

3.3 Motivation 

Several genomes of different organisms have been fully sequenced. To gain 

meaningful information from this data, the data needs to be analysed. The 

development of algorithms that make it possible to extract new biologically 

significant information is important. The information about transcription factors and 

co-regulated genes increases which can lead to the identification of metabolic 

pathways and better understanding of different cellular processes. The identification 

of metabolic pathways might also reveal new functions for different proteins. 

According to Papavassiliou (1998) the knowledge can be used to develop drugs for 

diseases where transcription factors are involved. Compounds acting selectively on 

transcription factor targets might significantly improve the chances of treating patients 

suffering from chronic diseases and a wide range of malignancies, for which current 

treatment is frequently suboptimal (Papavassiliou, 1998).     

 

The evaluation and analysis of the approach tested in this project will determine the 

usefulness of combining expression data of co-regulated genes with transcription 

factor identification. 

 

3.4 Limitations and delimitations 

One limitation of the project is that only the genome of one organism will be 

examined. This genome must be fully sequenced and from it a small number of genes 

will be chosen for the experiment. For the genes that are chosen there must also be 

expression data available. Another limitation is that the algorithm will look for 

transcription factor binding sites that are documented in TRANSFAC. The database 
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does not contain all existing transcription factors and binding sites. There are still 

many transcription factors that have not been detected and documented. 

Things that can be done to delimit the problem are for example to choose a small 

number of genes to perform the experiment on, since a larger number of genes would 

take too long time. Another delimitation is to reduce the number of transcription 

factor binding sites that should be identified in the sequences. This could be done by 

removing the binding sites that are smaller than a certain length, because these 

binding sites are likely to occur in any of the sequences.  
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4 Method 

The aim of this project is to develop a method for the identification of co-regulated 

genes. The approach to this problem is to investigate the statement that genes are co-

regulated if they share a sufficient number of transcription factor binding sites. This 

statement can be tested by implementing a comparison of the genes.  

 

4.1 Identify gene expression data  

The first objective was to identify the expression data to use in the experiment. The 

expression data must come from an organism for which the whole genome has been 

sequenced. In the search different data sets were found and considered. One data set 

contained the gene expression values for breast cancer in humans. The data comes 

from the Stanford Genomics Breast Cancer Consortium1. Two other data sets 

contained gene expression in yeast during the cell cycle. One data set was found at 

Stanford Genomic Resources, in the Yeast Cell Cycle Analysis Project2 and the other 

data set at Eisen's lab at the Lawrence Berkeley National Lab (LBNL)3.  From these 

data sets one data set was selected. The data set used was the one from Eisen's lab 

since it contained the expression for a large set of genes and from different 

experiments. The data set also contained information for each gene about its function 

or if the function is unknown. 

 

4.2 Analyse gene expression data with respect to co-regulated genes  

The next objective was to calculate the correlation between the expression patterns of 

the genes. The correlation that was used is Pearson correlation: 

                         

                                                
1Internet adress: http://genome-www.stanford.edu/breast_cancer/mopo_clinical/data.shtml 
2 Internet adress:http://genome-www.stanford.edu/cellcycle/data/rawdata/ 
3Internet adress: http://rana.lbl.gov/EisenData.htm 
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Xik = The expression value for gene i at variable k 

Vk = The variance of the kth variable 

 

In this step, genes with a high correlation were examined to see if they also were co-

regulated.  To identify genes that are known to be co-regulated a program can be used 

that searches though the abstracts in Medline. By typing in those key words the 

abstract must contain (for example”gene1+gene2+co-regulation”) the script searches 

through the abstracts and selects the ones containing the specific key words. In these 

abstracts the genes with known co-regulation can be found. This is examined by 

reading through the abstract. 

 

4.3 Identify common elements in two co-regulated genes 

The next objective was to identify common regulatory elements for two genes that are 

co-regulated. The file with all correlation values obtained in the previous step was 

first sorted with respect to the correlation value. From the genes with the highest 

correlations, the first pair of genes was selected where both genes had a known 

function.  

 

To identify the transcription factor binding sites common for the two genes and also 

those that are unique for a gene a program called no_annotation4 was used that 

identifies transcription factor binding sites (from all organisms) documented by 

TRANSFAC in a sequence. The outputs for the genes were then compared with each 

other. The program no_annotation performs a sequence matching without any 

mutations, inserts or deletes. A transcription factor binding site has positions in its 

pattern that are determined and also positions that can be altered. An example of a 

binding site motif found in TRANSFAC is “gGGAAAaTGAAACT”, where the 

                                                
4 The program used is available on request from Dan Lundh (dan@ida.his.se). 
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fixed positions are written in capital letters and the other positions are written in small 

letters.  

 

For the non-coding sequence to match the binding site, the following must be true: 

 

 Determined positions Other positions 

Long binding sites  

      (>8) 

 

99.0≥
A

B
 7.0≥+

D

CB  

Short binding sites 

      (<=8) 
95.0≥

A

B
 49.0 ≥≥+

Band
D

CB  

 

A = the number of determined positions in the transcription factor binding site pattern 

B = the number of matching (determined) positions between the transcription factor 

binding site pattern and the non-coding sequence 

C = the number of matching (uncertain) positions between the transcription factor 

binding site pattern and the non-coding sequence 

D = the number of nucleotides in the transcription factor binding site 

 

Short sites are sites smaller than or equal to 8 base pairs, the long sites are sites longer 

than 8 bp. For the sequence to match the binding site motif, almost all the determined 

sites must be correct. The rules are not as strict for the positions that can be altered.   

 

The non-coding regions of the genes were also aligned with the tool Clustalw5. The 

alignment is available in appendix 1. 

 

                                                
5 Clustalw is avaliable at: http://www.ch.embnet.org/software/ClustalW.html 
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4.4 Identify regulatory elements in two genes which show no co-

regulation 

 In this objective common transcription factor binding sites should be identifed for 

two genes that share no co-regulation. The information gained from this objective and 

also the previous objective will be useful before developing the algorithm. The 

objective is performed in the same way as the previous objective. The program, 

no_annotation, was used to identify the unique and the common transcription factor 

binding sites for the genes. The outputs for the genes were then compared with each 

other. The non-coding regions of the genes were aligned with Clustalw, and the 

alignment is available in appendix 2. 

 

4.5  Design of the algorithm 

The algorithm is supposed to find transcription factor binding sites in the non-coding 

regions of pairs of genes and compare the results for the two genes. For each pair of 

genes a decision is made if the genes are co-regulated or not. 

 

The algorithm consists of these steps: 

1. Identification of the transcription factor binding sites for each of the genes.  In 

this step all transcription factor binding sites in the non-coding region of each 

gene should be found and the number of times it occurs. 

2. Comparison of the results for the different genes. Here the result from one 

gene should be compared to the result of another gene to count how many of 

the binding sites the genes have in common and also how many of the 

transcription factor binding sites are unique for a gene.  

3. Evaluation of the results from the comparison in step 2. In this step a decision 

will be made wether the genes are co-regulated or not, based on the number of 

common/unique transcription factor binding sites. 
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5 Results 

5.1 Identify gene expression data 

The gene expression data available at Eisen's lab was used (see chapter 4.1). This data 

contained the expression of a large set of genes and it also contained information for 

each gene about its function or if the function is unknown. 

 

Saccharomyces cerevisiae (yeast) is an organism that has been widely used in 

experiments and for wich the whole genome sequence is known. Eisen's lab has 

collected expression data for S. cerevisiae from several different experiments.  The 

data table contains the expression values for 6221 genes. From this ”gene expression 

table”, the values from the cell division cycle was selected. In this experiment 25 time 

points had been used to measure the expression level for the genes.  Genes that lack a 

value for one or more of the 25 time points were discarded. The resulting number of 

genes was now 5243.  
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Figure 3. The gene expression values for four example genes from the yeast data set. The expression 

levels of the genes have been measured during the cell division cycle at 25 time points. The genes in 

the graph are the genes used in objective 3 and 4. (See also table 1.) 
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In figure 3 the gene expression of four genes are plotted. The genes plotted are the 

gene pairs selected in objective 3 and 4 (see also table 1), where one pair of genes 

(YHR053C and YHR055C) have a very high correlation between their expression 

patterns and the other pair of genes (YJL041W and YOR141C) had a very low 

correlation. 

 

5.2 Analyse the expression data with respect to co-regulated genes 

The correlation was calculated for all pairs of genes in the data set, with the Pearson 

correlation coefficient (see chapter 4.2). Table 1 shows the correlation for two genes 

with a high correlation and also for two genes with no correlation at all. YHR053C 

and YHR055C show a very high correlation between their expression patterns.  

YHR053C, or CUP1-1, is a metallothionein gene and so is also YHR055C, or CUP1-

2. These genes are very similar to each other and have the same functions. YJL041W 

or NSP1 is a gene coding for nuclear pore protein and it belongs to functional 

categories involved in transcription and in nuclear transport. YOR141C, or ARP8, is a 

gene coding for actin-related protein, which is important for the cytoskeleton. These 

two genes do not have the same functions and do not seem to be involved in any 

common cellular processes.  

 

 

Gene 1 Gene 2 Correlation  

(Pearson´s) 

YHR053C YHR055C 0.992871 

YJL041W YOR141C 0.000000 

 

Table 1. The table shows the correlation of two pairs of genes, where the genes in the first row 

(YHR053C and YHR055C) have a very high correlation between their expression patterns and the 

genes in the second row (YJL041W and YOR141C) have no correlation at all. (See also figure 3) 
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The script that was used to search for co-regulated genes is this: 

lynx -dump -nolist 
http://www.ncbi.nlm.nih.gov:80/entrez/query.fcgi?cmd=Sear
ch&db=PubMed&dispmax=100&term=$1&doptcmdl=Abstract 
 
 

The script searches through the abstracts in Pubmed using the Lynx web browser. 

Dispmax gives the maximum number of abstracts to display; here Dispmax is set to 

100. Doptcmdl=Abstract means that the script will be searching through the abstracts. 

 

5.3 Identify regulatory elements in two co-regulated genes 

In this objective two genes with a very high correlation between their expression 

patterns and with a known function are selected. For these genes the numbers of 

common and unique binding sites are calculated. Two genes with a high correlation 

are the genes YHR053C and YHR055C (see table 1 and figure 3). For the two co-

regulated genes the number of common binding sites is 166. The number of unique 

binding sites for YHR053C is 16 and for YHR055C the number is 12.  

 

The non-coding regions of the two genes were also aligned and the alignment is 

available in appendix 2. The alignment between these two genes shows a very high 

sequence identity, about 85 %. 

 

5.4 Identify regulatory elements in two genes which show no co-

regulation 

Two genes with a very low correlation between their expression patterns are 

YJL041W and YOR141C (see table 1 and figure 3). The number of common 

transcription factor binding sites for the genes are 117. The number of unique sites for 

YJL041W is 58 and for YOR141C the number is 41.  

 

The alignment for these two genes is available in appendix 2. The sequence identity 

between the non-coding regions of the genes is about 45 %. 
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5.5 The algorithm 

1. The first thing to do is to identify the transcription factor binding sites for the two 

genes. This is done by using the program no_annotation, described in chapter 4.3. 

Two files are created with the transcription factor binding sites for each gene.  

 

2. These files are then put together into a new file that is sorted in alphabetical order 

of the names of the transcription factor binding sites.  

 

3. The number of common binding sites is calculated. However, a transcription factor 

binding site that occurs in both genes should not always be counted as one that the 

genes have in common. The reason for this is that the binding site might occur several 

times in one gene, eg tandem repeats binding, but only one or a few times in the other 

gene. The idea is that the binding site must occur a certain number of times to have a 

regulating function.  

 

A program was developed for this purpose, see appendix 4. The program rakna2.awk, 

available in appendix 3, counts the number of times a certain transcription factor 

binding site occurs in the non-coding region of the gene. A measure, M, is calculated 

for gene A and B: 

         
BA

B
Mand

BA

A
M BA +

=
+

=  

A = The number of times the transcription factor binding site occurs in gene A. 

B = The number of times the transcription factor binding site occurs in gene B. 

 

M is calculated for each transcription factor binding site that occurs in one or both of 

the genes. If this measure is below the threshold value 0.1 for either MA or MB, the 

transcription factor binding site is considered not common.  
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4. When the number of common and unique binding sites are calculated, a decision 

must be made wether the genes are co-regulated or not. By comparing how many of 

the binding sites are unique for the genes with respect to the total number of binding 

sites being found, a decision can be made. 

           

   
All

UU
UA BA +

=  

UA = The number of unique binding sites for gene A. 

UB = The number of unique binding sites for gene B. 

All =  UA + UB  + the number of common sites 

 

If this value is below a certain treshold for a pair of genes the genes are predicted to 

be co-regulated. 

 

When the algorithm had been designed, it was tested for a set of genes. The genes 

selected here all have a known function and their correlation has a value belonging to 

one of these intervals; >0.9, <-0.9, [0.7000, 0.7001], [-0.7000, -0.7001] [0.4000, 

0.4001] [-0.4000, -0.4001] or [0.000, 0.001]. The number of gene pairs selected is 21 

(three from each interval). In this way the algorithm is tested on genes with different 

correlations and not only the ones with a very high or a very low correlation.  

 

Table 2 contains information about the 21 pairs of genes that were used.  The table 

contains the number of unique sites for each gene and the number of common sites for 

a pair of genes. The number of common sites is also calculated in another way with 

the measure M, described earlier in this chapter. If M is below a threshold, the site is 

not counted as a common site. In table 2 the threshold was set to 0.1. The fifth column 

in the table shows the number of common sites without discarding the sites with an M 

below the threshold. In the sixth column the sites with an M lower than the threshold 

are discarded. The two columns do not differ much from each other in this case. UA is 

also calculated for each pair of genes.  
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Gene 1 Unique 
sites 

Gene 1 

Gene 2 Unique 
sites 

Gene 2 

Common 
sites  

Common 
sites  

M >0.1 

Pearson 
correlation 

UA 

YBL003C 72 YDR225W  47 124 124 0.949095 0.489712 

YCL067C 20 YCR039C   29 155 155 0.969306 0.240196 

YDR224C 57 YDR225W  66 105 105 0.966065 0.539474 

YIL010W 59 YJL138C  55 117 117 -0.923369 0.493506 

YKR097W 72 YFR037C  61 135 132 -0.917582 0.501887 

YDR503C 73 YLR131C  75 114 113 -0.913367 0.56705 

YGL234W 71 YDR328C  67 110 110 -0.700006 0.556452 

YDR173C 72 YBL066C  94 106 106 -0.700007 0.610294 

YLR210W 68 YLR347C  89 100 100 -0.700011 0.610895 

YOR261C 45 YOR182C  95 121 121 0.700004 0.536398 

YML054C 76 YKL016C  82 98 98 0.700007 0.617188 

YPL211W 89 YDR473C  67 112 112 0.700008 0.58209 

YFL025C 50 YBR087W 64 106 106 -0,400082 0.518182 

YGR171C 52 YKR097W  88 119 118 -0.400001 0.542636 

YDR127W 78 YHR013C  68 101 101 -0.400002 0.591093 

YDL108W 64 YGL237C  58 116 116 0.400000 0.512605 

YLR298C 103 YPR017C  57 101 101 0.400001 0.613027 

YGR047C 70 YJR122W  77 78 78 0.400002 0.653333 

YPL147W 69 YKR057W  77 109 109 0.000000 0.572549 

YJL025W 44 YER114C  52 128 128 0.000000 0.428571 

YDL102W 53 YLR079W  60 142 142 0.000000 0.443137 

 

Table 2. Results from 21 pairs of genes that the algorithm was tested on. The genes were selected 

according to their correlation. They all have a known function. The genes selected have a correlation 

approximate to one of these values; >0.9, <-0.9, 0.7, -0.7, 0.4, -0.4, 0.0000. The threshold for M is here 

set to 0.1.  The fifth column shows the number of common sites. The sixth column also shows the 

number of common sites, but in this case the sites with M <0.1 are discarded. UA is shown in the last 

column. For the genes YBL003C and YDR225W: UA= (72 + 47) / (72 + 47 + 124) 

 

5.6 The value of M 

For the number of common binding sites two different measures have been used. M, 

which has been described earlier, is a measure that compares the number of times a 

common binding site occurs in the first gene with the number of times it occurs in the 
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second gene. If it occurs several times in one gene but only a few times in the other 

gene the binding site might not be counted as a common binding site. In table 2, 

however we see that the number of transcription factor binding sites that are common 

for the genes (fifth column) is almost always the same as when the sites with M<0.1 

are discarded (sixth column). The reason for this could be that the threshold for M that 

decides wether a site is a common binding site or not, is too low.  

 

The genes were tested for a new threshold for M to see if this would change the 

results. The threshold was set to 0.25 instead.  The result from the algorithm can be 

seen in table 3.  It was tested for the same 21 genes as in the last test of the algorithm, 

see table 2.  The values for UA are low when the correlation is near 0. The values that 

differ from the values in table 2 are the number of common sites (M) and also the 

values on UA. In table 3 there is a difference between the number of common sites 

(fifth column) and the number of common sites (M) (sixth column), where the sites 

are discarded that have a value on M below the threshold. Since the number of 

common sites (M) has decreased, the values on UA have increased for all pairs of 

genes.  
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Gene 1 Unique    
sites  

Gene 1 

Gene 2 Unique 
sites  

Gene 2 

Common 
sites 

Common 
sites  

M >0.25 

Pearson 
correlation 

UA 

YBL003C 72 YDR225W 47 124 118 0.949095 0.50211 

YCL067C 20 YCR039C 29 155 131 0.969306 0.272222 

YDR224C 57 YDR225W 66 105 74 0.966065 0.624365 

YIL010W 59 YJL138C 55 117 100 -0.923369 0.53271 

YKR097W 72 YFR037C 61 135 112 -0.917582 0.542857 

YDR503C 73 YLR131C 75 114 88 -0.913367 0.627119 

YGL234W 71 YDR328C 67 110 81 -0.700006 0.630137 

YDR173C 72 YBL066C 94 106 96 -0.700007 0.633588 

YLR210W 68 YLR347C 89 100 76 -0.700011 0.67382 

YOR261C 45 YOR182C 95 121 107 0.700004 0.566802 

YML054C 76 YKL016C 82 98 81 0.700007 0.661088 

YPL211W 89 YDR473C 67 112 88 0.700008 0.639344 

YFL025C 50 YBR087W 64 106 97 -0,40008 0.540284 

YGR171C 52 YKR097W 88 119 85 -0.400001 0.622222 

YDR127W 78 YHR013C 68 101 92 -0.400002 0.613445 

YDL108W 64 YGL237C 58 116 105 0.400000 0.537445 

YLR298C 103 YPR017C 57 101 90 0.400001 0.64 

YGR047C 70 YJR122W 77 78 68 0.400002 0.683721 

YPL147W 69 YKR057W 77 109 101 0.000000 0.591093 

YJL025W 44 YER114C 52 128 116 0.000000 0.45283 

YDL102W 53 YLR079W 60 142 132 0.000000 0.461224 

 

Table 3. The table contains the result from the algorithm when the threshold for M was set to 0.25. This 

affects the number of common sites which decreases. New values for UA are also calculated. 

 

The algorithm was also tested for a third threshold for M. In this case M was set to 0.5 

(M=0.5).This means that the number of times a binding site occurs in a gene have to 

be the same for both genes, i.e. if it occurs five times in gene A it also has to occur 

five times in gene B. If the binding site does not occur the same number of times in 

the two genes it is not counted as a common binding site. The results are shown in 
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table 4. In table 4 the number of common binding sites (M) is much lower than for the 

other thresholds for M.  This leads to a higher value on UA for the gene pairs. 

 

 

Gene 1 Unique 
sites 

Gene 1 

Gene 2 Unique 
sites 

Gene 2 

Common 
sites 

Pearson 
correlation 

Common 
sites 

M=0.5 

UA 

 

YBL003C 72 YDR225W 47 124 0.949095 42 0.73913 

YCL067C 20 YCR039C 29 155 0.969306 50 0.494949 

YDR224C 57 YDR225W 66 105 0.966065 39 0.759259 

YIL010W 59 YJL138C 55 117 -0.923369 31 0.786207 

YKR097W 72 YFR037C 61 135 -0.917582 59 0.692708 

YDR503C 73 YLR131C 75 114 -0.913367 22 0.870588 

YGL234W 71 YDR328C 67 110 -0.700006 21 0.867925 

YDR173C 72 YBL066C 94 106 -0.700007 15 0.917127 

YLR210W 68 YLR347C 89 100 -0.700011 20 0.887006 

YOR261C 45 YOR182C 95 121 0.700004 22 0.864198 

YML054C 76 YKL016C 82 98 0.700007 42 0.79 

YPL211W 89 YDR473C 67 112 0.700008 38 0.804124 

YFL025C 50 YBR087W 64 106 -0,40008 23 0.832117 

YGR171C 52 YKR097W 88 119 -0.400001 37 0.79096 

YDR127W 78 YHR013C 68 101 -0.400002 17 0.895706 

YDL108W 64 YGL237C 58 116 0.400000 31 0.797386 

YLR298C 103 YPR017C 57 101 0.400001 24 0.869565 

YGR047C 70 YJR122W 77 78 0.400002 18 0.890909 

YPL147W 69 YKR057W 77 109 0.000000 37 0.797814 

YJL025W 44 YER114C 52 128 0.000000 22 0.813559 

YDL102W 53 YLR079W 60 142 0.000000 45 0.71519 

 

Table 4.  The table shows the results from the algorithm when M was set to 0.5. This means that the 

number of times a certain binding site occurs must be the same for both genes in order for the binding 

site to be counted like a common binding site. 

 

5.7 Identification of transcription factor binding sites 

The program no_annotation finds transcription factor binding sites in the non-coding 

regions of the genes. The program identifies transcription factor binding sites from all 
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kinds of organisms, both plants and animals. The kind of transcription factors found 

in genes from animals might differ from the ones found in the genes of plants. To 

investigate this the program was modified to only identify the transcription factor 

binding sites found in plants. The program was tested on the 21 pairs of genes used 

earlier.   

Gene 1 Unique 
sites 

Gene 1 

Gene 2 Unique 
sites 

Gene 2 

Common 
sites  

Common 
sites  

M >0.1 

Pearson 
correlation 

UA 

YBL003C 7 YDR225W 7 10 10 0.949095 0.583333 

YCL067C 2 YCR039C 6 11 11 0.969306 0.421053 

YDR224C 5 YDR225W 7 10 10 0.966065 0.545455 

YIL010W 2 YJL138C 12 12 12 -0.923369 0.538462 

YKR097W 3 YFR037C 11 12 12 -0.917582 0.538462 

YLR131C 5 YDR503C 16 12 11 -0.913367 0.65625 

YGL234W 9 YDR328C 6 13 13 -0.700006 0.535714 

YBL066C 9 YDR173C 6 12 12 -0.700007 0.555556 

YLR210W 3 YLR347C 9 8 8 -0.700011 0.6 

YOR261C 8 YOR182C 14 9 9 0.700004 0.709677 

YKL016C 12 YML054C 7 12 12 0.700007 0.612903 

YPL211W 7 YDR473C 13 9 9 0.700008 0.689655 

YFL025C 10 YBR087W 8 6 6 -0,40008 0.75 

YGR171C 8 YKR097W 7 8 8 -0.400001 0.652174 

YHR013C 8 YDR127W 11 9 9 -0.400002 0.678571 

YDL108W 5 YGL237C 7 14 14 0.400000 0.461538 

YLR298C 8 YPR017C 7 9 9 0.400001 0.625 

YJR122W 8 YGR047C 7 8 8 0.400002 0.652174 

YPL147W 12 YKR057W 8 9 9 0.000000 0.689655 

YER114C 11 YJL025W 7 11 11 0.000000 0.62069 

YDL102W 6 YLR079W 7 6 6 0.000000 0.684211 

 

Table 5. The program no_annotation was modified to only identify transcription factor binding sites 

found in plants. The algorithm was then tested on the same 21 pairs of genes used earlier. The result is 

shown in this table. 

 

The number of unique and common sites for the gene pairs has decreased a lot. The 

genes YBL003C and YDR225W had, in the first test of the algorithm (table 2), 124 
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common sites. When only identifying the binding sites from plants (table 5) the 

number of common sites decreases to 10.  
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6 Analysis 

This chapter contains the analysis of the project. In section 6.1 the results of the 

algorithm are analysed and in section 6.2 the results are analysed with respect to the 

value of the threshold for M, described in chapter 5.5. Next, some of the genes that the 

algorithm was tested on are selected and the cellular processes that they are involved 

in and the function of the genes are examined. In chapter 5.7 the program 

no_annotation was modified to only identify the binding sites found in plants. In 

section 6.4 the result is analysed and compared with the old result of the program. In 

section 6.5 a threshold for UA is set. This is done to decide which of the gene pairs the 

algorithm predicts to be co-regulated. The result from the algorithm is analysed and 

compared with the correlation of the genes. 

 

6.1 The algorithm 

In chapter 5.5 the algorithm was tested for 21 pairs of genes (see table 2). To illustrate 

the information from the table in another way, a graph was made (see figure 4). 
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Figure 4. Results from the 21 pairs of genes that the algorithm was tested on. The correlation for each 

gene pair is shown on the x-axis. On the y-axis the number of unique sites is divided with the total 

number of detected binding sites (UA).  The threshold for M is set to 0.1. 
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For the genes with a high positive or negative correlation the number of unique sites 

divided with the total number of sites should be lower than for genes with a 

correlation around 0, but this pattern can not be seen in the graph. Instead UA for the 

genes with a correlation near 0 seems to be decreasing.  

 

6.2 The value of M 
The algorithm was also tested on the same set of genes, but with other values of the 

threshold for M. First the threshold was changed to 0.25.  The results for the algorithm 

can be seen in table 3. The graph in figure 5 was created from the values found in this 

table. Since the number of common sites (M) has decreased, UA has increased for all 

pairs of genes. Figure 5 looks almost the same as figure 4. There is no specific 

pattern, except that UA seems to be decreasing when the correlation for a gene pair is 

around 0.000. 
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Figure 5. Pearson correlation (x axis) versus UA (y axis) for the 21 pairs of genes when the threshold 

for M was set to 0.25. 
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The algorithm was also tested for a third threshold for M. In this case M was set to 0.5 

(M=0.5), which means that the number of times a binding site occurs in a gene have to 

be the same for both genes. The results are shown in table 4 (see chapter 5.6) and 

figure 6. The number of common binding sites (M) has decreased a lot and this leads 

to higher values of UA as can be seen in the figure. The graph in figure 6 is similar to 

the graphs in figure 4 and 5, where no particular pattern can be seen between the 

correlation and UA.  
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Figure 6.  Correlation (x axis) versus UA ( y axis) for the pairs of genes when M was set to 0.5.  

 

6.3 The function of the genes 

The function of some of the genes that the algorithm was tested on was examined. 

This was done in order to examine if UA was lower for pairs of genes involved in the 

same cellular process or having similar function, than for other genes. The correlation 

of these genes was also examined with respect to the function of the genes. This was 

examined for seven pairs of genes (one from each correlation group).  The selected 

genes can be seen in table 6, which also contains the correlation and UA values for the 

genes.  
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Gene 1 Gene 2 Correlation UA 

YDR503C YLR131C -0.91337 0.56705 

YDR173C YBL066C -0.70001 0.610294 

YDR127W YHR013C -0.4 0.591093 

YJL025W YER114C 0.000000 0.428571 

YGR047C YJR122W 0.400002 0.653333 

YML054C YKL016C 0.700007 0.617188 

YBL003C YDR225W 0.949095 0.489712 

 

Table 6. The table shows the seven pairs of genes that were examined. Genes with a strong correlation 

and a low value on UA should be involved in the same processes or have the same functions. 

 

The function of the genes or their involvement in cellular processes has been 

examined by collecting information from the Saccharomyces Genome Database6 and 

the Comprehensive Yeast Genome Database at MIPS7 (the Munich Information 

Centre for Protein Sequences). 

 

6.3.1 YDR503C and YLR131C 

Both of the genes are involved in the methabolism, but YDR503C is involved in lipid 

methabolism and YLR131C in c-compound and carbohydrate methabolism. Moreover 

YLR131C is involved in other processes: cell-cycle and DNA processing and in 

transcription. Therefore there should be some common elements but also a set of 

unique elements, at least for YLR131C, which is involved in more processes. UA is 

0.56705, which is an average value in comparison with the values for the other genes. 

The correlation between the genes is –0.91337, which is a very strong correlation. 

 

                                                
6 The Saccharomyces Genome database, Internet adress:         
http://genomewww.stanford.edu/Saccharomyces/ 
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6.3.2 YDR173C and YBL066C 

Both of the genes are involved in fungal cell differentiation (both are involved in 

sporulation and germination) and also in the transcriptional control of mRNA 

synthesis. YDR173C is also involved in the regulation of amino acid metabolism. 

These genes should share many transcription factor binding sites according to their 

involvements in the same processes but UA is instead quite high; 0.610294 and the 

correlation is –0.70001. This is a strong correlation. 

 

6.3.3 YML054C and YKL016C 

Both YML054C and YKL016C are involved in respiration and their subcellular 

localisation is the mitochondrion. YML054C is also involved in the c-compound and 

carbohydrate methabolism, while YKL016C´s other processes are the homeostasis of 

protons, transport mechanisms (transport ATPases) and mitochondrial transport. 

These genes should according to their functions share some transcription factor 

binding sites but UA should be quite high since they both are involved in other 

processes than the ones they have in common. UA is 0.617188 and the correlation is 

0.700007. 

 

6.3.4 YGR047C and YJR122W 

Both genes are involved in transcription, but YGR047C is involved in the tRNA and 

rRNA synthesis while YJR122W is involved in the transcriptional control of mRNA 

synthesis. The subcellular localisation for both genes is the nucleus. UA is 0.653333. 

This is the highest value for the genes tested. The correlation is weak for the genes, 

0.40002. 

 

6.3.5 YJL025W and YER114C 

The genes are not involved in any common process. YJL025W is involved in rRNA 

synthesis while the other gene, YER114C, is involved in fungal cell differentiation, 

                                                                                                                                       
7 MIPS: Comprehensive Yeast Genome Database, Internet address: 
http://mips.gsf.de/proj/yeast/CYGD/db/index.html 



6 Analysis 

 

 - 40 - 

 

budding, cell polarity and filament formation. These genes should have a lot of unique 

transcription factor binding sites, but not so many common ones, which would give a 

high value on UA. Instead UA is low (the lowest in the set). The lack of involvment in 

common processes does however fit the correlation value, which is 0.00000. 

 

6.3.6 YDR127W and YHR013C 

YDR127W is involved in amino acid biosynthesis and its subcellular localization is 

the cytoplasm.  The subcellular localization of YHR013C is also the cytoplasm. The 

gene is involved in lipid, fatty-acid and isoprenoid utilization, in the mitotic cell cycle 

and cell cycle control and also in protein modification. These genes do not seem to 

share many functions, both are involved in metabolism but for different substances. 

UA is 0.591093, but the correlation is weak, -0.4000.  

 

6.3.7 YBL003C and YDR225W 

YBL003C and YDR225W (HTA2 and HTA1) have the same functions and are 

involved in the same processes. They code for nearly identical proteins that are 

involved in the transcriptional control of mRNA synthesis. They repress transcription 

when directed to defined binding sites in DNA. These genes should have a very low 

UA according to their common functions. UA is 0.489712 which is the second lowest 

value of the genes in table 6. The genes have a very strong correlation of 0.9491.  

 

When analyzing the function of the genes and comparing it with UA and the 

correlation no specific pattern can be found. Some genes seem to share a lot of 

transcription factor binding sites although they are not involved in the same processes 

or have a strong correlation between their gene expression profiles. 

 

6.4 Identification of transcription factor binding sites 

In chapter 5.7 the algorithm was modified to only identify binding sites from plants. 

The algorithm was then tested on the same 21 pairs of genes used earlier (see table 5). 
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In figure 7 these results are shown in another way. On the y-axis the value of UA is 

plotted and along the x-axis the correlation for the different pairs of genes are shown. 

No specific pattern between the correlation of the genes and the value on UA can be 

seen, by studying the graph in figure 7.  
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Figure 7. The graph shows the value on UA for the pairs of genes tested. The program no_annotation 

was modified to only identify transcription factor binding sites found in plants instead of binding sites 

from all organisms. The threshold for M was set to 0.1. The result is shown here and in table 5.  

 

6.5 The accuracy of the algorithm 

To test the accuracy of the algorithm all gene pairs with a correlation higher than 0.7 

or lower than –0.7 were counted as co-regulated. When looking at the analysis of the 

function of the genes (chapter 6.3) this seemed to be appropriate thresholds. The 

result from the algorithm was then analysed (see table 7). The average of UA was 

calculated and this value was used as a threshold to decide if the genes were co-

regulated or not. Since the genes used in the project had correlation values ranging 



6 Analysis 

 

 - 42 - 

 

from –1 to 1, the average should be an appropriate value on the threshold. A pair of 

genes was counted like co-regulated if they had an UA lower than this threshold.  

 

In table 7 the results from this analysis is shown. The column threshold shows the 

average value for UA. The specificity (SP) and sensitivity (SN) was calculated for the 

threshold. Specificity and sensitivity can be described by these definitions as: 

 

 
FPTP

TP
SP

+
=  

 

FNTP

TP
SN

+
=  

 

TP = True Positives. The gene pairs that are correctly predicted as co-regulated by the 

algorithm. 

TN = True Negatives. The gene pairs that are correctly predicted as not being co-

regulated by the algorithm. 

FP = False Positives. The gene pairs that are not co-regulated but are predicted to be 

co-regulated by the algorithm. 

FN = False Negatives. The gene pairs that are co-regulated but the algorithm predicts 

them as not being co-regulated. 

 

The accuracy of the algorithm was also calculated: 

Accuracy = 
N

TNTP +
 

N = The total number of gene pairs tested (= 21 pairs) 

 

The first three rows in table 7 are the results from the algorithm when sites from all 

organisms were identified. The fourth row is the result from the algorithm when only 
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sites from plants were identified. The sensitivity and specificity are increasing as the 

threshold for M is increasing. The accuracy of the algorithm is increasing from 42% 

to 52% when M was set to 0.5 instead. 52% accuracy is not a good value. This means 

that the algorithm predicts only about half of the gene pairs correctly, which is the 

same as a randomly generated result. However there is a big difference in accuracy 

when the algorithm only identifies sites from plants. The accuracy here is about 76%, 

which is much better. In all tests specificity is higher than sensitivity, which means 

that the algorithm is more likely to have more false negatives in the prediction than 

false positives. 

 

 Threshold 

(average UA) 

TP TN FP FN SP  SN  Accuracy 

M>0.1 0.5343 4 5 4 8 0.5000 0.3333 42 % 

M>0.25 0.5737 5 5 4 7 0.5556 0.4167 47 % 

M=0.5 0.8036 6 5 4 6 0.6000 0.5000 52 % 

M>0.1 (only sites 

from plants) 

0.6095 8 8 1 4 0.8889 0.6667 76 % 

 

Table 7. The accuracy of the results from the algorithm was calculated by comparing the results with 

the correlation of genes. The highest accuracy, sensitivity and specificity were found in the result from 

when the algorithm only identified sites from plants.  

 



7 Discussion 

 

 - 44 - 

 

7 Discussion 

This chapter contains a discussion of the project and things that could affect the 

results. First it discusses the selection of gene expression data. The next section is 

about the programs no_annotation and rakna2.awk. In section 7.3 the test of the 

algorithm is discussed. 

 

7.1 The gene expression data 

The first objective was to identify the gene expression data to use in the project. 

Saccharomyces cerevisiae (yeast) was used in this project; its genome has been fully 

sequenced. In this case the expression data selected came from one experiment, 

measures of the transcriptional levels during the cell cycle. Genes that are co-

regulated other cellular processes than the cell cycle might not be detected. If the 

expression values from several experiments are used it would give more information 

about which genes could be co-regulated.   

 

7.2 The programs 

The programs used in this algorithm are no_annotation and rakna2.awk. The 

programs are discussed in this section. 

 

7.2.1 No_annotation 

To identify transcription factor binding sites in the non-coding regions of the genes, 

the program no_annotation was used. For a non-coding sequence to match a binding 

site almost all positions must be correct. This means that the program might not find 

all binding sites. By making it possible to find motifs in the non-coding regions that 

contain some mismatches these binding sites could be identified. At the same time, if 

the rules are strict when deciding if a motif matches a binding site, a lot of false 

matches can be avoided.  
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The program no_annotation identifies the transcription factor binding sites 

documented in TRANSFAC. TRANSFAC is not the only database that could be used 

to identify transcription factor binding sites in yeast. SCPD (Saccharomyces 

Cerevisiae Promoter Database), described in Zhu and Zhang (1999), is a database that 

provides more up-to-date information about yeast than for example TRANSFAC. 

When comparing the number of sites specific for yeast SCPD contains 580 sites while 

TRANSFAC only contains 312 sites (Zhu & Zhang, 1999). A reason for identifying 

sites from the database TRANSFAC in the program is that the program can be applied 

on other organisms than yeast.  

 

Another thing to discuss is the transcription factor binding sites that no_annotation 

identifies from TRANSFAC. It is not just transcription factor binding sites found in 

yeast. The transcription factor binding sites that the program identifies come from all 

organisms. This could lead to the identification of transcription factor binding sites 

that have not been identified for S. cerevisiae. In chapter 5.7 the program was 

modified to only identify binding sites from plants. The result differs from when all 

binding sites were identified. The accuracy increased from 52% to 76% correct 

predictions.  A possible reason for the better results from this approach (to only 

identify transcription factors found in plants) is that the binding sites that have been 

identified are more likely to be real binding sites for S. cerevisiae. The reason to 

modify the program to find the transcription factors from plants, instead of only the 

binding sites specific for yeast, was that all sites that exist in yeast are probably not 

known. By identifying all sites from plants the unknown sites in yeast have also been 

considered. 

 

7.2.2 Rakna2.awk 

When the transcription factor binding sites for a gene has been identified the result is 

compared to the result of another gene. This is done with the program rakna2.awk. In 

this approach the occurrence of a transcription factor binding site and the number of 

times it occurs is counted. If there is a big difference in the number of times a certain 
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transcription factor binding site occurs in one gene with respect to the other gene the 

transcription factor binding site is not counted as a common site for the genes. On the 

other hand, things that are not considered in this program are for example the order of 

the binding sites. The transcription factor binding sites maybe have to occur in a 

specific order for both of the genes.  The position of the transcription factor binding 

site might also be important.  The transcription factor binding sites could be 

overlapping and then only one of the sites should be counted as a real site. 

 

In the program the number of times a binding site occurs in the first gene is compared 

to the number of times it occurs in the other gene (M). If the site is to be counted like 

one the genes have in common M has to be greater than a certain threshold. The 

threshold for M affects the result and since the optimal value of this parameter is 

difficult to know in advance some different thresholds for M should be tested.  

 

7.3  Test of the algorithm 

When the algorithm was tested, a set of genes was selected. The genes were selected 

according to the correlation between their expression patterns and the genes also had 

to have a known function. 21 pairs of genes were selected with different correlation 

values. One thing that could affect the result is that the number of genes used to test 

the algorithm is quite small and might therefore not reflect the conditions in the whole 

data set. 

 

The genes used to test the algorithm were selected with respect to their correlation. 

Correlation might not be a suitable measure for the identification of co-regulated 

genes. That two genes are co-expressed does not necessarily mean that the genes are 

co-regulated and also possibly functionally related.  

 

When the results from the algorithm were compared to the correlation of the genes, an 

assumption was made in this project that genes must have a correlation stronger than 
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0.7 to be co-regulated. This value seemed to be an appropriate threshold for co-

regulated genes, but needs to be further analysed.  

 

Other things that can affect the result of this project are: 

The occurrence of housekeeping genes. Housekeeping genes are those genes that code 

for the many proteins that are essential for cell viability and are therefore expressed in 

most cells (Alberts et al., 1994).  Since these genes are almost always expressed, 

genes of this kind can share many transcription factor binding sites without being co-

regulated with each other. 
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8 Conclusion  

The aim of my project was to develop a method for identification of co-regulated 

genes by performing sequence and expression data analysis. This was done by 

identifying the transcription factor binding sites for the genes and comparing the 

results for pairs of genes. The number of common sites for the two genes was counted 

and also the number of unique binding sites for each gene. The result was then 

compared with the correlation between the expression patterns of the genes. An 

approach to this problem was to test the statement that genes are co-regulated if they 

share a sufficient number of transcription factor binding sites. 

 

The conclusion that can be drawn is that the method is able to identify both common 

and unique transcription factor binding sites, documented in TRANSFAC, for each 

pair of genes. However, the method has some problems with the identification of co-

regulated genes. This can depend on several things: 

 

• The result from the algorithm was compared with the correlation between the gene 

expression patterns of the genes. It is difficult to know if two genes with a high 

correlation actually are co-regulated and thus perhaps functionally related.  

 

• The method has only been tested for 21 pairs of genes which could give a 

misleading result, if it had been tested on a larger set of genes the result might 

have been different from the one obtained in this test.   

 

• Genes with a correlation around 0.000 are predicted as co-regulated by the 

algorithm. A possible reason for this could be housekeeping genes, which are 

more or less always expressed at a low level. Because of this, these genes can 

share many transcription factor binding sites without being co-regulated.  
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The results from the algorithm when transcription factor binding sites from all 

organisms were found were not good. The highest accuracy for the algorithm was in 

that case 52% which is approximately the same as for a randomly generated result. 

When only binding sites from plants were identified the accuracy of the algorithm 

was about 76%.  This is a big improvement from the other results. Thus, tested on a 

new data set the algorithm should predict approximately 76% of the pairs of genes 

correctly. 

 

8.1 Future work 

For the genes used in this project, it would be interesting to modify the program 

no_annotation to only identify binding sites found in yeast. When analysing yeast 

genes other databases could be used instead of TRANSFAC, for example SCPD, 

which is a database that provides more up-to-date information about yeast than 

TRANSFAC (Zhu & Zhang, 1999). 

 

The method used to identify co-regulated genes can be improved in different ways. 

For example the method can take into consideration the positions of the transcription 

factor binding sites. The order and the positions of the binding sites could be 

important for the transcription factors, for example might two transcription factors be 

cooperating with each other and in order to do this their binding sites must be quite 

closely located. The positions of the identified transcription factors are also important 

when the binding sites are overlapping with each other. In this case only one of the 

identified transcription factor binding sites should be counted as a real binding site.   
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Appendix 1 

 

The appendix contains examples of entries in the different tables in TRANSFAC; 

FACTORS, CLASS, SITES, GENE and MATRIX. Explanations are written in italic 

style after each row.  

 

FACTOR: 
 

AC  T00001 //Accession number 

XX 

ID  T00001 //Identifier     

XX 

DT  16.09.96 11:45:19 (created); ewi.  //Date of creation or update; author 

DT  16.09.96 (updated); ewi. 

XX 

FA  AAF // Factor name 

XX 

OS  human, Homo sapiens // Species 

OC  eukaryota; animalia; metazoa; chordata; vertebrata;     //Biological classification 

OC  tetrapoda; mammalia; eutheria; primates  

XX 

SF  similar to GAF //Structural features 

XX 

FF  induced by interferon-alpha (15-30'), inhibited by 2-AP  // Functional features 

XX 

BS  R02116; AAF$CONS; Quality: 6   // Bound sites (site accession number.; site ID; quality; biological species) 

BS  R03064; HS$GBP_02; Quality: 6; human, Homo sapiens 

XX 

RN  [1] //Reference number 

RA  Decker T., Lew D. J., Darnell J. E    //Reference author 

RT  Two distinct alpha-interferon-dependent signal transduction  //Reference title 

RT  pathways may contribute to activation of transcription 

RT  of the guanylate-binding protein gene 

RL  Mol. Cell. Biol. 11:5147-5153 (1991). // Reference data 

RN  [2] 

RA  Decker T., Lew D. J., Mirkowitch J., Darnell J. E. 

RT  Cytoplasmic activation of GAF, an IFN-gamma-regulated DNA-binding factor 

RL  EMBO J. 10:927-932 (1991). 

XX 
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CLASS: 

 
AC  C0001 // Accession number 

XX 

ID  CH //Identifier (class code) 

XX 

DT  25.09.93 (created); ewi.  //Date; author 

XX 

CL  zinc finger //Class 

XX 

CC  Zinc finger motif of TFIIIA/Krueppel type. Each finger comprises    //Comments 

CC  2 cysteine and 2 histidine residues coordinating one zinc ion,  

CC  in some cases one histidine is replaced by another cysteine.  

CC  The zinc ion is essential for DNA-binding. The first half of  

CC  the finger sequence is generally organized in two antiparallel  

CC  beta-strands, the second half as an alpha-helix and partly as  

CC  an 310-helix. Hydrophobic contacts between the beta-strands  

CC  and the alpha-helix are formed by the conserved phenylalanine  

CC  and leucine residues. The alpha-helix binds to DNA through the  

CC  major groove. The finger link frequently is TGEKPY. 

XX 

BF  T00002; ACE2; Species: yeast, Saccharomyces cerevisiae.    //Factors belonging to this class 

BF  T00007; alphaA-CRYBP1; Species: mouse, Mus musculus. 

BF  T00011; ADR1; Species: yeast, Saccharomyces cerevisiae. 

BF  T00016; AGIE-BP1; Species: rat, Rattus norvegicus. 

BF  T00069; BrlA; Species: Aspergillus nidulans (Emericella nidulans). 

BF  T00072; Byr3; Species: fission yeast, Schizosaccharomyces pombe. 

BF  T00077; CACCC-binding factor; Species: human, Homo sapiens. 

BF  T00119; CF2-I; Species: fruit fly, Drosophila melanogaster. 

BF  T00120; CF2-II; Species: fruit fly, Drosophila melanogaster. 

BF  T00121; CF2-III; Species: fruit fly, Drosophila melanogaster. 

BF  T00162; CreA; Species: Aspergillus nidulans (Emericella nidulans). 

BF  T00241; EGR1; Species: human, Homo sapiens. 

BF  T00242; EGR2; Species: human, Homo sapiens. 

BF  T00243; EGR3; Species: human, Homo sapiens. 

BF  T00244; Egr-1; Species: mouse, Mus musculus. 

BF  T00273; Evi-1; Species: mouse, Mus musculus. 

BF  T00278; delta factor; Species: mouse, Mus musculus. 

BF  T00301; GAGA factor; Species: fruit fly, Drosophila melanogaster. 

BF  T00329; Glass; Species: fruit fly, Drosophila melanogaster. 

BF  T00330; GLI; Species: human, Homo sapiens. 

BF  T00331; GLI3; Species: human, Homo sapiens. 

BF  T00389; H2TF1; Species: rat, Rattus norvegicus. 
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BF  T00395; Hb; Species: fruit fly, Drosophila melanogaster. 

BF  T00439; KBF1; Species: mouse, Mus musculus. 

BF  T00441; KBP-1; Species: human, Homo sapiens. 

BF  T00454; Krox-20; Species: mouse, Mus musculus. 

BF  T00455; Krox-24; Species: mouse, Mus musculus. 

BF  T00456; Kr; Species: fruit fly, Drosophila melanogaster. 

BF  T00457; KUP; Species: human, Homo sapiens. 

BF  T00490; MAZ; Species: human, Homo sapiens. 

BF  T00496; MBP-2; Species: human, Homo sapiens. 

BF  T00497; MBP-1 (1); Species: human, Homo sapiens. 

BF  T00509; MIG1; Species: yeast, Saccharomyces cerevisiae. 

BF  T00510; MOK-2; Species: mouse, Mus musculus. 

BF  T00529; MZF-1; Species: human, Homo sapiens. 

BF  T00620; NGFI-C; Species: rat, Rattus norvegicus. 

BF  T00625; Nil-2-a; Species: human, Homo sapiens. 

BF  T00667; Odd; Species: fruit fly, Drosophila melanogaster. 

BF  T00669; Ovo; Species: fruit fly, Drosophila melanogaster. 

BF  T00727; REX-1; Species: mouse, Mus musculus. 

BF  T00731; RME1; Species: yeast, Saccharomyces cerevisiae. 

BF  T00742; Sdc-1; Species: Caenorhabditis elegans. 

BF  T00751; Sn; Species: fruit fly, Drosophila melanogaster. 

BF  T00752; Sp1; Species: mouse, Mus musculus. 

BF  T00754; Sp1; Species: rat, Rattus norvegicus. 

BF  T00755; Sp1; Species: chick, Gallus gallus. 

BF  T00757; Sp1; Species: monkey, Cercopithecus aethiops. 

BF  T00759; Sp1; Species: human, Homo sapiens. 

BF  T00767; Sry-delta; Species: fruit fly, Drosophila melanogaster. 

BF  T00768; Sry h-1; Species: fruit fly, Drosophila melanogaster. 

BF  T00769; Sry-beta; Species: fruit fly, Drosophila melanogaster. 

BF  T00774; su(Hw); Species: fruit fly, Drosophila melanogaster. 

BF  T00776; SWI5; Species: yeast, Saccharomyces cerevisiae. 

BF  T00788; T-Ag; Species: SV40, simian virus 40. 

BF  T00805; Tsh; Species: fruit fly, Drosophila melanogaster. 

BF  T00842; Tra-1 (long form); Species: Caenorhabditis elegans. 

BF  T00843; Ttk 69K; Species: fruit fly, Drosophila melanogaster. 

BF  T00844; Ttk 88K; Species: fruit fly, Drosophila melanogaster. 

BF  T00845; Tra-1 (short form); Species: Caenorhabditis elegans. 

BF  T00865; UCRBP; Species: mouse, Mus musculus. 

BF  T00899; WT1; Species: human, Homo sapiens. 

BF  T00900; WT1 I -KTS; Species: human, Homo sapiens. 

BF  T00915; YY1; Species: human, Homo sapiens. 

BF  T00921; Zfp-35; Species: mouse, Mus musculus. 

BF  T00929; PRDI-BF1; Species: human, Homo sapiens. 

BF  T00939; HIV-EP2; Species: human, Homo sapiens. 

BF  T01200; Egr-1; Species: rat, Rattus norvegicus. 
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BF  T01213; KBF1; Species: human, Homo sapiens. 

BF  T01257; MSN2; Species: yeast, Saccharomyces cerevisiae. 

BF  T01258; MSN4; Species: yeast, Saccharomyces cerevisiae. 

BF  T01292; RIM1; Species: yeast, Saccharomyces cerevisiae. 

BF  T01468; ZID; Species: human, Homo sapiens. 

BF  T01469; Ik-1; Species: mouse, Mus musculus. 

BF  T01470; Ik-2; Species: mouse, Mus musculus. 

BF  T01471; Ik-3; Species: mouse, Mus musculus. 

BF  T01472; Ik-4; Species: mouse, Mus musculus. 

BF  T01473; Ik-5; Species: mouse, Mus musculus. 

BF  T01477; BR-C Z1; Species: fruit fly, Drosophila melanogaster. 

BF  T01478; BR-C Z2; Species: fruit fly, Drosophila melanogaster. 

BF  T01479; BR-C Z3; Species: fruit fly, Drosophila melanogaster. 

BF  T01480; BR-C Z4; Species: fruit fly, Drosophila melanogaster. 

BF  T01513; AEF-1; Species: fruit fly, Drosophila melanogaster. 

BF  T01676; EKLF; Species: mouse, Mus musculus. 

BF  T01677; LKLF; Species: mouse, Mus musculus. 

BF  T01678; LKLF; Species: rat, Rattus norvegicus. 

BF  T01679; PacC; Species: Aspergillus nidulans (Emericella nidulans). 

BF  T01691; TTP; Species: mouse, Mus musculus. 

BF  T01839; WT1 -KTS; Species: human, Homo sapiens. 

BF  T01840; WT1 I; Species: human, Homo sapiens. 

BF  T01841; WT1-del2; Species: human, Homo sapiens. 

BF  T01842; WT1 I-del2; Species: human, Homo sapiens. 

BF  T01921; Gfi-1; Species: rat, Rattus norvegicus. 

BF  T01973; NRSF form 2; Species: human, Homo sapiens. 

BF  T01974; NRSF form 1; Species: human, Homo sapiens. 

BF  T01975; RREB-1; Species: human, Homo sapiens. 

XX 

RN  [1]   //Reference number 

RA  Hanas J. S., Hazuda D. J., Bogenhagen D. F., Wu F. Y.-H., Wu C.-W.     //Reference authors 

RT  Xenopus transcription factor A requires zinc for binding to the 5 S RNA gene  //Reference title 

RL  J. Biol. Chem. 258:14120-14125 (1983).   //Reference data 

RN  [2] 

RA  Frankel A. D., Berg J. M., Pabo C. O. 

RT  Metal-dependent folding of a single zinc finger from  

RT  transcription factor IIIA 

RL  Proc. Natl. Acad. Sci. USA 84:4841-4845 (1987). 

RN  [3] 

RA  Boehm S., Drescher B. 

RT  Multiple internal repeats within the structure of  

RT  the 5S RNA/DNA binding transcription factor TF-IIIA from Xenopus laevis 

RL  studia biophysica 107:237-247 (1985). 

RN  [4] 

RA  Brown R. S., Sander C., Argos P. 
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RT  The primary structure of transcription factor TFIIIA  

RT  has 12 consecutive repeats 

RL  FEBS Lett. 186:271-274 (1985). 

RN  [5] 

RA  Diakun G. P., Fairall L., Klug A. 

RT  EXAFS study of the zinc-binding sites in the protein  

RT  transcription factor IIIA 

RL  Nature 324:698-699 (1986). 

RN  [6] 

RA  Berg J. M. 

RT  Proposed structure for the zinc-binding domains from  

RT  transcription factor IIIA and related proteins 

RL  Proc. Natl. Acad. Sci. USA 86:99-103 (1988). 

RN  [7] 

RA  Lee M. S., Gippert G. P., Soman K. V., Case D. A., Wright P. A. 

RT  Three-dimensional solution structure of a single zinc  

RT  finger DNA-binding domain 

RL  Science 245:635-637 (1989). 

RN  [8] 

RA  Carr M. D., Pastore A., Gausepohl H., Frank R., Roesch P. 

RT  NMR and molecular dynamics studies of the mKr2 'zinc finger' 

RL  Eur. J. Biochem. 188:455-461 (1990). 

RN  [9] 

RA  Kochoyan M., Keutmann H. T., Weiss M. 

RT  Alternating zinc finger motifs in the human male-associated  

RT  protein ZFY: HX3H and HX4H motifs encode a local structure switch 

RL  Biochemistry 30:9396-9402 (1991). 

RN  [10] 

RA  Kochoyan M., Keutmann H. T., Weiss M. 

RT  Alternating zinc finger motifs in the human male-associated  

RT  protein ZFY: Refinement of the NMR structure of an  

RT  even finger by selecetive deuterium labeling and implications  

RT  for DNA recognition 

RL  Biochemistry 30:7063-7072 (1991). 

RN  [11] 

RA  Kochoyan M., Keutmann H. T., Weiss M. 

RT  Architectural rules of the zinc-finger motif: comparative  

RT  two-dimensional NMR studies of native and aromatic-swap  

RT  domains define a weakly polar switch 

RL  Proc. Natl. Acad. Sci. USA 88:8455-8459 (1991). 

RN  [12] 

RA  Miller J., McLachlan A. D., Klug A. 

RT  Repetitive zinc-binding domains in the protein transcription  

RT  factor IIIA from Xenopus oocytes 

RL  EMBO J. 4:1609-1614 (1985). 
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RN  [13] 

RA  Parraga G., Horvath S., Hood L., Young E. T., Klevit R. E. 

RT  Spectroscopic studies of wild-type and mutant zinc  

RT  finger peptides: Determinants of domain folding and structure 

RL  Proc. Natl. Acad. Sci. USA 87:137-141 (1990). 

RN  [14] 

RA  Parraga G., Horvath S. J., Eisen A., Taylor W. E.,  

RA  Hood L., Young E. T., Klevit R. E. 

RT  Zinc-dependent structure of a single-finger domain of yeast ADR1 

RL  Science 241:1489-1492 (1988). 

RN  [15] 

RA  Pavletich N. P., Pablo C. O. 

RT  Zinc finger-DNA recognition: Crystal structure of  

RT  a Zif268-DNA complex at 2.1 A 

RL  Science 252:809-816 (1991). 

RN  [16] 

RA  Omichinski J. G., Clore G. M., Appella E., Sakaguchi K., Gronenborn A. M. 

RT  High-resolution three-dimensional structure of a single  

RT  zinc finger from a human enhancer binding protein in solution 

RL  Biochemistry 29:9324-9334 (1990). 

XX 

DR  Prosite: PS00028.  //PROSITE accession numbers 

XX 

 
 
 
 

SITE: 
 

AC  R00001   //Accession number 

XX 

ID  HS_6_16_01   //Identifier 

XX 

DT  20.06.90 (created); ewi.  //Date;Author 

DT  24.08.95 (updated); hiwi. 

XX 

TY  D   //Sequence type 

XX 

DE  6_16; Gene: G000176.   //Description (gene or gene product); Gene Accession number 

XX 

SQ  gGGAAAaTGAAACT.  //Sequence of the regulatory element 

XX 

EL  ISRE    //Denomination of the element 

XX 

SF  _127   //First position of factor binding site 

ST  _89     //Last position of factor binding site 
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XX 

BF  T00428; ISGF_3;Quality: 6; Species: human, Homo sapiens.   //Binding factor ( accession number; name; 
quality; biological species) 

XX 

OS  human, Homo sapiens   //Organism species 

OC  eukaryota; animalia; metazoa; chordata; vertebrata;  //Organism classification 

OC  tetrapoda; mammalia; eutheria; primates 

XX 

SO  0038; Bristol 8B+  //Factor source (Cell accession number; Name) 

SO  0061; Daudi 

SO  0101; HeLa+ 

SO  0108; HFF 

SO  0380; Daudi + CML 

XX 

MM  gel retardation    // method 

MM  methylation protection 

MM  ethylation interference 

MM  methylation interference 

MM  copper/phenanthroline footprinting 

XX 

CC  human foreskin fibroblasts (HFF) after induction with IFN_alpha   //Comments 

XX 

DR  EMBL: Y00828; HSIFNIN6(492:505).  //External databases 

DR  EPD: E27009; EP027009. 

XX 

RN  [1] 

RA  Seong D. C., Sims S., Johnson E., Howard O. M. Z.,   //References 

RA  Reiter B., Hester J., Talpaz M., Kantarjian H., Deisseroth A. 

RT  A phosphatase activity present in peripheral blood  

RT  myeloid cells of chromic myelogenous leukemia patients  

RT  but not normal individuals alters nuclear protein  

RT  binding to transcriptional enhancers of interferon_inducible genes 

RL  J. Clin. Invest. 86:1664_1670 (1990). 

RN  [2] 

RA  Imam A. M. A., Ackrill A. M., Dale T. C., Kerr I. M., Stark G. R. 

RT  Transcription factors induced by interferons alpha and gamma 

RL  Nucleic Acids Res. 18:6573_6580 (1990). 

RN  [3] 

RA  Roy Ch., Lebleu B. 

RT  DNA protein interactions at the interferon_responsive  

RT  promoter elements: potential for a H_DNA conformation 

RL  Nucleic Acids Res. 19:517 (1991). 

RN  [4] 

RA  Porter A. C. G., Chernajowski Y., Dale T. C., Gilbert  

RA  C. S., Stark G. R., Kerr I. M. 

RT  Interferon response element of the human gene 6_16 
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RL  EMBO J. 7:85_92 (1988). 

RN  [5] 

RA  Dale T. C., Ali Imam A. M., Kerr I. M., Stark G. R. 

RT  Rapid activation by interferon alpha of a latent DNA_binding  

RT  protein present in the cytoplasm of untreated cells 

RL  Proc. Natl. Acad. Sci. USA 86:1203_1207 (1989). 

RN  [6] 

RA  Dale T. C., Rosen J. M., Guille M. J., Lewin A. R.,  

RA  Porter A. G. C., Kerr I. M., Stark G. R. 

RT  Overlapping sites for constitutive and induced DNA  

RT  binding factors involved in interferon_stimulated transcription 

RL  EMBO J. 8:831_839 (1989). 

XX 

 
 
 
 

GENE: 
 

AC  G000218  //Accession number 

XX 

ID  HS_CFOS  //Identifier 

XX 

DT  14.06.95 (created); dbo.  //Date;author 

XX 

SD  c-fos      //Short description/name of the gene 

XX 

DE  c-fos protooncogene   //Description: long name of the gene 

XX 

OS  human, Homo sapiens    //Biological species 

OC  eukaryota; animalia; metazoa; chordata; vertebrata;  //Organism classification 

OC  tetrapoda; mammalia; eutheria; primates 

XX 

BC  6.1.5.16    //Bucher promoter classification 

XX 

BS  R00458; R00459; R00460; R00461; R00462; R00463; R00464; R00465;   // SITE positions and accession 
numbers 

BS  R00466; R00467; R00468; R00469; R00470; R00471; R01640; R01889;  

BS  R03425; R04046; R04047 

XX 

CO  C00009    //COMPEL accession number 

CO  C00022 

XX 

TR  00110   //TRRD accession number 

XX 
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MATRIX: 
 

AC  M00010  //Accession number 

XX 

ID  P$O2_01  //Identifier 

XX 

DT  09.11.92 (created); ewi.  //Date ; Author 

DT  16.10.95 (updated); ewi. 

XX 

NA  O2  //Name of the binding factor 

XX 

DE  Opaque-2  //Short factor description 

XX 

BF  T00668; Opaque-2; Species: maize, Zea mays.  //List of linked factor entries 

XX 

//PO: Position within the aligned sequences, frequency of A, C, G, T and the last column the consensus sequence 

P0      A      C      G      T   

01      0      0      0      8      T 

02      0      8      0      0      C 

03      8      0      0      0      A 

04      0      0      0      7      T 

05      0      0      0      8      T 

06      0      8      0      0      C 

07      0      8      0      0      C 

08      8      0      0      0      A 

09      1      7      0      0      C 

10      1      0      7      0      G 

11      0      0      0      8      T 

12      8      0      0      0      A 

13      0      0      7      1      G 

14      8      0      0      0      A 

15      0      0      0      8      T 

16      4      0      3      1      R 

XX 

BA  8 O2 target sites out of 8 maize 22-kD zein genes  //Statistical basis 

XX 

CC  compiled sequences  //Comments 

XX 

RN  [1]   //References 

RA  Schmidt R. J., Ketudat M., Aukerman M. J., Hoschek G. 

RT  Opaque-2 is a transcriptional activator that recognizes  

RT  a specific target site in 22-kD zein genes 

RL  Plant Cell 4:689-700 (1992). 
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Appendix 2 
 
CLUSTAL W (1.7) multiple sequence alignment 
 
 
YHR053C         AAATGTTCAGCGAATTAATTAACTTCCAAAATGAAGGTCATGAGTGCCAATGCCAATGTG 
YHR055C         -----------------------CTGAATATTGAAG--AATTTTTGCCAAT--CTTTGAC 
                                        *  * * *****   **   *******  *  **   
 
YHR053C         GTAGCTGCAAAAATAATGAACAATGCCAAAAATCATGT--AGCTGCCCAACGGGGTGTAA 
YHR055C         AAAACCCTCTTACTA--GAATTTGTTCATAACTCTTTTCCAAATGGTGATACCTGTCCTT 
                  * *      * **  ***      ** ** ** * *  *  **   *     **     
 
YHR053C         CAGCGACGACAAATGCCCCTGCGGTAACAAGTCTGAAGAAACCAAG--AAGTCA---TGC 
YHR055C         CATTCTCAACGGTCGATCTTCCTTTATCTCAACTGACCAAACTAGGCGAATTAACTGTGC 
                **    * **    *  * * *  ** *    ****  **** * *  ** * *   *** 
 
YHR053C         TGCTC----TGGGAAATGAAACGAATAGTCTTTAATATATTCATCTAACTATTTGCTGTT 
YHR055C         TTCTACTGTTGTTAAACGATTCAATGACCCTATTCAATAAGCAGGCTATTAATAACCATG 
                * **     **  *** **  * *  *  ** *   ***  **    * ** *  *  *  
 
YHR053C         TTTAATTTTTAAA-AGGAGAAGGAAGTTTAATCGACGATTCTACTCAGTTTGAGTACACT 
YHR055C         TTTCGGCATTAATGAATAATTTGAGGTTGATTCGAAG--CCAAATCACATTGATAAACCT 
                ***     ****  *  *    ** *** * **** *   * * ***  ****  *  ** 
 
YHR053C         TATGTATTTTGTTTA-GATACTTTGTTAATTTATAGGTATACGTTAATA--ATTAAGAAA 
YHR055C         GGAATATTATGACCAAGAGACAATCA-AATTTATTGCCATCACAAAATTTTATGAATCTC 
                    **** **   * ** **  *   ******* *  **     ***   ** **     
 
YHR053C         AGGAAATAAAGTATCTCCATATGTCGCCCCAAGAATAAAATATTATTACCAAATTCTAGT 
YHR055C         TGTACATGCATGATGATCATAAATC-----AAGTTTAGACGAAGATTTGAGCTGTCTGTT 
                 * * **  *  **   ****  **     ***  ** *  *  ***       ***  * 
 
YHR053C         TTGCCTAACTTACAACTCTGTATAGAATCCCCAGATTTCGAATAAAAAAAAAAAAAAAAG 
YHR055C         AAGCTTCCAGATAAAAGATTTCAAGTTATTCCATTTTTTGAAAAAAATGTATTACTCAAG 
                  ** *       **   * *  **     ***  *** *** ****   *  *   *** 
 
YHR053C         ----------CTA------------TTCATGGTACCCGCTGCTGAAAACCTATCTCCGAT 
YHR055C         ACATTCGCTTCTAGGTCAGTCTTCATTCATGGTACCCGCTGCTGAAAACCTATCTCCGAT 
                          ***            *********************************** 
 
YHR053C         ACCTGCCTCTATTGATACGAACGACATTCCTTTAATTGCTAACGATTTAAAATTACTGGA 
YHR055C         ACCTGCCTCTATTGATACGAACGACATTCCTTTAATTGCTAACGATTTAAAATTACTGGA 
                ************************************************************ 
 
YHR053C         AACGCAAGCAAAATTGATAAATATTCTGCAAGGTGTTCCTTTCTACTTGCCAGTAAATTT 
YHR055C         AACGCAAGCAAAATTGATAAATATTCTGCAAGGTGTTCCTTTCTACTTGCCAGTAAATTT 
                ************************************************************ 
 
YHR053C         AACCAAAATTGAAAGTCTGTTAGAAACCTTGACTATGGGCGTGAGTAATACAGTAGACTT 
YHR055C         AACCAAAATTGAAAGTCTGTTAGAAACCTTGACTATGGGCGTGAGTAATACAGTAGACTT 
                ************************************************************ 
 
YHR053C         ATATTTTCATGACAACGAAGTCAGAAAAGAATGGAAAGACACTTTAAATTTTATCAATAC 
YHR055C         ATATTTTCATGACAACGAAGTCAGAAAAGAATGGAAAGACACTTTAAATTTTATCAATAC 
                ************************************************************ 
 
YHR053C         CATTGTTTATACAAATTTTTTCCTTTTTGTTCAAAACGAATCCTCTTTGTCCATGGCAGT 
YHR055C         CATTGTTTATACAAATTTTTTCCTTTTTGTTCAAAACGAATCCTCTTTGTCCATGGCAGT 
                ************************************************************ 
 
YHR053C         TCAACATTCTTCTAACAACAATAAGACCTCGAACTCTGAAAGATGTGCAAAGGATCTGAT 
YHR055C         TCAACATTCTTCTAACAACAATAAGACCTCGAACTCTGAAAGATGTGCAAAGGATCTGAT 
                ************************************************************ 
 
YHR053C         GAAAATTATTTCTAATATGCACATTTTTTACTCAATAACATTTAATTTTATCTTCCCCAT 
YHR055C         GAAAATTATTTCTAATATGCACATTTTTTACTCAATAACATTTAATTTTATCTTCCCCAT 
                ************************************************************ 
 
YHR053C         AAAGTCGATAAAGTCATTTTCAAGCGGCAATAATCGCTTTCATTCTAATGGTAAAGAATT 
YHR055C         AAAGTCGATAAAGTCATTTTCAAGCGGCAATAATCGCTTTCATTCTAATGGTAAAGAATT 
                ************************************************************ 
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YHR053C         TTTATTCGCAAATCATTTTATTGAAATCTTACAGAATTTTATAGCAATCACATTTGCTAT 
YHR055C         TTTATTCGCAAATCATTTTATTGAAATCTTACAGAATTTTATAGCAATCACATTTGCTAT 
                ************************************************************ 
 
YHR053C         TTTCCAACGTTGTGAAGTAATATTATATGACGAATTTTACAAAAATCTTTCAAATGAGGA 
YHR055C         TTTCCAACGTTGTGAAGTAATATTATATGACGAATTTTACAAAAATCTTTCAAATGAGGA 
                ************************************************************ 
 
YHR053C         GATTAATGTTCAATTGCTATTGATTCATGACAAGATTTTGGAAATTTTAAAAAAAATAGA 
YHR055C         GATTAATGTTCAATTGCTATTGATTCATGACAAGATTTTGGAAATTTTAAAAAAAATAGA 
                ************************************************************ 
 
YHR053C         AATTATCGTATCCTTTTTACGAGATGAAATGAATAGCAACGGAAGTTTCAAATCTATTAA 
YHR055C         AATTATCGTATCCTTTTTACGAGATGAAATGAATAGCAACGGAAGTTTCAAATCTATTAA 
                ************************************************************ 
 
YHR053C         AGGTTTCAACAAGGTTTTGAATCTGATTAAATATATGCTGAGATTTAGCAAGAAAAAACA 
YHR055C         AGGTTTCAACAAGGTTTTGAATCTGATTAAATATATGCTGAGATTTAGCAAGAAAAAACA 
                ************************************************************ 
 
YHR053C         AAATTTTGCGAGAAACTCTGATAACAATAATGTTACAGATTATAGTCAGTCGGCGAAGAA 
YHR055C         AAATTTTGCGAGAAACTCTGATAACAATAATGTTACAGATTATAGTCAGTCGGCGAAGAA 
                ************************************************************ 
 
YHR053C         CAAAAATGTTCTCTTGAAATTCCCCGTTAGTGAACTGAACAGAATCTATTTAAAATTTAA 
YHR055C         CAAAAATGTTCTCTTGAAATTCCCCGTTAGTGAACTGAACAGAATCTATTTAAAATTTAA 
                ************************************************************ 
 
YHR053C         GGAGATTTCAGATTTTTTAATGGAAAGAGAAGTTGTCCAAAGGAGTATAATTATTGACAA 
YHR055C         GGAGATTTCAGATTTTTTAATGGAAAGAGAAGTTGTCCAAAGGAGTATAATTATTGACAA 
                ************************************************************ 
 
YHR053C         GGATTTGGAATCTGATAATCTGGGTATTACTACGGCAAACTTCAACGATTTCTATGATGC 
YHR055C         GGATTTGGAATCTGATAATCTGGGTATTACTACGGCAAACTTCAACGATTTCTATGATGC 
                ************************************************************ 
 
YHR053C         ATTTTATAATTAGTAAGCCGATCCCATTACCGACATTTGGGCGCTATACGTGCATATGTT 
YHR055C         ATTTTATAATTAGTAAGCCGATCCCATTACCGACATTTGGGCGCTATACGTGCATATGTT 
                ************************************************************ 
 
YHR053C         CATGTATGTATCTGTATTTAAAACACTTTTGTATTATTTTTCCTCATATATGTGTATAGG 
YHR055C         CATGTATGTATCTGTATTTAAAACACTTTTGTATTATTTTTCCTCATATATGTGTATAGG 
                ************************************************************ 
 
YHR053C         TTTATACGGATGATTTAATTATTACTTCACCACCCTTTATTTCAGGCTGATATCTTAGCC 
YHR055C         TTTATACGGATGATTTAATTATTACTTCACCACCCTTTATTTCAGGCTGATATCTTAGCC 
                ************************************************************ 
 
YHR053C         TTGTTACTAGTTAGAAAAAGACATTTTTGCTGTCAGTCACTGTCAAGAGATTCTTTTGCT 
YHR055C         TTGTTACTAGTTAGAAAAAGACATTTTTGCTGTCAGTCACTGTCAAGAGATTCTTTTGCT 
                ************************************************************ 
 
YHR053C         GGCATTTCTTCTAGAAGCAAAAAGAGCGATGCGTCTTTTCCGCTGAACCGTTCCAGCAAA 
YHR055C         GGCATTTCTTCTAGAAGCAAAAAGAGCGATGCGTCTTTTCCGCTGAACCGTTCCAGCAAA 
                ************************************************************ 
 
YHR053C         AAAGACTACCAACGCAATATGGATTGTCAGAATCATATAAAAGAGAAGCAAATAACTCCT 
YHR055C         AAAGACTACCAACGCAATATGGATTGTCAGAATCATATAAAAGAGAAGCAAATAACTCCT 
                ************************************************************ 
 
YHR053C         TGTCTTGTATCAATTGCATTATAATATCTTCTTGTTAGTGCAATATCATATAGAAGTCAT 
YHR055C         TGTCTTGTATCAATTGCATTATAATATCTTCTTGTTAGTGCAATATCATATAGAAGTCAT 
                ************************************************************ 
 
YHR053C         CGAAATAGATATTAAGAAAAACAAACTGTACAATCAATCAATCAATCATCACATAAA 
YHR055C         CGAAATAGATATTAAGAAAAACAAACTGTACAATCAATCAATCAATCATCACATAAA 
                ********************************************************* 
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Appendix 3 
 
CLUSTAL W (1.7) multiple sequence alignment 
 
 
YOR141C         --------------TCTAACACCGTGTATGATAATATATTGGTAGTGTGACTACTAGTTG 
YJL041W         AGCCAATGTGATGATTTGGCCAAGTGGATGGT--TCAATCAAAAGTGACAGGTCTAGACG 
                              * *  *   *** *** *  *  **    ****  *   ****  * 
 
YOR141C         TTAGACGATAGTTGATTTTAATTCCAACACTTACCTATTTATCAGTGTCATTACTAAGAA 
YJL041W         TTGGTT--TTAACGATTTGAATGGCAA-ACTTTCCTCTTTCACCGATGCTGTTTTAGGCA 
                ** *    *    ***** ***  *** **** *** ***  * *   *  *  ** * * 
 
YOR141C         GGAAATTTTTCATTAATAGTATATAACGTGCTGA--GTCTTCCCAAATTGAT---TGAAA 
YJL041W         --AAAT-----ACAAAAAG---CTAACGAGAAAAACGTCTTCAAATTTTTATCTCTAAAT 
                  ****     *  ** **    ***** *   *  ******  *  ** **   * **  
 
YOR141C         CGCGCAAGTGGTTCAGTGGTTAGAATTTATGCTTCCCA--AGCATGAGGCCCGGGTTC-G 
YJL041W         GGGACAAATTTGAGAGTGAACGAACACGACACTTTTGAGAATAACGAGGTCTTAAAACTG 
                 *  *** *     ****     *    *  ***   *  *  * **** *      * * 
 
YOR141C         ATTCCCGGCTTGCGCATCTGTTTTTGCAAA----ACAGACTAGGAAATTCAGACGTTTTG 
YJL041W         ATAAGCGTTTT----ATGTTATTTGGAAAATTTAAAATTCTTGGATATATCGAACAATCC 
                **   **  **    ** *  *** * ***    * *  ** *** **   **    *   
 
YOR141C         TTATTTTTTTTTCCA-----TTTCAATTATTAAGCTTTAATCAACCTTTATGTATACCCT 
YJL041W         TGCCATCTTCCCCCACTGTGTTCCGACGCTGATTGATTTTTTACCTGTTTTTGTTAATCT 
                *    * **   ***     ** * *   * *    **  * * *  ** *   **  ** 
 
YOR141C         TGTTAAGAAGAACATTAAATACAAACACT--ATTAAAAGATTTTTAGTAGAATTTATAAG 
YJL041W         TGTCCGTCTGCATATCGACTACAATAATTTAAGTTCCACGAGTGTAGT-GATGCTGGCCG 
                ***      * * **  * *****  * *  * *   *    * **** **   *    * 
 
YOR141C         GATAAATGAATATATACAAAGGGAAAAATTAACATAGAATGTTGAGTAAAAGCTCTGAAA 
YJL041W         AAATATTACCCATGTGTTCAAGATTGAATTATTTTTCCATGTT-AGGAACGGAATTGGAT 
                 *  * *    ** *    * *    *****   *   ***** ** **  *   ** *  
 
YOR141C         AGAAAACGGATGTCAGCTCCATACTTGTC--TAAGCAATAATCGAGACATAGAAGTCTTC 
YJL041W         TTGGCATCGTCTAAAGCTCTAGCAGAGGCGGTGAGGAAAAGTTCAT-CTTTGATGACTTT 
                     *  *     ***** *     * *  * ** ** * *  *  * * ** * ***  
 
YOR141C         CTCTTTTGAAAGCAGTTCATTCTCTTCCTAATATAATCATTTAAATTTGGCAAATTGATC 
YJL041W         GGACGTGGACTAT-GTGTATATGCCAGAGAACATTAAGGAAAAAATTTCATTATATGCTT 
                     * **     **  **   *     ** ** *      ******    *  ** *  
 
YOR141C         CAGTAAAGCTTGACCTAAGTAACCTGGAGAT--TCAACGACGGCAACACCAACATCTCTC 
YJL041W         TAAGAAATATTCA---AGGGGAGTTGAAAAGGGTTAATAGTGACGATAAAGATATCAAAG 
                 *  ***  ** *   * *  *  ** * *   * **    * * * *   * ***     
 
YOR141C         AAAGCTTGTTTTTTGGATTCTGCATCAGTTCCAGATCCTTCTACAATTGCACCGGAGTGA 
YJL041W         ATAGCCAATTTTCAAGCCTA-----CAGGACCAACTATCACTTTTATTA-ACTGAAAAAG 
                * ***   ****   *  *      ***  ***  *    **   ***  ** * *     
 
YOR141C         CCCATTCTAACACCTTTCATTTGACCAGCAACAGTTCCTGCGATGAAAGATGCCACCGGC 
YJL041W         CGGA---TAATTCCGAACATTACAACAA-AATGGTT-----GA-GAATTTCATGGCCAAA 
                *  *   ***  **   ****  * **  **  ***     ** ***        **    
 
YOR141C         ATCGGCTTACTCCTGCTAAAGTTGTATTCTTTGAGAAATTGAGCAGCTTC--GATTTCGG 
YJL041W         ATCGCGTTGGCACGTATCAAG----ATTAGTAAAGTGGTTCATGATCTTTTTGATTTAAA 
                ****  **    *   * ***    ***  *  **   ** *  * ***   *****    
 
YOR141C         CCTTACCACCTATTTCACCT---AACATAATAATACCTTCTGTAGTTTCATCTTC-TAGA 
YJL041W         ACTGAATGGACAATTAAATTTGGAAGGTAAGGAAGCTTTGATTAGATTATGCTTCATAGA 
                 ** *      * ** *  *   **  ***  *  * **   *** **   **** **** 
 
YOR141C         AATAATTTC--AAGGCGTCAATAAAAT-CAGTACCGGGAAAAGCATCACCACCCATACCA 
YJL041W         GGCAAGTTTGGAAAGAGGCTGTGACCTGCTGAAAC---AAAGACATAACAACACTTTGAA 
                   ** **   ** * * *  * *  * * * * *   ***  *** ** ** * *   * 
 
YOR141C         ATAACCAGTGATTGACC---AAGGTCAGTTTTTGTAGTTTGCTGAACAGCTTCGTATGTC 
YJL041W         ATCACCAGAGGCCGTCTCAAAAAGTCGGAAAGGGGGAAATCAAGCACAACC-CAATTCCG 
                ** ***** *   * *    ** *** *     *     *   * *** *  *   *    
 
YOR141C         AAAGTTCCCGATC--TGGAAATAAT---ACCGATTTTACCAGCTTGAAAAATTTTTGGGG 
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YJL041W         AAAGCTGTCAAAGAATGTTACTAAGCTCATCTATATTACAAAATTCAGATCATATTGCGC 
                **** *  * *    **  * ***    * * ** **** *  ** * *   * *** *  
 
YOR141C         GCTGGATACCAATTCTTACCTTTGTTGCTGGGTTAATGATACCAGG-GCAGTTGGGCCCA 
YJL041W         TTATGCCATTCGGTAGTGCAATAGTCGAAAAGTCAA---GCCCAGATGCAGAAGATGCCG 
                    *  *     *  * *  * ** *    ** **     ****  ****  *   **  
 
YOR141C         ACTAATCTTGTTTTATCTTGTGTCTGCAACATT--TCTGCAATGTATAACATGTCATGTT 
YJL041W         TCGAAT-TCAGAGAAGGTGACGACTCCAACGTAAATCACGAAGACGTACCAGCAAATGAT 
                 * *** *      *  *   * ** **** *   **   **    ** **    *** * 
 
YOR141C         GAGGAATACCTTCAGTGATACATACAGCTAACGGAATTTC---AGCTTCAATAGATT-CT 
YJL041W         CAACAATTTCGAGA-TGAAGTTGATATCAAAAACAAATACTCTATCATTAAAAGAGAACT 
                 *  ***  *   * ***     * * * **   ** * *   * * * ** ***   ** 
 
YOR141C         TTAATGGCAGCAGCTGCGATCGGTGGAGGAACAAAGATGGCACTGGCAGTGGCTCCAGTC 
YJL041W         AGAACACGAAAAGCTTG--TCGGTGGTGGC-----GATT----TGCCAGTGGACAAAGAA 
                  **    *  ****    ******* **      ***     ** ******    **   
 
YOR141C         TCCTTAATCGCGTCCTTCACAGAGGCAAAGACAGGTTGGCC---TAAATGTGTTTGACCC 
YJL041W         ATCTTAAAT-CGTGCCGCACA-ATCCTTAGATAG--TGACCAGATAAAGGAATTTCTGTT 
                  *****   *** *  **** *  *  *** **  ** **   **** *  ***      
 
YOR141C         GCCTTTTTTGGGTTCGTACCACCCA---CAACATT--TGTAC--CATATTCTTGAGAGAT 
YJL041W         GAAGAATGACGTCTC-TACTATCCTTGGCGTCATTGATGAACTGCATAGCCAAGGGTACC 
                *     *   *  ** *** * **    *  ****  ** **  ****  *  * *     
 
YOR141C         GCTGGCATGAAAAGTACCTTGTTTACCTGTGAACCCCTGAA-AGATCACCTTGGTGTCCT 
YJL041W         ACTTGCATCATATTTTCAAAA---AACAGGGAAACCAAGAAGAGACCGCGTTCA-GAACA 
                 ** **** * *  * *       * * * *** **  *** *** * * **   *  *  
 
YOR141C         TGGGAAGCAGCAAATTTTTGATCGTCTTATCGT--AAGG---AATAGATTCTCTGTGAAA 
YJL041W         AAGGATGAACAACAGTCCTCCCAATCCAATGATTCAAGTGCTAATGCGTCCCCTACCACT 
                  *** * *  * * *  *     **  **  *  ***    ***   * * **   *   
 
YOR141C         GTGACGA----CAAATTTTGAGAGAAGCTTTTGAAACGGTAGATCTTAACATTATCAAAC 
YJL041W         GATCCGATATCCACAGGCTCCAATA--CTTCTAGAACGAACGATAATGCTCATATTCCTC 
                *   ***    ** *   *   * *  *** *  ****   ***  *     ***    * 
 
YOR141C         TGAAGAATAAA--TGG-TCTGCAAAAGAAATTTTCTATGAAATCGAACGT---ATATAGA 
YJL041W         CGACCGATGCGCCTGGATTTGATAAATTTATGAACAATGCAGAGGAAAATGCCATTGACG 
                 **   **     *** * **  ***   **   * *** *   ***  *   **  *   
 
YOR141C         GTGGTAAGTAACAAACAGAACAACAATTAGGGGAAACTTGTCTCCTTCCAGCTTTTATAT 
YJL041W         CTGCTTATGATGATGTGCTAGACAAAATCCAGGATGCGCGGAACAGTAGTACTAA-ATAA 
                 ** * *  *  *      * *  ** *   ***  *  *   *  *    **   ***  
 
YOR141C         CGCTTGATTAAATCCAACTGTGGTAAGCCTATATATACGCAGTGTGCTGTGAACAACTCT 
YJL041W         TAAGGGATTTC-TCTTAATTTTTTAATCTCTTTTTT--GTATTGGGTTTCGAAAATAT-- 
                     ****   **  * * *  *** *   * * *  * * ** * *  *** *  *   
 
YOR141C         CGAACAAGGATACTTAATTGACAATTGCAAAGCACTTAAGGGCTCTATTACCATCTGGAT 
YJL041W         --AATAAGGAGCCCTCA--GACATTTACGTATCCTTTCATGTATG-ATTATTTTAAGTAT 
                  ** *****  * * *  **** ** *  * *  ** * *  *  ****   *  * ** 
 
YOR141C         ATCAGTCTCGAGAAACGCCTTTTTTGT-----TTCTGTTTTTATAGCAGCAACTTTGGGT 
YJL041W         TTT-GTATTTTTTATTATTATTAATGTAAGCATAATGCTTTTGTAG----AACTTGAGAC 
                 *  ** *     *      **  ***     *  ** **** ***    *****  *   
 
YOR141C         C-CGAGGTTGGGGTAGATCCGTTATCCAGCCGCTGGTTGGGCCGTGCAAGATGACTTATT 
YJL041W         AACCCGGACGGGTCCGATGAGTTTTTTTCTTCAAACTTTTATAGAAAATAATAAATGGTG 
                  *  **  ***   ***  *** *           **     *   *  ** * *  *  
 
YOR141C         TGAGAATGGCA-ATATGAATAAATGGAGATGATGAACGCCCACGAAGTAGCAAACACTTT 
YJL041W         TTAGCACCACTCAGATGTGATATTTGACGTGTCGATTGTGATACCTGAAG-ACGCTATTG 
                * ** *   *  * ***    * * **  **  **  *        * ** *  *  **  
 
YOR141C         CAGGTAAATTACTAGTCAATAGTACATAAATACAGGGATACAATCGCACCTAAC- 
YJL041W         GAGAGCCATTGCAACGCAC-AGTCCAACAGTAATAAGCTCTGATCGTTTTGAAAA 
                 **    *** * *  **  *** **  * **    * *   ****     **   
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Appendix 4 
 
 
BEGIN{nr=0; gen1= ">YDL102W"; gen2=">YLR079W"; } 
{ 
  gennamn[nr]=$1; 
  tfnamn[nr]=$2; 
  nr=nr+1; 
} 
END{ 
  gemensamma=0; 
  unik1=0; 
  unik2=0; 
 
  ratio=0; 
  nollett=0; 
  ttf=""; 
  gen1_antal=0; 
  gen2_antal=0; 
  for (n=0; n<nr; n=n+1) 
    {  
      gen1_antal=0; 
      gen2_antal=0; 
      tfsok=tfnamn[n]; 
      if (ttf!=tfsok) { 
      for (i=0;i<nr;i=i+1) 
 { 
   if ((gennamn[i]==gen1)&&(tfsok==tfnamn[i])) { 
     gen1_antal=gen1_antal+1; 
   } 
   if ((gennamn[i]==gen2)&&(tfsok==tfnamn[i])) { 
     gen2_antal=gen2_antal+1; 
   } 
 } 
      if 
((((gen1_antal/(gen1_antal+gen2_antal))>0.1)&&((gen2_antal/(gen1_anta
l+gen2_antal))>0.1))) 
      { 
 nollett=nollett+1; 
      } 
     #  print tfsok " " gen1 " " gen1_antal " " gen2 " " gen2_antal " 
ratio " gen1_antal/(gen1_antal+gen2_antal);    
      ttf=tfsok; 
      if (gen1_antal==0) 
 { 
   unik2=unik2+1; 
 } 
      if (gen2_antal==0) 
 { 
   unik1=unik1+1; 
 } 
      gemensamma=gemensamma+1; 
 } 
    } 
  print gen1 " antal unika " unik1 "   " gen2 " antal unika " unik2 " 
gemensamma " gemensamma-unik1-unik2, "R " nollett; 
} 

 


