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1 Introduction

This tutorial aims at introducing how to use Regulatory SegaeAnalysis Tools RSAT)
directly from the Unix shell.

RSATIis a package combining a series of specialized programsé&detection of regu-
latory signals in non-coding sequences. A variety of tasis loe performed: retrieval of
upstream or downstream sequences, pattern discovergrpatatching, graphical represen-
tation of regulatory regions, sequence conversions, ....

A web interface has been developed for the most common tatkis freely available for
academic users.

http://rsat.ulb.ac.be/rsat/

All the programs irRSAT can also be used directly from the Unix shell. The shell axtes
less intuitive than the web interface, but it allows to perfanore complex analyses, and it is
very convenient for automatizing repetitive tasks.

This tutorial was written by Jacques van Helddagques.van.Helden@ulb.ac)b&nless
otherwise specified, the programs presented here weremwhtt Jacques van Helden.

1.1 Prerequisites

This program requires a basic knowledge of the Unix enviremimBefore starting you should
be familiar with the concepts of Unix shell, directory, fifgth.

1.2 Creating a directory for this tutorial

During this tutorial, we wll frequently save data and re§ilds. | propose to create a dedicated
directory for these files. In the following chapters, we \agisume that this directory is named
practical_rsatand is located at the root of your personnal account (everysrof course
allowed to change the name and location of this directory).

To create the directory for the tutorials, you can simplyetyipe following commands.

cd $HOME ## Go to your home directory
mkdir -p practical_rsat ## Create the directory for the tuto rial
cd practical_rsat ## Go to this directory
pwd ## Check the path of your directory

From now on, we will assume that all the exercises are exdduden this directory.


http://rsat.ulb.ac.be/rsat/

1.3 Warning

This tutorial is under construction. Some sections arktstlbe written, and only appear as a
title without any further text. The tutorial will be progisegely completed. We provided it as
itis.



1.4 Configuring RSAT

In order to use the command-line version RBAT, you first need an account on a Unix
machine wherd&RSAThas been installed, and you should know the directory wherddols
have been installed (if you don't know, ask assistance to ggstem administrator).

In the following instruction, we will assume thBSAT s installed in the directorfhome/rsat/rsa-tools
This path has to be replaced by the actual path wR&&T has been installed on your com-

puter.

1.4.1 Adding RSAT to your path

Before starting to use the tools, you need to define an envieahrariable RSAT), and to
add some directories to your path.

For the following instructions, we will denote 8SAT_PARENT _PATHhe path of the
parent folder in which th&®SAT suite has been downloaded.

For example, if thasa-toolsfolder has been installed in your home directory (it is thus
found at’/home/fred/rsa-tools you should replacfRSAT_PARENT_PATH]y /home/fredn
all the following instructions.

1. Identify yourSHELL

The way to execute the following instructions depends orr yshell” environment. If
you don’t know which is your default shell, type

echo $SHELL

The answer should be something like
/sbin/bash

or
/bin/tcsh

2. Declare théRSAT environment variables.

We will define configuration parameters necessanRBAT. This includes an environ-
ment variable nameRSAT. We will then add the path of tHRSAT perl scripts, python
scripts and binaries to your path. In addition, add java jes fio yourCLASSPATH

* If your default shell igcsh or csh, copy the following lines in a file namedhsrc
that should be found at root of your account.

set env RSAT [PARENT_PATHY]/rsa-tools

set PATH=($RSAT/bin $PATH)

set PATH=($RSAT/perl-scripts $PATH)

set PATH=($RSAT/python-scripts $PATH)

set CLASSPATH=($RSAT/java/lib/NeAT _javatools.jar=${CLAS SPATH})

« Ifyour shell is bashyou should copy the following lines in a file naméxdsh_profile
at the root of your account.

10



export RSAT=[PARENT_PATH]/rsa-tools

export PATH=${RSAT}/bin:${PATH}

export PATH=${RSAT}/perl-scripts:${PATH}

export PATH=${RSAT}/python-scripts:${PATH}

export CLASSPATH=${RSAT}/java/lib/NeAT _javatools.jar :${CLASSPATH}

* If you are using a different shell than bash, csh or tcshstieification of envi-
ronment variables might differ from the syntax above. Inecasdoubt, ask your
system administrator how to configure your environmentaldes and your path.

3. In order for the variables to be taken in consideratiom, gyeed to log out and open a
new terminal session. To check that the variables are dbriédefined, type.

echo $RSAT

In the example above, this command should return

[ hone/fred/rsa-tools

11



2 Getting help

The first step before using any program is to read the manuigdrdgrams in thdRSAT package
come with an on-line help, which is obtained by typing the sashthe program followed by
the option-h . For example, to get a detailed description of the functipnand options for
the progranretrieve-seq , type

retrieve-seq -h

The detailed help is specially convenient before using ttegnam for the first time. A
complementary functionality is offered by the optiemelp , which prints a short list of
options. Try:

retrieve-seq -help

which is convenient to remind the precise formulation ouangnts for a given program.

12



3 Retrieving sequences

The progranmretrieve-seq allows you to retrieve sequences from a genome (provided thi
genome is supported on your machine). In particular (anddsgudt), this program extracts
the non-coding sequences located upstream the start cddba query genes. The reason
for selecting upstream sequences (rather than codingatisggulatory elements are generally
found upstream of the coding regions, at least in microligaoisms.

3.1 Retrieving a single upstream sequence

First trial: we will extract the upstream sequence for algiggne. Try:

retrieve-seq -type upstream -org Escherichia_coli_ K12 \
-g metA -from -200 -to -1

This command retrieves a 200 bp upstream sequence for theengetd of the bacteria
Escherichia coli K12

By default, coordinates are calculated from the start coddeally, we would prefer to
retrieve sequences upstream of the Transcription Star{BRS), since this is the place where
the RNA polymerase starts to transcribe the gene. Unfortlindhe precise location of the
TSS is unknown for most genes, in most sequecned genome.hiSaretison, the default
reference is the start codon rather than the TSS.

Note that for some organisms (e.glomo sapiens genome annotations include mRNA
boundaries. In this case, the optidaattype mRNA allows you to specify that the refer-
ence point is the start of the mMRNA (thus the TSS) rather thastidrt codon.

Whichever reference point you decide to use, negative coatel indicate sequences up-
stream to this reference point, and positive coordinatesi\dtsream sequences.

With the default parameters,

the reference point is the start codon;

position—1 corresponds to the first residue upstream of the codingesegy

position O is the first letter from the start codon (the A fréiTG);

- positive coordinates indicate the coding sequence (dimears from the start codon).

To better understand the system of coordinates, try toddtat start codon in the sequence
obtained with the following commands.

retrieve-seq -type upstream -org Escherichia_coli_K12 \
-g metA -from -5 -to 6

13



3.2 Combining upstream and coding sequence

For E.coligenes, regulatory signals sometimes overlap the 5’ sideeof@ding sequence. By
doing so, they exert a repression effect by preventing RNKrperase from binding DNA.
The commandetrieve-seqgallows you to extract a sequence that overlaps the staringado
combine an upstream and a coding segment.

retrieve-seq -type upstream -org Escherichia_coli K12 \
-q metA -from -200 -to 49

3.3 Retrieving a few upstream sequences

The option-q (query gene) can be used iteratively in a command to retsegeiences for
several genes.

retrieve-seq -org Escherichia_coli_K12 \
-from -200 -to 49 -q metA -q metB -q metC

3.4 Retrieving a larger list of upstream sequences

If you have to retrieve a large number of sequences, it migbbime cumbersome to type each
gene name on the command-line. A list of gene names can belptbow a text file, each gene
name coming as the first word of a new line.
As an example, we willuse the command
gene-info

to collect all genes whose matches the préfixOfollowed by one or several numbers (this
will return a list of genes involved in phosphate metabojism

gene-info -org Saccharomyces cerevisiae -q 'PHO\d+' -0 PH O_genes.txt

We can check the content of your file by typing

cat PHO_genes.txt

This file can now be used as input to indicate the list of quernyeg for
retrieve-seq

, with the option-i .

retrieve-seq -type upstream -i PHO_genes.txt \
-org Saccharomyces_cerevisiae \
-from -800 -to -1

The option-o allows you to indicate the name of a file where the sequenddwstored.

retrieve-seq -type upstream -i PHO_genes.txt \
-org Saccharomyces_cerevisiae \
-from -800 -to -1 -label name \
-0 PHO_up800.fasta

14



Check the sequence file:

more PHO_up800.fasta

3.5 Preventing the inclusion of upstream ORFs

With the command above, we retrieved sequences coverirgisphg 200 bp upstream the
start codon of the selected genes. Intergenic regions anetsoes shorter than this size. In
particular, in bacteria, many genes are organized in ogeramd the intergenic distance is
very short (typically between 0 and 50 bp). If your gene d@acontains many intra-operon
genes, the sequences will be mainly composed of coding segagmore precisely ORF,
open reading frame), which will bias subsequent analyses.

The option-noorf  of retrieve-seqgndicates that, if the upstream gene is closer than the
specified limit, the sequence should be clipped in orderttameonly intergenic regions.

As an example, we will store the list of histidin genes in a éiled compare the results
obtained with and without the optienoorf

Create a text file namdus_genes.tavith the following genes.

hisL
hisG
hisD
hisC
hisH
hisA
hisF
hisl

hisP
hisM
hisQ
hisJ

hisS

The default behaviour will return 200bp for each gene.

retrieve-seq -type upstream -org Escherichia_coli_ K12 \
-i his_genes.txt -from -200 -to -1

With the option-noorf , sequences are clipped depending on the position of thestlos
upstream neighbour.

retrieve-seq -type upstream -org Escherichia_coli_ K12 \
-i his_genes.txt -from -200 -to -1 -noorf \
-0 his_up200_noorf.fasta

more his_up200_noorf.fasta

You can measure the length of the resulting sequences vethrdgramsequence-lengths

sequence-lengths -i his_up200_noorf.fasta

15



Notice that some genes have very short upstream sequemce®(a than a few bp, or even
Obp). These are the internal genes of tkeoperon.

We will now apply the same option to the list of PHO genes e&ueabove, in order to
obtaine the corresponding non-coding upstream sequenitesy size up to 800bp.

retrieve-seq -type upstream -i PHO_genes.txt \
-org Saccharomyces_cerevisiae \
-from -800 -to -1 -noorf -label name \
-0 PHO_up800-noorf.fasta

Check the sequence file:

more PHO_up800-noorf.fasta

We can now use the command

sequence-lengths

to compare the sequence sizes of the fi¢t0_up800.fastaand PHO_up800-noorf.fasta
respectively.

sequence-lengths -i PHO_up800.fasta

sequence-lengths -i PHO_up800-noorf.fasta

3.6 Getting information about genes

RSATIinclude several utilities to obtain information about a segenes, we will illustrate
some basic features.

3.6.1 Getting gene location, names and description

In the previous section, we created a text file with the nanies get of genes related to
phosphate metabolism. The command

gene-info

returns the complete information concerning a set of geBgslefault, the first word of each
row of the input file is considered as a query.

gene-info -i PHO_genes.txt -org Saccharomyces_cerevisia e

3.6.2 Selecting gene by name or description

Another common need is to search all the names whose namescnigt®n matches some
string. For example, let us assume that we want to ollechellgenes whose name indicates
a role in the methionine metabolism, in the ye8stccharomyces cerevisiadhe program
gene-infoallows us to specify this type of query. according to the mandonvention in the
yeast community, gene names start with three letters itidg#he function (e.g. PHO for

16



phosphate, MET for methionine), wollowed by a number. We a&sinthe program to return
all the gene names having the string “MET” in their names.

In this example, we will enter the query string with the optig on the command line,
rather than in a file.

gene-info -q 'MET' -org Saccharomyces_cerevisiae

We could also refine the query by taking advantage of our kedgé of the yeast gene
nomenclature, and selecting the genes whose name starttheiprefix “MET”, followed by
one or several numbers.

gene-info -g "MET\d+' -org Saccharomyces_cerevisiae

The query is formulatd asra@gular expressigavhere\d indicates a number, and the symbol
+ is a multiplier, so\d+, indicates that we accept a succession of one or more nurafters
the string “MET”. The character " indicates that the string Mshould be at the start of the
name (thus, there can be no letter before MET).

We can now store this list of genes in a separate file, an@vetthe coresponding upstream
sequences.

gene-info -q “MET\d+' -org Saccharomyces_cerevisiae -0 M ET_genes.txt

retrieve-seq -type upstream -i MET_genes.txt \
-org Saccharomyces_cerevisiae \
-from -800 -to -1 -noorf -label name \
-0 MET_up800-noorf.fasta

3.6.3 Selecting genes by their description

By default, the prograngene-infomatches a query string against the list of gene names for
the selected organism. The optiadescr extends the search to the gene descriptions. For
instance, we could search all the genes having the word ‘iorette” in their description.

gene-info -descr -q methionine -org Saccharomyces_cerevi siae

3.6.4 Adding selected fields to a list of gene

As we saw in the previous section, the progrgeme-infotakes as input a list of gene names
or identifiers, and return the complete description of easieg

In some cases, one needs only a part of this information g common name, or the
descripion), in order to to add some columns to a pre-exjsab-delimited file where each
row represents one gene. For example, imagine that you héie Gontaining expression
profiles for 6,000 yeast genes, measured by microarray iexeets under 200 conditions.
The file contains 201 columns: the first column indicates ief each gene, and the 200
next column give expression values measured in the 200 ariergs. In such case, you would
typically useadd-gene-infoto add a few columns after each profile, in order to indicage th
common name and the description of each gene.
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The programadd-gene-infallows add columns to an input file, with user-selected fiefds
information about the genes. For example, the options belidivadd the gene identifier and
the list of synonym to each row of our PHO gene list.

add-gene-info -i PHO_genes.txt -org Saccharomyces cerev isiae \
-info id,names

If the input file contains additional columns (e.g. expressprofiles), these will be pre-
served in the output, and the requested information columithbe added at the end of each
row.

You can check the list of fields supported dgd-gene-infoby consulting the help message.

add-gene-info -help

3.7 Retrieving sequences of a random selection of
genes

It is also sometimes interesting to select a set of randoregyevhich canbe used as negative
control or some analyses. This is exactly the purporse optbgramrandom-genes We
will perform a random selection of 20 yeast genes, and ke&tribeir upstream sequences.
This selection will also be used in the next chapters.

random-genes -org Saccharomyces_cerevisiae -n 20 -0 RAND _ genes.txt

retrieve-seq -type upstream -i RAND_genes.txt \
-org Saccharomyces_cerevisiae \
-from -800 -to -1 -noorf -label name \
-0 RAND_up800-noorf.fasta

3.8 Retrieving all upstream sequences

For genome-scale analyses, it is convenient to retrievieagsa sequences for all the genes of
a given genome, without having to specify the complete fisiaones. For this, simply use the
option-all

As an illustration, we will use

retrieve-seq
to retrieve all the start codons froEscherichia coli As we saw before, negative coordinates

specify upstream positions, 0 being the first base of thengpsiequence. Thus, by specifying
positions 0 to 2, we will extract the three first coding basesthe start codon.

retrieve-seq -type upstream -org Escherichia_coli_ K12 \
-from 0 -to 2 \
-all -format wc -nocomments -label id,name \
-0 Escherichia_coli_K12_start_codons.wc
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Check the result:

more Escherichia_coli_K12_start codons.wc

3.9 Retrieving downstream sequences

retrieve-seqcan also be used to retrieve downstream sequences. In faistba origin (po-
sition 0) is the third base of the stop codon, positive cowtiis indicate downstream (3’)
location, and negative coordinates locations upstreainfr@n the stop codon (i.e. coding
sequences).

For example, the following command will retrieve 200pb detveam sequences for a few
yeast genes. The first nucleotides of the retrieved seqaemmeghose immediately after the
stop codon.

retrieve-seq -type downstream -org Saccharomyces_cerevi siae \
-from 1 -to 200 -label id,name -q PHO5 -q MET4

Since with the optiontype downstream , the coordinates smaller than 1 indicate po-
sitions upstream of the stop codon, we can regBeve-seqto extract the stop codons for all
the genes oEscherichia coli

retrieve-seq -type downstream -org Escherichia coli_ K12 \
-from -2 -to 0 \
-all -format wc -nocomments -label id,name \
-0 Escherichia_coli_K12_ stop_codons.wc

3.10 Inferring operons

In Bacteria, genes are organized in operon, which meansdhatad genes are transcribed in
a single transcription unit. The transcription of a wholexm is driven by a single promoter,
located upstream of the so-callhder gene

Let us assume that we dispose of a set of bacterial genes fchwile want to predict
cis-acting elements (e.g. co-expressed genes in a miasoarperiment). A good fraction
of these genes might be located inside operons. For thes@utative regulatory elements
should be searched in the promoter of the operon leader gater than in the upstream
sequence of the gene itself.

The programnfer-operon allows to infer the operons and return the correspondindelea
genes for a set of input genes. The approach is inspired b$dlgado-Hagelsieb method,
which consists in predicting, for each upstream regiort, ig within an operon (WO) or t a
transcription unit border (TUB). This prediction is basedwo rules:

1. Orientation rule If the intergenic region is flanked by two genes located ofecdkht
strands, itis a TUB.
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2. [Distance rule If the intergenic region is flanked twtandemgenes (adjacent genes
transcribed in the same direction), it is classified as Wnéf intergenic distance is
lower than some threshold (by default, 55bp), and as TUBruaiise.

The default distance threshold was chosen to obtain a gdaddsbetweesensitivity(Sn
fraction of annotated WO regions which are correctly pridiy andpositive predictive value
(PPV, fraction of predicted WO region which indeed correspondrinotations).

The option-dist  allows to specify a custom distance threshold. By increaiaghresh-
old, the number of regions predicted as WO increases, atdbense of those predicted as
WO. This will thus increase the Sn and decrease PPV.

Theaccuracymeasures the balance between Sn and PPV by taking thematithaverage.
With the default value, one can expect 78% of accuracy (Rigkilky and Jacques van Helden,
unpublished results).

We will illustrate the use oinfer-operons with a few examples.

3.10.1 Inferring operon from a list of query genes

With the following command, we infer the operon for a set gfihgenes.

infer-operon -v 1 -org Escherichia_coli_K12 -q hisD -g mhpR \
-q mhpA -qg mhpD

Note that the prediction is incorrect for the gensD: the program predidtisG as operon
leader, whereas the well known leader of the operon ishisL. This is due to the fact that
the intergenic distance betwehbisL andhisGis 145bp, which exceeds the default distance
threshold (55bp).

One option would be to increase the distance threshold tbd.50

infer-operon -v 1 -org Escherichia_coli_K12 -q hisD -q mhpR \
-9 mhpA -g mhpD -dist 150

However, we should be very careful with this option, sindeas a strong consequence on
all the other operon inferenes in the same genome. Since @ fgaction of promoters of
Escherichia coliare shorted than 150bp, by increasing the distance thikstds0, we will
undully consider these promoters as WO.

3.10.2 Selecting custom return fields

The option-return  allows to specify custom return fields.

infer-operon -v 1 -org Escherichia_coli K12 -g hisD -q lacl -q lacz \
-return q_info,up_info,leader,trailer,operon

Note that the famouksc operon contains three gendacZ, lacY andlacA, but the inferred
operon only returns the two first genes because the distatagénlacY andlacA is 65bp.
This can be checked with the return fieldwn_info

infer-operon -v 1 -org Escherichia_coli_ K12 -q lacZ -q lacY \
-return q_info,up_info,down_info,operon
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3.10.3 Operons with non-CDS genes

Note that operons can contain non-coding genes. For exammglenetT operon contains a
series of tRNA genes for methionine, leucine and glutamespectively.

infer-operon -org Escherichia_coli_ K12 -q gInV -q metU -q i leV \
-return g_info,up_info,operon

3.10.4 Inferring all operons for a given organism

The option-all  allows to infer operons for all the genes of an organism.

infer-operon -v 1 -org Escherichia_coli_K12 -all \
-return q_info,up_info,leader,operon

3.10.5 Retrieving operon leader genes and inferred operon
promoters

As explained above, a common usage of operon inference isthcp a list of leader genes
from a set of query genes, in order to retrieve the correspgrmromoter sequences. For this,
we will use the optiontreturn  to obtain the leader gene in the first column of the result
table.

infer-operon -org Escherichia_coli_K12 -return leader,q _info,up_info,operon \
-q lacl -g lacZz -q lacY -g mhpD -q mhpF

The first column now indicates the inferred leader genesrdtian tne query genes, and
that this column contains some redundancy: the same leaderappears multiple times. This
comes from the fact that several of our query genes were p#necame operon (e.g.:lacZ

and lacY).
To avoid including twice their leader, we use the unix comchsort -u (unique).
infer-operon -org Escherichia_coli_K12 -return leader,q _info,up_info,operon \
-q lacl -q lacZ -q lacY -9 mhpD -q mhpF \
| cut -f 1\
| sort -u

We can now use the resulting non-redundant list of operaelesaas input for retrieve-seq.

infer-operon -org Escherichia_coli_K12 -return leader,q _info,up_info,operon \
-q lacl -g lacZ -q lacY -g mhpD -q mhpF \
| cut -f 1\
| sort -u \

| retrieve-seq -org Escherichia_coli_K12 -noorf

3.10.6 Collecting all upstream regions from the query gene up to
the leader gene

TO BE IMPLEMENTED
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3.10.7 Automatic inference
TO BE IMPLEMENTED

3.11 Purging sequences

TO BE WRITTEN
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4 Pattern discovery

In a pattern discovery problem, you start from a set of furally related sequences (e.g. up-
stream sequences for a set of co-regulated genes) and yowetgract motifs (e.g. regulatory
elements) that are characteristic of these sequences.

Several approaches exist, either string-based or matisedh String-based pattern dis-
coveryis based on an analysis of the number of occurrences of ailges words @ligo-
analysis), or spaced pairsdyad-analysi9. The methods fomatrix-based pattern discovery
rely on the utlisation of some machine-learning method. (grgedy algorithm, expectation-
maxiisation, gibbs sampling, ...) in order to optimise ahsoscoring function (log-likelihood,
information,...) which is likely to return significant msti

In this chapter we will mainly focus on string-based apphees; and illustrate some of their
advantages. A further chapter will be dedicated to matagda pattern discovery.

For microbial cis-acting elements, string-based appresigfive excellent results. The main
advantages of these methods:

+ Simple to use

+ Deterministic (if you run it repeatedly, you always get f#aene result), in contrast with
stochastic optimization methods.

+ Exhaustive : each word or space pair is tested indepernydéhsequently, if a set of
sequences contains several exceptional motifs, all of tteambe detected in a single
run.

+ The tests of significances can be performed on both tailseoftteoretical distribution,
in order to detect either over-represented, or under-sepited patterns.

+ Fast.

+ Able to return a negative answer: if no motif is significahg programs return no motif
at all. This is particularly important to reduce the ratealsé positive.

An obvious advantage of matrix-based approach is that theyige a more refined de-
scription of motifs presenting a high degree of degener&tywever, a general problem of
matrix-based approaches is that it is impossible to anailzmssible position-weight matri-
ces, and thus one has to use heuristics. There is thus a ngksdhe global optimum because
the program is attracted to local maxima. Another problethas there are more parameters
to select (typically, matrix width and expected number afuocences of the motif), and their
choice drastically affects the quality of the result.
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Basically, | would tend to prefer string-based approachearig problem of pattern discov-
ery. On the contrary, matrix-based approaches are much seosative for pattern matching
problems (see below). My preference is thus to combinegstrased pattern discovery and
matrix-based pattern matching.

But | am obviously biased because | developed string-basptbaphes. An important
factor in the success obtained with a program is to undetgieecisely its functioning. | thus
think that each user should test different programs, coentbeam and select the one that best
suits his/her needs.

4.1 Requirements

This part of the tutorial assumes that you already perforthedutorial about sequence re-
trieval (above), and that you have the result files in theasurdirectory. Check with the
command:

cd ${HOME}/practical_rsat
Is -1

You should see the following file list:

Escherichia_coli_K12_start_codons.wc
Escherichia_coli_K12_stop_codons.wc
MET_genes.txt
MET_up800-noorf.fasta
PHO_genes.txt
PHO_up800-noorf.fasta
PHO_up800.fasta

RAND_genes.txt

RAND _up800-noorf.fasta

his.genes.txt

his.up200.noorf.fasta
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5 String-based pattern discovery

In a pattern discovery problem, you start from a set of furally related sequences (e.g. up-
stream sequences for a set of co-regulated genes) and yowetgract motifs (e.g. regulatory
elements) that are characteristic of these sequences.

Several approaches exist, either string-based or matisedh String-based pattern dis-
coveryis based on an analysis of the number of occurrences of ailges words @ligo-
analysis), or spaced pairsdyad-analysi9. The methods fomatrix-based pattern discovery
rely on the utlisation of some machine-learning method. (grgedy algorithm, expectation-
maxiisation, gibbs sampling, ...) in order to optimise ahsoscoring function (log-likelihood,
information,...) which is likely to return significant msti

In this chapter we will mainly focus on string-based apphees; and illustrate some of their
advantages. A further chapter will be dedicated to matagda pattern discovery.

For microbial cis-acting elements, string-based appresigfive excellent results. The main
advantages of these methods:

+ Simple to use

+ Deterministic (if you run it repeatedly, you always get f#aene result), in contrast with
stochastic optimization methods.

+ Exhaustive : each word or space pair is tested indepernydéhsequently, if a set of
sequences contains several exceptional motifs, all of tteambe detected in a single
run.

+ The tests of significances can be performed on both tailseoftteoretical distribution,
in order to detect either over-represented, or under-sepited patterns.

+ Fast.

+ Able to return a negative answer: if no motif is significahg programs return no motif
at all. This is particularly important to reduce the ratealsé positive.

An obvious advantage of matrix-based approach is that theyige a more refined de-
scription of motifs presenting a high degree of degener&tywever, a general problem of
matrix-based approaches is that it is impossible to anailzmssible position-weight matri-
ces, and thus one has to use heuristics. There is thus a ngksdhe global optimum because
the program is attracted to local maxima. Another problethas there are more parameters
to select (typically, matrix width and expected number afuocences of the motif), and their
choice drastically affects the quality of the result.

25



Basically, | would tend to prefer string-based approachearig problem of pattern discov-
ery. On the contrary, matrix-based approaches are much seosative for pattern matching
problems (see below). My preference is thus to combinegstrased pattern discovery and
matrix-based pattern matching.

But | am obviously biased because | developed string-basptbaphes. An important
factor in the success obtained with a program is to undetgieecisely its functioning. | thus
think that each user should test different programs, coentbeam and select the one that best
suits his/her needs.

5.1 Requirements

This part of the tutorial assumes that you already perforthedutorial about sequence re-
trieval (above), and that you have the result files in theasurdirectory. Check with the
command:

cd ${HOME}/practical_rsat
Is -1

You should see the following file list:

Escherichia_coli_K12_ start codons.wc
Escherichia_coli_K12_stop_codons.wc
MET_genes.txt
MET_up800-noorf.fasta
PHO_genes.txt
PHO_up800-noorf.fasta
PHO_up800.fasta

RAND_genes.txt
RAND_up800-noorf.fasta

his.genes.txt

his.up200.noorf.fasta

5.2 oligo-analysis

The progranoligo-analysisis the simplest pattern discovery program. It counts thebam
of occurrences of all oligonucleotides (words) of a givemglih (typically 6), and calculates
the statistical significance of each word by comparing itseoted and expected occurrences.
The program returns words with a significant level of overresentation.

Despite its simplicity, this program generally returns goesults for groups of co-regulated
genes in microbes.

For a first trial, we will simply use the program to count wotorrences. The application
will be to check the start and stop codons retrieved abovewNVihen useoligo-analysisin a
pattern discovery process, to detect over-representedb/fimm the set of upstream sequences
retrieved above (the PHO family). In a first time, we will u$e tappropriate parameters,
which have been optimized for pattern discovery in yeastrapm sequences (van Helden et
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al., 1998). We will then use the sub-optimal settings tcsitlate the fact that the success of
word-based pattern-discovery crucially depends on aoigostatistical approach (choice of
the background model and of the scoring function).

5.2.1 Counting word occurrences and frequencies

Try the following command:

oligo-analysis -v 1 -i Escherichia_coli_K12_start_codon s.wc \
-format wc -l 3 -1str

Call the on-line option description to understand the maaoirthe options you used:
oligo-analysis -help

Or, to obtain more detalils:
oligo-analysis -h

You can also ask some more information by speifying a vetpadil (option-v 1 ), and
store the result in a file:

oligo-analysis -v 1 -i Escherichia coli_K12_ start codon s.wc \

-format wc -l 3 -1str -return occ,freq \
-0 Escherichia_coli_K12_start_codon_frequencies.tab

Read the result file:

more Escherichia_coli_K12_start_codon_frequencies.ta b

Note the effect of the verbose optiofrv(1 ). You receive information about sequence
length, number of possible oligonucleotides, the contétfi@output columns, ...

Exercise 5.1 Follow the same procedure as above to check the frequentssmcodons in
the genomes of Escherichia coli K12, and Saccharomycesisgespectively.

5.2.2 Pattern discovery in yeast upstream regions

Try the following command:

oligo-analysis -i PHO_up800-noorf.fasta -format fasta \
-v 1 -I 6 -2str -lth occ_sig 0 -noov \
-return occ,proba,rank -sort \
-bg upstream-noorf -org Saccharomyces_cerevisiae \
-0 PHO_up800-noorf_6nt-2str-noov_ncf_sigo

Note that the return fields (“occ”, “proba”, and “rank”) areparated by a commaithout
space. Call the on-line help to understand the meaning ofarengeters.
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oligo-analysis -h

For this analysis, the expected frequency of each word wiamae on the basis of pre-
calibrated frequency tables. These tables have been patyicalculated (with oligo-analysis)
by counting hexanucleotide frequencies in the whole seteafsy upstream regionsbg
upstream ). Our experience is that these frequencies are the optistiah&or for discover-
ing regulatory elements in upstream sequences of co-regludgenes.

Analyze the result file:

more PHO_up800-noorf_6nt-2str-noov_ncf_sig0

; Counted on both strands
; grouped by pairs of reverse complements

; Background model upstream

; Organism Saccharomyces_cerevisiae
; Method Frequency file

; Nb of sequences 19

; Sum of sequence lengths 11352

; discarded residues 0 (other letters than ACGT)
; discarded occurrences 0 (contain discarded residues)
; nb possible positions 11257

; total oligo occurrences 11257

[...]

; nb possible oligomers 2080

; oligomers tested for significance 2080

[.]

: column headers

; 1 seq oligomer sequence

; 2 identifier oligomer identifier

; 3 exp_freq expected relative frequency

; 4 occ observed occurrences

; 5 exp_occ expected occurrences

; 6 occ_P occurrence probability (binomial)

; 7 occ_E E-value for occurrences (binomial)

; 8 occ_sig occurrence significance (binomial)

;9 rank rank

; 10 ovl_occ number of overlapping occurrences (discarded f rom the count)
; 11 forbocc forbidden positions (to avoid self-overlap)

; 12 test

;seq identifier exp_freq occ exp_occ occ_P occ_E occ_sig ra nk ovl_occ forbocc
acgtgc acgtgc|gcacgt 0.0002182431087 16 2.46 8.4e-09 1l.7e -05 476 1 2 76
cccacg cccacg|cgtggg 0.0001528559297 11 1.72 2e-06 4.2e-0 3237 2 055
acgtgg acgtgg|ccacgt 0.0002257465554 13 2.54 2.8e-06 5.9e -03 2.23 3 1 65
cacgtg cacgtg|cacgtg 0.0001299168211 10 1.46 3.3e-06 6.8e -03 2.17 4 0 100
cgcacg cgcacglcgtgcg 0.0001322750472 10 1.49 3.8e-06 8.0e -03 2.10 5 0 50
cgtata cgtatajtatacg 0.0005113063008 17 5.76 0.00011 2.2e -01 065 6 1 85
agagat agagat|atctct 0.0006913890231 19 7.78 0.00047 9.8e -01 0.01 7 0 95

A few questions:
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How many hexanucleotides can be formed with the 4-letpdradet A, T,G,C ?

How many possible oligonucleotides were analysed hegeitZie number you would
expect ? Why ?

How many patterns have been selected as significant ?

By simple visual inspection, can you identify some seqgaenmilarities between the
selected patterns?

5.2.3 Answers

1.
2.

4.

The number of possible hexanucleotidesfis=44, 096.

The result file however reports@0 possible oligonucleotides. This is due to the fact
that the analysis was performed on both strands. Each aigeatide is thus regrouped
with its reverse complement. The number of pairs is hovesgyelr than 4096/2, be-
cause there are®4= 64 motifs (e.g. CACGTG) which are identical to their reverse
complements. The number of motifs distinct from their reeecomplement is thus
4,069— 64 = 4,032, and they are regrouped intg082/2 = 2,016 pairs. The total
number of motifs is thu§ = 64+ 2016= 2080.

Among the 2080 tested oligonucleotides (+reverse camgi¢), no more than 7 were
selected as significantly over-represented.

Some pairs of words are mutually overlapping (AGGTG@andcACGTG.

We can now interpret these results in terms of statistics.

exp_freq The expected frequency of an oligonucleotide is the prdityato find it by chance

at any position of the sequences analyzed. The expectedeinegs are estimated on
the basis of the background model.

The programoligo-analysisuses the binomial statistics to compare the observed and ex-

pected number of occurrences, an to calculate the oveeseptation statistics.

Pval P-value: probability for a given oligonucleotide to be as&positive, i.e. to be consid-

ered as over-represented whereas it is not.

Eval=T - Pval number of false positive patterns expected by chance gheR+value of the

considered pattern.

ocGig = —logip(Eval) significance of the oligonucleotide occurrences. This isngpke

minus-log conversion of th E-value.
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5.2.4 Assembling the patterns

A separate progranpattern-assembly, allows to assemble a list of patterns, in order to group
those that overlap mutually. Try:

pattern-assembly -i PHO_up800-noorf_6nt-2str-noov_ncf _sig0 \
-v 1 -subst 1 -2str -o PHO_up800-noorf_6nt-2str-noov_ncf sig0.asmb

Read the on-line help to have a look at the assembly parameters
pattern-assembly -h
Let us have a look at the assembled motifs.

more PHO_up800-noorf_6nt-2str-noov_ncf_sig0.asmb

Should give something llike this (the precise result mighshghtly different depending on
the version of the genome).

; pattern-assembly -i PHO_up800-noorf_6ént-2str-noov_nc f_sigd -v 1 -subst 1 -2str -o PHO_up800-noorf_6nt-2str-noo v_ncf_sig0.asmb
; Input file PHO_up800-noorf_6nt-2str-noov_ncf_sigd
; Output file PHO_up800-noorf_6nt-2str-noov_ncf_sig0.a smb
; Input score column 8
; Output score column 0
; two strand assembly
; max flanking bases 1
; max substitutions 1
; max assembly size 50
; max number of patterns 100
; number of input patterns 7
;assembly # 1 seed: acgtgc 9 words length
alignt rev_cpl score
cccacg.... ....cgtggg 2.37
cgeacg.... ....cgtgeg 2.10
.gcacgt... ...acgtge. 4.76
.ccacgt... ...acgtgg. 2.23
..cacgtg.. ..cacgtg.. 217
...acgtgc. .gcacgt... 4.76
...acgtgg. .ccacgt... 2.23
....cgtggg cccacg.... 2.37
....cgtgcg cgcacg.... 2.10
cgcacgtgcg cgcacgtgcg 4.76 best consensus

; Isolated patterns: 2

;alignt rev_cpl score

cgtata tatacg 0.65 isol

agagat atctct 0.01 isol

:Job started 26/10/06 09:58:21 CDT
;Job done 26/10/06 09:58:21 CDT

The result of the assembly shows us that several of the signtfhexanucleotides actually
reflect various fragments of a same motif. We also see thgpjtdethe fact thabligo-analysis
only analyzed the 4-letters DNA alphabet, the assemblyatds some degeneracy in the mo-
tif, revealed by the presence of alternative letters at #mesposition. For instance, in the
penultimate position of the assembly, we can observe e@rarG. In addition, the scores
besides each oligonucleotide indicate us that these atteerletters can be more or less sig-
nificantly over-represented in our sequence set. In sumrtreyesult ofpattern-assemblig
the real key to the interpretation ofigo-analysis the discovered motifs are not each separate
oligo-analysis, but the assemblies that can be formed cilieoh.

The best consensuadicates, for each position of the alignment, the letteregponding to
the oligonucleotide with the highest significance. Thisssrsus should be considered with
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caution, because its complete sequence is built from theatmn of various oligonucleotides,
and might not correspond to any real site in the input secegenilso, this “best consensus”
is generally too stringent to perform pattern matching (seet chapters), and we usually
prefer to search all the oligonucleotides separately, awadyae their feature map to identify
the putative cis-acting elements.

Exercise 5.2 Use the same procedure as above to discover over-represkat@nucleotides
in the upstream sequences of the MET genes obtained in thectan sequence retrieval.
Analyze the results aligo-analysisand pattern-assembly

Exercise 5.3 Use the same procedure as above to discover over-represbak@anucleotides
in the upstream sequences of the RAND genes (randoms elettigemes) obtained in the
chapter on sequence retrieval. Analyze the resuldigb-analysisand pattern-assembly

5.2.5 Alternative background models

One of the most important parameters for the detectin ofifsignt motifs is the choice of an
appropriate background model.

This chapter aims at emphasizing how crucial is the choi@ppfopriate statistical param-
eters. We saw above that a background model calibrated timeajleast upstream sequences
gives good results with the PHO family: despite the simpliaf the algorithm (counting
non-degenerate hexanucleotide occurrences), we weréoadatéract a description of the reg-
ulatory motif over a larger width than 6 (by pattern assemldnd we got some description
of the degeneracy (the high and low affinity sites).

We will now intentionally try other parameter settings aee fiow they affect the quality
of the results.

Equiprobable oligonucleotides

Let us try the simplest approach, where each word is coresildequiprobable. For this, we
simply suppress the optioAsg upstream -org Saccharomyces_cerevisiae fom

the above commands. We also omit to specify the output fileesalts will immmediately ap-

pear on the screen.

oligo-analysis -v 1 -i PHO_up800-noorf.fasta -format fast a\
-l 6 -2str -return occ,proba,rank -Ith occ_sig 0 -sort -bg eq ui

You can combin@ligo-analysisandpattern-assemblyin a single command, by using the
pipe character as below.

oligo-analysis -i PHO_up800-noorf.fasta -format fasta -v 1\
-l 6 -2str -return occ,proba -Ith occ_sig 0 -sort \
| pattern-assembly -2str -subst 1 -v 1

On unix systems, the “pipe” character is used to concatermatenands, i.e. the output of
the first command (in this casdigo-analysig is not printed to the screen, but is sent as input
for the second command (in this cgssttern-assembly).

Note that

31



* The number of selected motifs is higher than in the previaak with the 2006 version
of the sequences, | obtain 92 patterns, instead of the 7n&atavith the background
model calibrated on yeast upstream sequences.

» The most significant motifs are not related to the Pho4pibmdites. All these false
positives are AT-rich motifs.

» Two of the selected patternadgttt andacgtgc ) are related to Pho4p binding site.
However, they come at the $6and 64" positions only.

» With this background model, we would thus not be able to aetee Pho4p binding
sites.

Markov chains

Another possibility is to use Markov chain models to estenexpected word frequencies.
Try the following commands and compare the results. None igad as the optiorbg
upstream-noorf , but in case one would not have the pre-calibrated non-gddaguen-
cies (for instance if the organism has not been completejuesgced), Markov chains can
provide an interesting approach.

in a Markov chain model, the probability of each oligonutiée is estimated on the basis
of the probabilities smaller oligonucleotides that enteits composition.

We will first apply a Markov model of order 1.

## Markov chain of order 1
oligo-analysis -v 1 -markov 1 \
-i PHO_up800-noorf.fasta -format fasta \
-l 6 -lth occ_sig 0 -sort \
-2str -return occ,proba,rank \
-0 PHO_up800-noorf_6nt-2str-noov_sig0_mkv1l

more PHO_up800-noorf_6nt-2str-noov_sig0_mkv1

The number of patterns is strongly reduced, compared toghgmbable model. A few
AT-rich patterns are still rpesent, but the Pho4p motif nppears at the 3rd position. We can
assemble these oligos in order to highligh the differentiisiot

pattern-assembly -i PHO_up800-noorf_6nt-2str-noov_sig 0_mkvl \

-2str -sc 7 -subst 1 -v 1\
-0 PHO_up800-noorf_6nt-2str-noov_sig0_mkvl.asmb

more PHO_up800-noorf_6nt-2str-noov_sig0_mkvl.asmb

We can now increase the stringency, by using a Markov modeddsr 2.
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## Markov chain of order 2
oligo-analysis -v 1 -markov 2 \
-i PHO_up800-noorf.fasta -format fasta \
-l 6 -lth occ_sig 0 -sort \
-2str -return occ,proba,rank \
-0 PHO_up800-noorf_6nt-2str-noov_sig0_mkv2

more PHO_up800-noorf_6nt-2str-noov_sig0_mkv2

We now have a very restricted number of patterns, with onrign2aining AT-rich motifs.
Besides these, most of the selected oligos can be assemijtednta moti corresponding to
the Pho4p binding site.

pattern-assembly -i PHO_up800-noorf_6nt-2str-noov_sig 0_mkv2 \
-2str -sc 7 -subst 1 -v 1\
-0 PHO_up800-noorf_6nt-2str-noov_sig0_mkv2.asmb

more PHO_up800-noorf_6nt-2str-noov_sig0_mkv2.asmb

We can still increase the stringency with a Markov model oleor3.

## Markov chain of order 3
oligo-analysis -v 1 -markov 3 \
-i PHO_up800-noorf.fasta -format fasta \
-l 6 -lth occ_sig 0 -sort \
-2str -return occ,proba,rank \
-0 PHO_up800-noorf_6nt-2str-noov_sig0_mkv3

more PHO_up800-noorf 6nt-2str-noov_sig0_mkv3

If we further increase the order of the Markov chain, thermisa single significant oligonu-
cleotide.

## Markov chain of order 4
oligo-analysis -v 1 -markov 4 \
-i PHO_up800-noorf.fasta -format fasta \
-l 6 -lth occ_sig 0 -sort \
-2str -return occ,proba,rank,rank \
-0 PHO_up800-noorf_6nt-2str-noov_sig0_mkv4

more PHO_up800-noorf_6nt-2str-noov_sig0_mkv4

Bernoulli model

Note that the Markov order 0 means that there is no dependetayeen successive residues.
The probability of a word is thus simply the prodct of its cese probabilities. This is a
Bernoulli mode] but, by extension of the concepts of Markov chain, it is atee to call it
markov chain of order 0.
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## Markov chain of order 0 = Bernoulli model
oligo-analysis -v 1 -markov O \
-i PHO_up800-noorf.fasta -format fasta \
-l 6 -lth occ_sig 0 -sort \
-2str -return occ,proba,rank \
-0 PHO_up800-noorf_6nt-2str-noov_sigd_mkv0
pattern-assembly -i PHO_up800-noorf_6nt-2str-noov_sig 0_mkvO \
-2str -sc 7 -subst 1 -v 1\
-0 PHO_up800-noorf_6nt-2str-noov_sig0_mkv0.asmb

more PHO_up800-noorf_6nt-2str-noov_sig0_mkv0.asmb

Summary about the Markov chain background models

» The Markov model of order 1 returns AT-rich patterns witk thighest significance, but
the Pho4p high affinity site is described with a good accur@bg medium affinity site
appears as a single word (acgttt) in the isolated patterns.

» Markov order 1 returns less AT-rich motifs. The poly-A (aaa) is however still asso-
ciated with the highest significance, but comes as isolaate m.

» The higher the order of the markov chain, the most stringeatthe conditions. For
small sequence sets, selecting a too high order preventssietecting any pattern. Most
of the patterns are missed with a Markov chain of order 2, agiuen orders don't return
any single significant word.

5.3 Genome-scale pattern discovery

The detection of exceptional words can also be used to deitpradls in large sequence sets,
such as th whole set of upstream sequences for a given ongastigven its complete genome.
We will illustrate this with two examples.

5.3.1 Detection of over-represented words in all the yeast
upstream sequences

retrieve-seq -org Saccharomyces_cerevisiae -type upstre am -all \
-from -1 -to -800 -noorf -0 Saccharomyces_cerevisiae_allu p_800-noorf.fasta.gz

Note that we added the extensi@z to the name of the output file. This suffix is inter-

preted by all thdRSATprograms as an indication to compress the result using tinenamd
gzip

. The result file occupies a much smaller space on your havd.dri

We will now analyze the frequency of all the heptanucleatjdend analyze their level of
over- or under-representation (for this, we use the optiaio_tails ). To estimate ex-
pected frequencies, we will use a Markov model of order 4 (itieer models are left as
exercise).
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oligo-analysis -v 1 -i Saccharomyces_cerevisiae_allup_8 00-noorf.fasta.gz \

-l 7 -2str -noov -return occ,freq,proba,zscore,rank -sort -markov 4 \
-two_tails \
-0 Saccharomyces_cerevisiae_allup_800-noorf_7nt-2str -noov_mkv4.tab

you can now compare the most significant oligonucleotidah tie transcription factor
binding sites annotated in SCPD, the Sacharomyces cererinoter Databashkttp://rulai.cshl.edu/cgi-

5.3.2 Detection of under-represented words in bacterial genomes

Exercise 5.4 Analyze the frequencies of al the hexanucleotides in Emtharcoli K12. One
of them shows a very high degree of under-representationtolipderstand the reason why
this hexanucleotide is avoided in this genome.

Info: the full genome of Escherichia coli K12 can be found inR$&Tgenome directory.

Is $RSAT/data/genomes/Escherichia_coli_K12/genome/co ntigs. txt

This file contains the list of chromosomes of the bacteriahia cxase there is a single
one, but for S.cerevisiae there are 16 nuclear and one mitodhal chromosomes). It can be
idrectly used as input by specifying the formatormat fil el i st.

5.4 dyad-analysis

In the previous chapter, we saw tlwdigo-analysisallows to detect over- and under-represented
motifs in biological sequences, according to a user-sgeciiackground model. Since 1997,
this program has been routinely used to predict cis-actamgents from groups of co-expressed
genes.

However, some motifs escape tidigo-analysis because they do not correspond to an
oligonucleotide, but to a spaced pair of very short oligdeotides flyadg. To address this
problem, we developed another program callgdd-analysis

TO BE WRITTEN

35


http://rulai.cshl.edu/cgi-bin/SCPD/searchmotif

6 String-based pattern matching

In a pattern matching problem, you start from one or severadigfined patterns, and you
match this pattern against a sequence, i.e. you locate @lir@nces of this pattern in the
sequences.

Patterns can be represented as strings (gintdn-pattern or position-weight matrices (with
patsel.

6.1 dna-pattern

dna-patternis a string-based pattern matching program, specializegdarching patterns in
DNA sequences.

* This specialization mainly consists in the ability to sdeon both the direct and reverse
complement strands.

» A single run can either search for a single pattern, or fastaof patterns.

» multi-sequence file formats (fasta, filelist, wc, ig) ar@parted, allowing to match pat-
terns against a list of sequences with a single run of therpmg

 String descriptions can be refined by using the 15-lettéPAIC code for uncompletely
specified nucleotides, or by using regular expressions.

* The program can either return a list of matching positiadefgult behaviour), or the
count of occurrences of each pattern.

» Imperfect matches can be searched by allowing substisititnsertions and deletions
are not supported. The reason is that, when a regulatorp@tents variations, it is
generally in the form of a tolerance for substitution at acdjpeposition, rather than
insertions or deletions. It is thus essential to be ablengjstshing between these types
of imperfect matches.

6.2 Matching a single pattern

We will start by searching all positions of a single pattermisequence set. The sequence is
the set of upstream regions from the PHO genes, that wasieldtai the tutorial on sequence
retrieval. We will search all occurrences of the most covesgticore of the Pho4p medium
affinity binding site CACGTT in this sequence set.

Try the following command:

36



dna-pattern -v 1 -i PHO_ up800.fasta -format fasta \
-1str -p cacgtt -id 'Pho4p_site’

You see a list of positions for all the occurrences of CACGT Thim $equence.
Each row represents one match, and the columns provide ltbeifog information:

pattern identifier

strand

pattern searched
sequence identifier

start position of the match
end position of the match

matched sequence

© N o g » W DD F

matching score

6.3 Matching on both strands

To perform the search on both strands, type:

dna-pattern -v 1 -i PHO _up800.fasta -format fasta \
-2str -p cacgtt -id 'Pho4dp_site’

Notice that the strand column now contains two possibleeslD for “direct” and R for
“reverse complement”.

6.4 Allowing substitutions

To allow one substitutions, type:

dna-pattern -i PHO_up800.fasta -format fasta \
-2str -p cacgtt -id 'Phodp_site’ -subst 1

Notice that the score column now contains 2 values: 1.00ddiept matches, 0.83 (=5/6)
for single substitutions. This si one possible use of th@éescolumn: when substitutions are
allowed, the score indicates the percentage of matchinigotides.

Actually, for regulatory patterns, allowing substitutsonsually returns many false positive,
and this option is usually avoided. We will not use it furtirethe tutorial.
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6.5 Extracting flanking sequences

The matching positions can be extracted along with theikifapnucleotides. Try:

dna-pattern -i PHO_up800.fasta -format fasta \
-2str -p cacgtt \
-id ’'Phodp_site’ -N 4

Notice the change in the matched sequence column: each edaselgquence contains the
pattern CACGTT in uppercase, and 4 lowercase letters on edelftee flanks).

6.6 Changing the origin

When working with upstream sequences, it is convenient t&wath coordinates relative to
the start codon (i.e. the right side of the sequence). Segumatching programs (including
dna-pattern) return the positions relative to the begipfire. the left side) of the sequence.
The reference (coordinate 0) can however be changed withptth@n-origin -~ . In this case,
we retrieved upstream sequences over 800bp. the start c®tlaurs located at position 801.
Try:

dna-pattern -i PHO_up800.fasta -format fasta \
-2str -p cacgtt \
-id  'Phodp_site’ -N 4 -origin 801

Notice the change in coordinates.

In some cases, a sequence file will contain a mixture of semseof different length (for
example if one clipped the sequences to avoid upstreamgaseéuuences). The origin should
thus vary from sequence to sequence. A convenient way toroirent the problem is to use a
negative value with the optioorigin . for example;origin -100 would take as origin
the 100th nucleotide starting from the right of each seqe@mt¢he sequence file. But in our
case we want to take as origin the position immediately #fietast nucleotide. For this, there
is a special conventionorigin -0

dna-pattern -i PHO_up800.fasta -format fasta \
-2str -p cacgtt \
-id ’'Phodp_site’ -N 4 -origin -0

In the current example, since all sequences have exactly8@dgth, the result is identical
to the one obtained witkorigin 801

6.7 Matching degenerate patterns

As we said before, there are two forms of Pho4p binding sites:protein has high affinity
for motifs containing the core CACGTG, but can also bind, withedium affinity, CACGTT
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sites. The IUPAC code for partly specified nucleotides adléavrepresent any combination of
nucleotides by a single letter.

A (Adenine)

C (Cytosine)

G (Guanine)

T (Thymine)

R =AorG (puRines)

Y =CorT (pYrimidines)

W =AorT (Weak hydrogen bonding)

S =GorC (Strong hydrogen bonding)

M =AorC (aMino group at common position)
K =GorT (Keto group at common position)
H =ACorT (not G)

B =G,CorT (not A)

V =G,AC (not T)

D =G,AorT (not C)

N =G,A CorT (aNy)

Thus, we could use the string CAC&Tto represent the Pho4p consensus, and search both

high and medium affinity sites in a single run of the program.
dna-pattern -i PHO_ up800.fasta -format fasta \

-2str -p cacgtk \
-id ’'Phodp_site’ -N 4 -origin -0

6.8 Matching regular expressions

Another way to represent partly specified strings is by usegular expressions. This not
only allows to represent combinations of letters as we davapbut also spacings of variable
width. For example, we could search for tandem repeats ofo2binding sites, separated
by less than 100bp. This can be represented by the folloveigglar expression:

cacgt[gt].{0,100}cacgt[gt]
which means

« cacgt

followed by either g or t [gt]

followed by 0 to 100 unspecified letters .0,100

followed by cacgt

followed by either g or t [gt]

Let us try to use it with dna-pattern
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dna-pattern -i PHO_ up800.fasta -format fasta \
-2str -id 'Pho4p_pair’ \
-N 4 -origin -0 \
-p ’'cacgt[gt].{0,100}cacgt[gt]’

Note that the pattern has to be quoted, to avoid possibleictifetween special characters
used in the regular expression and the unix shell.

6.9 Matching several patterns

TO match a series of patterns, you first need to store thesspain a file. Let create a pattern
file:

cat > test patterns.txt
cacgtg high
cacgtt medium

(then type Citrl-d to close)
check the content of your pattern file.

more test_patterns.txt

There are two lines, each representing a pattern. The fingt wioeach line contains the
pattern, the second word the identifier for that patterns Tblumn can be left blank, in which
case the pattern is used as identifier.

We can now use this file to search all matching positions dfi Ipatiterns in the PHO se-
guences.

dna-pattern -i PHO_up800.fasta -format fasta \
-2str  -N 4 -origin -0 \
-pl test patterns.txt

6.10 Counting pattern matches

In the previous examples, we were interested in matchingipos. It is sometimes interesting
to get a more synthetic information, in the form of a count aftohing positions for each
sequences. Try:

dna-pattern -i PHO_ up800.fasta -format fasta \
-2str  -N 4 -origin -0 -c \
-pl test_patterns.txt

With the option-c , the program returns the number of occurrences of eachrpatteach
sequence. The output format is different: there is one rawetch combination pattern-
sequence. The columns indicate respectively
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sequence identifier
pattern identifier

pattern sequence

R

match count
An even more synthetic result can be obtained with the optibn (count total).

dna-pattern -i PHO_up800.fasta -format fasta -2str \
-pl test patterns.txt -N 4 -origin -0 -ct

This time, only two rows are returned, one per pattern.

6.11 Getting a count table

Another way to display the count information is in the formaafable, where each row repre-
sents a gene and each column a pattern.

dna-pattern -i PHO_up800.fasta -format fasta -2str \
-pl test_patterns.txt -N 4 -origin -0 -table

This representation is very convenient for applying maltiate statistics on the results (e.g.
classifying genes according to the patterns found in thestream sequences)
Last detail: we can add one column and one row for the totalggm®e and per pattern.

dna-pattern -i PHO_up800.fasta -format fasta -2str \
-pl test patterns.txt -N 4 -origin -0 -table -total
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/ Drawing graphs

7.1 feature-map

The programfeature-map draws a graphical map of a list of features. A typical usage of
feature-map is to draw maps with the positions of regulanooyifs detected by pattern match-
ing programs suchina-pattern (string-based matching) @atser (matrix-based matching).

7.1.1 Converting dna-pattern matches into features

We will analyze the same PHO family as in the tutorial on pat@iscovery. We will use
successivelyligo-analysis dna-pattern and convert-featuresto obtain a list of features
with the matching locations of the over-represented hesiaotides.

1. Runoligo-analysisto detect over-represented hexanucleotides in the upssequences
of the PHO genes.

oligo-analysis -i PHO_ up800.fasta -format fasta \
-v -l 6 -2str \
-return occ,proba -lth occ_sig 0 -bg upstream \
-org Saccharomyces_cerevisiae -sort \
-0 PHO_up800_6nt_2str_ncf_sig0

2. Rundna-pattern to locate these patterns in the upstream sequences.

dna-pattern -i PHO_up800.fasta -format fasta \
-pl PHO_up800_6nt_2str_ncf_sig0 -origin -0 \
-0 PHO_up800_6nt 2str_ncf _sig0_matches.tab

3. Runconvert-featuresto convert these pattern matches into features.

convert-features \
-from dnapat -to ft \
-i PHO_up800_6nt_2str_ncf sig0_matches.tab \
-0 PHO_up800_6nt_2str_ncf_sig0_matches.ft

We will now play with this feature file, in order to obtain défient drawings.
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7.1.2 Basic feature maps

feature-map -format jpg \
-i PHO_up800_6nt_2str_ncf_sig0_matches.ft \
-0 PHO_ up800_6nt_2str_ncf_sig0_matches.jpg

You can now open the filBHO _up800_6nt_2str _ncf_sig0_matcheswgilp a web browser
or a drawing application.

This is a very simple representation: each feature is repted as a box. A specific color
is associated to each pattern (feature ID).

7.1.3 Refining the feature map

We will use a few additional options to add information orstf@ature map.

feature-map -format jpg \
-i PHO_up800_6nt_2str_ncf_sig0_matches.ft \
-legend -scalebar -scalestep 50 \
-from -800 -to O -scorethick \

-title 'Over-represented 6nt in PHO upstream sequences’ \
-0 PHO_ up800_6nt_2str _ncf_sig0_matches.jpg

This example illustrates some capabilitiesedhture-map:

A title has been added to the drawing.

A specific height is associated to each box, to reflect theesessociated to the corre-
sponding feature.

The scale bar indicates the location, in base pairs.

A legend indicates the color associated to each pattemeHhss its score.

7.1.4 Map orientation

Feature-maps can be oriented horizontally or verticallye Torizontal orientation is usually
the most convenient, but when labels are attached to eatlirdéedhe vertical orientation
prevents them from expanding over each other.

feature-map -format jpg \
-i PHO_up800_6nt_2str_ncf_sig0_matches.ft \
-legend -scalebar -scalestep 50 \
-from -800 -to O \
-vertical -symbol -label pos \
-title 'Over-represented 6nt in PHO upstream sequences’ \
-0 PHO_up800_6nt_2str_ncf_sig0_matches.jpg

In this representation, labelis written besides each feature box. In additiosyabolhas
been attached to each feature ID (pattern). This symboldwgs the readability of the map,
and is convenient for monochrome printers.
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7.1.5 Export formats

Feature-map can be exported in different formats, speaitdthe option-format

jpg (default) Thejpg format (also callegipeg) is a bitmap format recognized by all the web
browsers and most drawing applications. The jpg standatddes a compression pro-
tocol, so that the resulting images occupy a reasonable spathe hard disk.

png The pngformat is a bitmap format which gives a better color rendgthman jpg. It is
not compressed, and requires more space for storage. ¢tognmzed by most browsers.

ps The postscript(ps) format is a vectorial format, which ensures a high qual@guit on
printing devices. Postscript files can be opened with sgemiplications, depending on
the operating system (ghostview, ghostscript). This faismeecommended for drawing
graphs to be included in publications.

7.1.6 HTML maps

A HTML map can be created, which allows to display dynamictike feature-map in a web
browser. When the users positions the mouse over a featerepthesponding information is
displayed in the status bar.

feature-map -format jpg \
-i PHO_up800_6nt_2str_ncf sig0_matches.ft \
-legend -scalebar -scalestep 50 \
-from -800 -to O \
-scorethick  -dots \

-title "Over-represented 6nt in PHO upstream sequences’ \
-0 PHO_ up800_6nt_2str_ncf_sig0_matches.jpg \
-htmap > PHO_up800_6nt_2str_ncf sig0_matches.html

Notice that we used the optiedot to attach a colored filled circle to each feature box.

Openthe fillPHO _up800_6nt_2str_ncf _sig0_matches.htth a web browser (e.g. Netscape,
Mozilla, Safari). Position the mouse cursor over a featerthér the box or the filled circle
attached to it), and look the status bar at the bottom of thev&er window.

7.1.7 Other options

The progranfeature-map includes a few other options.

feature-map -help
A complete description of their functionality is providedthe help pages.

feature-map -h
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7.1.8 Feature converters

In the previous tutorial, we used the prograonvert-featuresto convert matches frorna-
pattern to features.

RSATIincludes a few additional converters (these are oldereessiand their functionalities
will progressively be incorporated iconvert-features).

features-from-dssp extracts features from the output file @$sp(secondary structures)
features-from-fugue extracts features from the output file folgue

features-from-gibbs  extracts features from thggbbs motif sampler, developed by Andrew
Neuwald.

features-from-matins  extracts features from the resultrmatinspector, developed in Thomas
Werner's team.

features-from-msf converts a multiple alignment file from formatsf for features.

features-from-patser extracts features from the result of the matrix-based patteatch-
ing patser, developed by Jerry Hertz.

features-from-sigscan  extracts features from the results of $igscanprogram.
features-from-swissprot  extracts features from &wissprotfile.

If you need to draw features from any other type of progranpait,tit is quite simple to
write your own converter. The feature-map input is a talroiedd text file, with one row per
feature, and one column per attribute.

1. map label (eg gene name)

feature type

feature identifier (ex: GATAbox, Abfl_site)
strand (D for Direct, R for Reverse),
feature start position

feature end position

(optional) description

© N o o b w DN

(optional) score

7.2 XYgraph

The programXYgraph is a simple utility which plots graphs from a series of (x,gpadi-
nates.
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7.2.1 Exercise: drawing features from patser

In the section on pattern-matching, we scanned all yeastagys sequences with the PHO
matrix and stored the result in a filBKIO_matrix_matches_allup.txt ).
With the programdeatures-from-patseandfeature-mapdraw a map of the sites found in

this analysis.
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8 Markov models

Markov models allow to represent local dependencies betseecessive residues. A Markov
model of ordem assumes that the probability to find the residwa positioni of a sequence
depends on thm preceding residues.

8.0.2 Transition frequency tables

Markov models are described by transition frequen&ieR|Wy,), i.e. the probability to os-
berve residu® at a certain position, depending on the preceding Wgxf sizem.

8.0.3 Oligonucleotide frequency tables

RSATallows to derive organism-specific Markov models from ofigoleotide frequency ta-
bles.

Pre-calibrated oligonucleotide frequency tables areestam the form of oligonucleotide
frequency tables (see chapter on pattern discovery).

The calibration tables foEscherichia coli K1Zan be found in th&SATdirectoryoligo-
frequencies

cd $RSAT/data/genomes/Escherichia\_coli\_K12/oligo-f requencies
Is -Itr

For example, the fil&nt_upstream-noorf_Escherichia_coli_K12-1str.freqrgdicates the
tetranucleotide frequencies for all the upstream seqseoide. coli.

cd $RSAT/data/genomes/Escherichia_coli_K12/oligo-fre guencies/

## Have a look at the content of the 4nt frequency file
gunzip -c 4nt_upstream-noorf_Escherichia_coli_K12-1st r.freq.gz | more

8.0.4 Converting oligonucleotide frequencies into transition
frequencies

Transition frequencies are automatically derived fromtélide of oligonucleotide frequencies,
but one should take care of the fact that, in order to estirtegt@ransition frequencies for a
Markov model of ordem, we need to use the frequency tables for oligonucleotideszef
m+-1.

We can illustrate this by converting the table of dinucldetfrequencies into a transition
matrix of first order. For this, we can use the progremnvert-background-model
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convert-background-model \
-i 2nt_upstream-noorf_Escherichia_coli_K12-1str.freq gz \
-from oligo-analysis -to tab

The output displays the transition matrix of a Markov modeber 1. Each row of the
transition matrix indicates the prefi¥,, and each column the suffix For a Markov model
of order 1, the prefixes are single residues.

We can now calculate a Markov model of 2nd order, from theetabtrinucleotide frequen-
cies.

convert-background-model \
-i 3nt_upstream-noorf_Escherichia_coli_K12-1str.freq gz \
-from oligo-analysis -to tab

The transition matrix contains 16 rows (prefixes, corresijoy to dinucleotides) and 4
columns (the suffixes, corresponding to nucleotides).
The same operation can be extended to higher order markoglsod

8.0.5 Bernoulli models

In contrast with Markov model, Bernoulli models assume that tesidue probabilities are
independent from the position. By extension of the conceptarkov order, Bernoulli models
can be conceived as a Markov model of order 0. We can thusedeBernoulli modelrh= 0)
from the nucleotide frequencies- 1= 1).

convert-background-model \
-i 1nt_upstream-noorf_Escherichia_coli_K12-1str.freq gz \
-from oligo-analysis -to tab

The suffix column is now empty (there is no suffix, since theeorid 0), and the matrix
simply displays 4 columns with the frequenciesfofC, GandT.
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9 Matrix-based Pattern discovery

RSATdoes not (yet) contain programs for matrix-based pattesoosiery. However, several
excellent programs exist for matrix-based pattern disggwand it is often useful to combine
various approaches in order to compare the results and $sleéemost consistent ones. We
show hereafter some examples of utilization for some ofelpgegrams:

» consensusa greedy approach of pattern discovery, developed by Besz.

9.1 consensus (program developed by Jerry Hertz)

An alternative approach for matrix-based pattern disgoMsronsensuysa program written by
Jerry hertz, an based on a greedy algorithm. We will see haxtract a profile matrix from
upstream regions of the PHO genes.

9.1.1 Getting help

As for RSAT programs, there are two ways to get help from Jesst#iproigrams: a detailed
manual can be obtained with the optidn, and a summary of options withelp . Try these
options and read the manual.

consensus -h
consensus -help

9.1.2 Sequence conversion

consensusses a custom sequence format. Fortunately, the RSAT packatens a sequence
conversion programcpnvert-sefjwhich supports Jerry Hertz’' format. We will thus start by
converting the fasta sequences in this format.

convert-seq -i PHO_up800-noorf.fasta -from fasta -to wc -o PHO_up800-noorf.wc

9.1.3 Running consensus

Using consensus requires to choose the appropriate vatug $eries of parameters. We
found the following combination of parameters quite efiitir discovering patterns in yeast
upstream sequences.
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consensus -L 10 -f PHO_up800-noorf.wc -A a:it c:g -c2 -N 10
The main options used above are

-L 10 we guess that the pattern has a length of about 10 bp;

-N 10 we expect about 10 occurrences in the sequence set. Simeatké genes in the fam-
ily, this means that we expect on average 2 regulatory séeggne, which is generally
a good guess for yeast.

-c2 indicatesconsensushat the motif can be searched on both strands.

-A a:t c:g specifies the alphabet. Indeednsensusan be used to extract motif from DNA
sequences, proteins, or a text based on an arbitrary alphalbleus tutorial we are only
interested in DNA sequences, we wpecify thkAsa:t c:g  (the semicolons indicate
the complementary residues).

By default, several matrices are returned. Each matrix levi@d by the alignment of the
sites on which it is based. Note that the 4 matrices are higintylar, basically they are all
made of several occurrences of the high afinity §i8CGTGand matrices 1 and 3 contain
one occurrence of the medium affinity SE&CGTT These matrices are thus redundant, and
it is generally appropriate to select the first one of theftisfurther analysis, because it is the
most significant matrix found by the program.

Also notice that these matrices are not made of exactly #8 sihich.consensuss able to
adapt the number of sites in the alignment in order to getitiegst information content. The
option-N 10 was an indication rather than a rigid requirement.

We can use the optionpt 1 and-pf 1 to restrict the result to a single matrix (the most
significant one). To save the result in a file, we can use théeyfgreater than” £) which
redirects the output of a program to a file.

consensus -L 10 -f PHO_up800-noorf.wc -A a:it c:g -c2 -N 10 -pf 1 -pt 1)\
> PHO_consensus_L10 _N10_c2.matrix

(this may take a few minutes)
Once the task is achieved, check the result.

more PHO_consensus_L10_N10_c2.matrix

9.2 Random expectation

random-seq -format wc -r 10 -I 800 -bg upstream-noorf \
-org Saccharomyces_cerevisiae -0l 6 -lw 0 -0 rand_Sc_0l6_n 10_1800.wc

consensus -L 10 -f rand_Sc_ol6_n10 _I800.wc -A a:it c:g -c2 -N 10 -pf 1 -pt 1\
> rand_Sc_ol6 n10 1800 _L10 N10_c2.matrix
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10 Matrix-based pattern matching

10.1 Prerequisite

This tutorial assumes that you already followed the tutaraviatrix-based pattern discovery
To check this, list the files contained in directory with tlesults of your tutorial.

cd ${HOME}/practical_rsat
Is -1

You should find the following files.

PHO_up800-noorf.fasta
PHO_up800-noorf.wc
PHO_consensus_L10 N10_c2.matrix

10.2 patser (program developed by by Jerry Hertz)

We will now see how to match a profile matrix against a sequsatéd-or this, we uspatser
a program written by Jerry Hertz.

10.2.1 Getting help

help can be obtained with the two usual options.

patser -h
patser -help

10.2.2 Extracting the matrix from the consensus result file

Patser requires two input data:
» a sequence file (optioth ),

* a position-specific scoring matrix (optiem), like the one we obtained in the previ-
ouschapter, witltonsensus
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The output fromconsensusan however not be used directly because it contains addlitio
information (the parameters of analysis, the sequenceatstadauild the matrix, ...) besides
the matrix itself. One possibility is to cut the matrix ofénést and save it in a separate file.

To avoid manual editing, RSAT contains a prograomvert-matrix which automaticaly
extracts a matrix from various file formats, including camsss.

convert-matrix -in_format consensus -i PHO_consensus_L1 0_N10_c2.matrix \
-return counts -o PHO_consensus_L10 N10_c2_ matrix.tab

more PHO_consensus_L10 N10 c2_ matrix.tab

10.2.3 Getting information about a matrix

The prograntonvert-matrixncludes several output options, which allow you to get tioal
information about your matrix. For example you can obtaandkegenerate consensus from a
matrix with the following options.

convert-matrix -v 1 -pseudo 1 -in_format consensus -i PHO c¢ onsensus_L10_N10_c2.matrix \

-return consensus

convert-matrix -v 1 -pseudo 1 -in_format consensus -i PHO ¢ onsensus_L10 N10_c2.matrix \
-return parameters

The programconvert-matrix also allows to derive frequencies, weights or information
from the count matrix.

convert-matrix -v 1 -pseudo 1 -in_format consensus -i PHO c¢ onsensus_L10 N10_c2.matrix \
-return frequencies,weights,information

Additional information can be otbained with the on-linefh&r convert-matrix

convert-matrix -h

10.2.4 Detecting Pho4p sites in the PHO genes

After having extracted the matrix, we can match it againstRMO sequences to detect puta-
tive regulatory sites.

patser -m PHO_consensus_L10 N10 c2 matrix.tab -f PHO_up 800-noorf.wc -A ait cig -c -Is 9

By default, patser uses equiprobable residue frequencseter, we can impose our own
priors in the following way.

patser -m PHO_consensus_L10 N10 _c2 matrix.tab -f PHO_up 800-noorf.wc -A a:it 0.325 c:g 0.175
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We an also adapt our expected frequencies from pre-caibrg¢énome frequencies, for
example, residue frequencies from all the yeast upstregomesees.

## Calculate prior frequencies

convert-background-model -from oligo-analysis -to patse r  -i /no_backup/rsa-tools/data/genomes
more 1nt_upstream-noorf_Saccharomyces_cerevisiae-noo v-2str_patser.tab
patser -m PHO_consensus_L10 N10 c2_matrix.tab -f PHO_up 800-noorf.wc -a 1nt_upstream-noorf_Sacc

10.2.5 Detecting Pho4p sites in all upstream regions

We will now match the PHO matrix against the whole set of igzstr regions from the: 6000
yeast genes. This should allow us to detect new genes patgmégulated by Pho4p.

One possibility would be to usetrieve-sego extract all yeast upstream regions, and save
the result in a file, which will then be used as inputgatser Alternatively, in order to avoid
occupying too much space on the disk, we can combine botk tasksingle command, and
immediately redirect the output oétrieve-seaas input forpatser This can be done with the
pipe characteff as below.

patserresult can be redirected to a file with the unix “greater th@sn) symbol. We will
store the result of the genome-scale search in f#l® matrix_matches_allup.txt

retrieve-seq -type upstream -from -1 -to -800 \
-org Saccharomyces_cerevisiae \
-all -format wc -label id,name \

| patser -m PHO_consensus_L10 N10 c2 matrix.tab -Is 9 -A a tcg )\
> PHO_consensus_L10 _N10_c2 matrix.tab_matches_allup. txt
more PHO_consensus _L10 N10_c2 matrix.tab_matches_all up.txt

10.2.6 Interpretation of the P-value returned by  patser

The progranpatser returns a column with the P-value of each mach. The P-valdieates
the probability of false-positive, i.e. the probability ¢onsider a site as an instance of the
motif whereas it is not.

In other terms, the P-value represents the probability seole a scoreX) at least as high
as that of the current sequence segment (1)

Pval=P(X > X it+w-1|B)
where

X is arandom variable representing the matrix score,

Xii+w—1 IS the score assigned to the sequence segment of widtiarting at position of the
sequence,
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B is the background model.

We will evaluate the reliability of this P-value by analygithe distribution of estimated
P-value for all the positions of a random sequence. By defpatser only calculates the P-
value for the weight scores > 0. We will add the optidh -999 to force patser to calculate
P-values for all the score.

The raw results from patser will be processed in the fillowiray:

1. features-from-patserconverts the patser result into a tab-delimited file;

2. awk is used to cut the'8column of this file, and convert the P-value into a signifi@nc
(sig=-log10(Pval))

3. classfreqcalculates the distribution of In(P-value);

4. XYgraph is used to draw an XY plot, representinf the theoretical Rrevan the X axis,
and on the Y axis the frequency observed for this P-valueamahdom sequence.

random-seq -l 100000 -format wc \

| patser -A ait c:g -m PHO_consensus_L10 _N10_c2_matrix.ta b-b1l-dl -p-M -999 \
| features-from-patser \
| XYgraph -xcol 8 -ycol 9 -0 PHO_ consensus_L10 N10 c2 rand _score_versus_Pval.png

random-seq -l 100000 -format wc \
| patser -A ait c:g -m PHO_consensus_L10 N10_c2_matrix.ta b-b1-dl -p-M-999 \
| features-from-patser \
| awk -F \t' {print -$9/log(10)}' \
| classfreq -v -ci 0.01 -0 PHO_consensus L10 N10 c2 rand_ sig_distrib.tab

more PHO_consensus_L10_N10 c2_rand_sig_distrib.tab

XYgraph -i PHO consensus_L10 N10 _c2_rand_sig_distrib. tab \
-titlel 'Validation of P-values returned by patser \
-title2 ’Distribution of these P-values in random sequence s\
-xcol 1 -ycol 9 -xlegl 'theoretical sig=-log10(P-value)’ - ymax 1 \

-ylegl ’inverse cumulative frequency’ -ylog 10 \
-xsize 800 -format png -lines \
-0 PHO_consensus_L10_N10_c2_rand_sig_distrib.png

The image file can be opened with any graphical display agipdic (e.g. xv), or with a
web browser (e.gMozilla).

The distribution almost perfectly follows a diagonal, icating that the theoretical P-value
calculated bypatser corresponds to the empirical one.

However, we should bear in mind that this P-value is basedherbasis of a Bernoulli
model, i.e. it assumes that successive residues are indiepeinom each other.

The previous test was based on th simplest possible modegkefograting the random se-
guence: equiprobable and independent nucleotides. Wehaansonder if the P-value will
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still be valid with random sequences generated followingaaarcomplex model. We will
successively test two models:

* random sequences generated according to a Bernoulli meitlelunequal residue fre-
guencies;

» random sequences generated according to a higher-ord&oWiaodel.

Bernoulli model with unequal frequencies

## Generate a bg model for patser

convert-background-model -from oligo-analysis -to patse r\
- $RSAT/data/genomes/Saccharomyces_cerevisiae/oligo -frequencies/1nt_upstream-noorf_Saccharon
-0 1nt_upstream-noorf_Saccharomyces_cerevisiae-1str_ freq.tab

## Generate a random sequence with a Bernouli model

## and analyze it with patser using the same expected residue frequencies
random-seq -I 100000 -format wc -bg upstream-noorf -ol 1 -or g Saccharomyces_cerevisiae \
| patser -a 1nt_upstream-noorf _Saccharomyces_cerevisia e-1str_freq.tab \
-m PHO_consensus_L10 N10 c2 matrix.tab -b 1 -d1 -p -M -999 \

| features-from-patser \
| awk -F \t' {print -$9/log(10)}' \

| classfreq -v -ci 0.01 -0 PHO_consensus L10 N10 c2 rand_ MkvO_sig_distrib.tab
XYgraph -i PHO_consensus_L10 N10_c2 rand_MkvO_sig_dis trib.tab \

-titlel 'Validation of P-values returned by patser’ \

-title2 ’Distribution of these P-values in random sequence s’ \

-xcol 1 -ycol 9 -xlegl 'theoretical sig=-log10(P-value)’ - ymax 1 \

-ylegl ’inverse cumulative frequency’ -ylog 10 \
-xsize 800 -format png -lines \
-0 PHO_consensus_L10_N10_c2_rand_MkvO_sig_distrib.pn g

Markov model of order 1

random-seq -l 100000 -format wc -bg upstream-noorf -ol 2 -or g Saccharomyces_cerevisiae \
| patser -a 1nt_upstream-noorf _Saccharomyces_cerevisia e-1str_freq.tab \
-m PHO_consensus L10 N10 c2 matrix.tab -b 1 -d1 -p -M -999 \

| features-from-patser \
| awk -F \t' {print -$9/log(10)}' \

| classfreq -v -ci 0.01 -0 PHO_consensus L10 N10 c2 rand_ Mkv1_sig_distrib.tab
XYgraph -i PHO consensus L10 N10 c2 rand_Mkv1l_sig_dis trib.tab \

-titlel 'Validation of P-values returned by patser \

-title2 ’Distribution of these P-values in random sequence s\

-xcol 1 -ycol 9 -xlegl 'theoretical sig=-log10(P-value)’ - ymax 1 \

-ylegl ’inverse cumulative frequency’ -ylog 10 \
-xsize 800 -format png -lines \
-0 PHO_consensus_L10_N10_c2_rand_Mkv1_sig_distrib.pn g
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Markov model of order 5

random-seq -l 100000 -format wc -bg upstream-noorf -ol 6 -or g Saccharomyces_cerevisiae \
| patser -a 1nt_upstream-noorf_Saccharomyces_cerevisia e-1str_freq.tab \
-m PHO_consensus L10 N10 c2 matrix.tab -b 1 -d1 -p -M -999 \

| features-from-patser \
| awk -F \t' {print -$9/log(10)}' \

| classfreq -v -ci 0.01 -0 PHO_consensus 110 N10 c2 rand_ Mkv5_sig_distrib.tab
XYgraph -i PHO_consensus_L10 N10_c2_rand_Mkv5_sig_dis trib.tab \

-titlel 'Validation of P-values returned by patser \

-title2 ’Distribution of these P-values in random sequence s\

-xcol 1 -ycol 9 -xlegl ’theoretical sig=-log1l0(P-value)’ - ymax 1 \

-ylegl ’inverse cumulative frequency’ -ylog 10 \
-xsize 800 -format png -lines \
-0 PHO_consensus_L10 N10 _c2 rand_Mkv5_sig_distrib.pn g

10.2.7 Score distributions in promoter sequences

retrieve-seq -all -noorf -org Saccharomyces_cerevisiae - format wc \
| patser -a 1nt_upstream-noorf_Saccharomyces_cerevisia e-1str_freq.tab \
-m PHO_consensus_L10 _N10 c2 matrix.tab -b 1 -d1 -p -M -999 \

| features-from-patser \
| awk -F \t' {print -$9/log(10)}' \

| classfreq -v -ci 0.01 -0 PHO_consensus L10 N10 c2_allup _sig_distrib.tab
XYgraph -i PHO_consensus_L10 N10_c2_allup_sig_distrib tab \

-titlel 'Validation of P-values returned by patser’ \

-title2 ’Distribution of these P-values in random sequence s\

-xcol 1 -ycol 9 -xlegl 'theoretical sig=-log10(P-value)’ - ymax 1 \

-ylegl ’inverse cumulative frequency’ -ylog 10 \
-xsize 800 -format png -lines \
-0 PHO_consensus_L10_N10_c2_allup_sig_distrib.png

10.3 Scanning sequences with  matrix-scan

The programmatrix-scan allows to scan sequences with a position-specific scoringgixna
(PSSM), in the same way as patser. However, it presents somegtiffes:

1. matrix-scan is much slower thapatser, because it is a perl script (whergaatser is
compiled). However, for most tasks, we can affor dto spenelarhinuts per genome
rather than a few seconds.

2. matrix-scan supports higher-order Markov chain models, wherpaters only sup-
ports Bernoulli models. The markov models can be defined frdferent sequence
sets: external sequences, input sequences, or even |¢adhyptive background mod-
els).
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3. matrix-scan calculates the P-value associated to each match for Belinooillels as
well as higher-order Markov chain models.

10.3.1 Bernoulli background models

In matrix-scan, the background model can be calculated from the sequeodesgcanned.
We use the option -bginput in association with -markov 0 fowdate a Bernoulli model from
the input sequences. The option -return bg_model disptatisei output details on the calcu-
lated background model.

matrix-scan -m PHO_consensus_L10 N10 c2_ matrix.tab \
-i PHO_up800-noorf.wc -seq_format wc -bginput -markov 0 \
-lth score O -return sites,limits,bg_model \
-origin -0 \
-0 PHO_consensus_L10 _N10_c2_matches_mkvO.tab

feature-map -i PHO consensus_L10 N10 c2_ matches_mkvO. tab \
-format png -legend -scalebar -scalestep 50 -scorethick \
-0 PHO_consensus_L10 _N10_c2_matches_mkv0.png

10.3.2 Higher order (Markov) background models
Global background models

To use pre-calibrated background model, we use -bgfile eptiBuch models are available
from within RSAT (refer to Chapter 8 - Markov models for moreadls)). As input formatrix-
scan, we use the models trained wittigo-analysiswith the options "ovlp" and "1str".

matrix-scan -m PHO_consensus_L10 N10 c2 matrix.tab \
-i PHO_up800-noorf.wc -seq_format wc \
-bgfile ${RSAT}/data/genomes/Saccharomyces_cerevisia e/oligo-frequencies/2nt_upstream-noorf_Sa
-lth score 0 -return sites,limits,normw\
-origin -0 \
-0 PHO_consensus_L10 N10_c2_matches_mkvl.tab

feature-map -i PHO_consensus_L10 N10_c2_matches_mkvl. tab \

-format png -legend -scalebar -scalestep 50 -scorethick \
-0 PHO_consensus_L10 N10 _c2_matches_mkvl.png

In this command, we have used Markov model of order 1, andditiad to the weight, the
output displays the normalised weight.

Adaptive Markov models

Adaptative background models are calculated in slidingdewms centered on the scored seg-
ment. We use option -window to define the size of the windowoimlsination with -markov
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for the Markov order. The return field bg_residues returesftbquencies of the residues in
each background model and can be used to estimate the GQitiortee surroundings of the
scored segment.

matrix-scan -m PHO_consensus_L10 N10_c2 matrix.tab \
-i PHO_up800-noorf.wc -seq_format wc -window 200 -markov 2 \
-Ith score O -return sites,limits,bg_residues\
-origin -0 \
-0 PHO_consensus_L10 N10 c2 matches_mkv2.tab

feature-map -i PHO_consensus_L10 N10 c2 matches_mkv2. tab \
-format png -legend -scalebar -scalestep 50 -scorethick \
-0 PHO_consensus_L10_N10_c2_matches_mkv2.png

10.3.3 P-values

One of thematrix-scan innovative features is the estimation of P-values for eaeltch)
including for higher-order Markov chain background mode{see below "Computing the
theoretical score distribution of a PSSM" for more detaiistloe calculation). For use with
adaptative Markov models, it is necessary to provide a bimleson the score to limit comput-
ing time. With the rank return field, the matches are sorteddxmyreasing significativity, and
we select only the 3 top scoring matches for each sequences.

matrix-scan -m PHO_consensus_L10 N10 c2 matrix.tab \
-i PHO_up800-noorf.wc -seq_format wc -window 200 -markov 1 \
-Ith score 0 -return sites,limits,pval,rank -uth rank 3\
-origin -0 \
-0 PHO_consensus L10 N10 c2_ matches _mkvl pval.tab

feature-map -i PHO_consensus_L10 N10_c2_matches_mkvl_ pval.tab \
-format png -legend -scalebar -scalestep 50 -scorethick \
-0 PHO_consensus_L10 N10 c2 matches _mkvl pval.png

With non-adpatative background models, it is possible kecs@ threshold on the P-value.

matrix-scan -m PHO_consensus L10 N10 c2_ matrix.tab \
-i PHO_up800-noorf.wc -seq_format wc -bginput -markov 0 \
-uth pval 0.0001 -return sites,limits,pval \
-origin -0 \
-0 PHO_consensus_L10 N10_c2_matches_mkvO_pval.tab

feature-map -i PHO_consensus_L10 N10 c2_matches_mkvO0. tab \

-format png -legend -scalebar -scalestep 50 -scorethick \
-0 PHO_consensus_L10 _N10_c2_matches _mkv0_pval.png
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10.3.4 Observed distribution of scores and site enrichment
Distribution of scores

matrix-scan can return the observed distribution of scores insteadalf ealividual matches.

matrix-scan -m PHO_consensus_L10 N10_c2_matrix.tab \

-i PHO_up800-noorf.wc -seq_format wc -bginput -markov 0 \
-return distrib \

-0 PHO_consensus _L10 N210_c2_distrib_mkv0.tab

We can now draw an XY plot of this distribution.

## Draw the theoretical distribution
XYgraph -i PHO_consensus_L10_N10_c2_distrib_mkv0.tab \
-xcol 2 -ycol 3\
-titlel 'PHO matrix’ \
-title2 'Observed distribution of weight scores (Bernoull i model)’ \
-ymin 0 -ylegl 'Probability’ \
-xsize 800 -xlegl 'Weight score’ \
-format png -lines -legend \
-0 PHO_consensus_L10 _N10_c2_distrib_mkv0.png

Enrichment in sites

A typical use of the distribution of scores is to compare thmhber of occurences of a given
match in the input sequence to the expected number of oamsen the background model.
A Binomial test is run for each possible weight and a P-valuetisrned. This P-value repre-
sents the probability to observe at least the observed nuailmeatches with a given weight
by chance in a sequence of the same length as the input sequiethe difference between the
observed and expected occurences is significant, the nsatétiethe given weight are consid-
ered as true positives. This approach estimates the opsrgentation of matches in the input
sequences and can be used to retrieve significant matches drashe over-representation of
these matches in the input sequence. In the following cordprasults are sorted by decreas-
ing significativity on the overrepresentation of the giveores.

matrix-scan -m PHO_consensus_L10 N10 c2 matrix.tab \

-i PHO_up800-noorf.wc -seq_format wc -bginput -markov 0 \
-return occ_proba -lth occ_sig 0 -sort_distrib\

-0 PHO_consensus _L10 N10 c2 occ_proba_mkvO0.tab

XYgraph -i PHO _consensus_L10 N10_c2_occ_proba _mkv0.ta b\
-xcol 2 -ycol 11 \
-titlel 'PHO matrix’ \
-title2 'Site enrichment (Bernoulli model)’ \
-ymin 0 -ylegl 'Over-representation significativity’ \
-xsize 800 -xlegl 'Weight score’ \
-format png -lines -legend \
-0 PHO_consensus_L10 N210_c2_occ_proba_mkv0.png
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10.3.5 Scanning sequences with multiple matrices

matrix-scan can scan sequences with multiple motifs at a time. There avay3 to pro-
vide several matrices : (i) by calling repeatedly -m optipn,by providing a file containing
multiple sequences, (iii) bu using -mlist option to provalkst of matrices filenames.

We will now work with the motifs describing the binding siteEMet31p and Met4p tran-
scription factors that are involved in the regulation of hehine metabolism in the yeast
Saccharomyces cerevisif@@onze et al, 2005).

First, we will retrieve the promoter sequences of the meihie-responding genes of the
following list with retrieve-seq(refer to the Chapter Retrieve sequences if necessary).

MET8
MET32
MET18
MET30
MET28
MET6
MET10
MET13
MET3
ECM17
MET14
MET1
MET17
VPS33
MET2
ZWF1
MET4
MET22
MET7
MET31
MET12
MET16

The sequences should be in a file narWV#€T _up800-noorf.fasta
Copy the following matrices describing the MET motifs in a ikkmedVMET_matrices.tab

; MET4 matrix, from Gonze et al. (2005). Bioinformatics 21, 3 490-500.
Al 7 9 0 0 16 0 1 0 o011 6 9 6 1 8

c| 5 1 4 16 0 15 0 O O 3 5 5 0 2 o0

G| 4 4 1 0 0 015 O0 16 0 3 0 0 2 o0

T|] 0 2 11 o0 O 1 0 16 O 2 2 2 10 11 8

I

MET31 matrix, from Gonze et al. (2005). Bioinformatics 21, 3490-500.
| 3 6 9 6 14 18 16 18 2 0 O 0 1 3

|

|

00>

8
8 3 3 2 3 0 1 0 13 2 0 1 0 3 6
4 3 4 8 0O O 1 0 2 0 17 1 17 11 1
3 6 2 2 3

| 1 0 0 O 1 16 1 16 O 1
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Individual matches

We can search for individual matches with the 2 matriced) wihreshold on the P-value. This
threshold is particularly important when dealing with nplé matrices. Indeed, matrices may
be very different in terms of size or information contenadang to very different score ranges.
Putting a threshold on the score may thus return many falsgéiyepredictions for one of the
matrices. By putting a threshold on the P-value, the threslotoherent for all matrices
and results are not biased by the differences in weight sangere we only report the 3 top
scoring sites for each matrix in each sequences with themptank _pm.

matrix-scan -m MET_matrices.tab -consensus_name \
-i MET_up800-noorf.fasta -bginput -markov O\
-return sites,pval,rank,limits -uth pval 1e-04 -uth rank_ pm 3\
-origin -0 \
-0 MET _3topsites_matches_mkv0.tab

feature-map -i MET_3topsites_matches_mkv0.tab \
-format png -legend -scalebar -scalestep 50 -scorethick \
-0 MET_3topsites_matches_mkv0.png

Sites enrichment

It is also possible to detect the most significant matchesegerds to their enrichment in the
input sequence, compared to the background. For each miuei2 most significant scores
are returned by using the threshold -uth occ_sig_rank 2.

matrix-scan -m MET_matrices.tab -consensus_name \
-i MET_up800-noorf.fasta -bginput -markov O\

-return occ_proba -uth occ_sig_rank 2 -sort_distrib\
-0 MET_2topscores_occ_mkv0.tab

10.3.6 Detecting Cis-Regulatory element Enriched Regions
(CRER)

An extension of the concept of enrichement of sites in thaitiiggquence is the detecttion
of CRER, which are local over-representation of matches. Thielenent is calculated in
windows of variable sizes, which may be overlapping. Thiscapt is to be related to the
search of homo- and hetero-typic modules, also known as CRMRE&gisilatory Modules).
The rationale is that matches that are located in a regiotagsong multiple predictions are
more likely to be binding sites.

Two options are required for CRER search : a threshold on Reahd a maximum size
for the CRER (typically between 150 and 300 bp).
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matrix-scan -m MET_matrices.tab -consensus_name \

-i MET_up800-noorf.fasta \

-bgfile ${RSAT}/data/genomes/Saccharomyces_cerevisia e/oligo-frequencies/2nt_upstream-
noorf_Saccharomyces_cerevisiae-ovip-1str.freq.gz \
-uth pval 0.0001 -origin 0 -decimals 1 \

-return crer,normw,rank \

-uth crer_size 200 \
-0 MET_crer_mkvl.tab

feature-map -i MET_crer_mkvl.tab \
-format png -legend -scalebar -scalestep 50 -scorethick \
-0 MET _crer_mkvl.png

To view individual site matches over CRERS, we use -return,siies The result file is
only intended for display witlfeature-map since the columns for sites and crer return types
are differents.

matrix-scan -m MET_matrices.tab -consensus_nhame \
-i MET_up800-noorf.fasta \
-bgfile ${RSAT}/data/genomes/Saccharomyces_cerevisia eloligo-frequencies/2nt_upstream-noorf_Sa
-uth pval 0.0001 -origin O -decimals 1 \
-return crer,sites,limits \
-uth crer_size 200 \
-0 MET _crer_sites_mkv1l.tab

feature-map -i MET_crer_sites_mkvl.tab \
-format png -legend -scalebar -scorethick -symbol \
-0 MET_crer_sites_mkv1l.png

10.4 Computing the theoretical score distribution of a
PSSM

The programmatrix-distrib returns the probability to observe a given score, on theshsi
the theoretical model proposed by Staden (1989). For BeiidMarkov order 0) background
models, the distribution of scores is computed with the r@lgam described by Bailey (Bioin-
formatics, 1999). For Markov background models with higbketers, we have extended this
algorithm to take into account the dependencies betwe&tues

## Calculat the theoretical distribution of a PSSM

matrix-distrib  -v 1 -matrix_format consensus \

-m PHO_consensus_L10 _N10_c2.matrix \
-decimals 2 \
-bgfile ${RSAT}/data/genomes/Saccharomyces_cerevisia eloligo-frequencies/2nt_upstream-noorf_Sac
-0 PHO_consensus _L10 N10 c2_ distrib_theor.tab
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Note that we restricted here the precision to 2 decimalsdddfor computational reasons,
the computing time increases exponentially with the nunolbdecimals. You can experiment
this by changing the number of decimals, and you will seetti@tomputation time increases
drastically above 3 decimals.

In any case, for most practical applications, 2 decimalsraree than enough for the detec-
tion of matches with matrices (the first decimal would evesiiécient).

We can now draw an XY plot of this distribution.

## Draw the theoretical distribution
XYgraph -i PHO_consensus_L10 N10_c2_distrib_theor.tab \
-xcol 1 -ycol 2 \
-titlel 'PHO matrix’ \
-title2 'Theoretical distribution of weight scores’ \
-ymin 0 -ylegl 'Probability’ \
-xsize 800 -xlegl 'Weight score’ \
-format png -lines -legend \
-0 PHO_consensus_L10 N10_c2_theor_distrib.png

The raw distribution is not very informative. A more integpable information will be pro-
vided by the inverse cumulative distribution, which inde&s for each score, the probability
to observe by chance a site with at least that score. Thigldisbn can be considered as an
estimation of the P-value, i.e. the risk of error if we comsids significant a site with a given
score.

## Draw the theoretical distribution
XYgraph -i PHO consensus L10 N10_c2_distrib_theor.tab \
-xcol 1 -ycol 2,4 \
-tittel 'PHO matrix’ \
-title2 'Theoretical distribution of weight scores’ \
-ymin 0 -ymax 1 -ylegl 'Probability’ \
-xsize 800 -xlegl 'Weight score’ \
-format png -lines -legend \
-0 PHO_consensus_L10_N10_c2_Pval_distrib.png

As expected, the distribution of P-value rapidly decreag#sincreasing values of scores.
for the purpose of deteecting binding sites, the most ititgypart of this distribution is the
right tail, corresponding to high values of weight scorese Wbuld like to display this tail
with a higher detail, in order to distinguish the low P-vaué convenient way to do this is to
use a logarithmic scale for the Y axis.

## Draw the theoretical distribution
XYgraph -i PHO_consensus_L10 N10_c2_distrib_theor.tab \
-xcol 1 -ycol 2,4 \
-tittel 'PHO matrix’ \
-title2 'Theoretical distribution of weight scores’ \
-ymin 0 -ymax 1 -ylog -ylegl ’'Probability’ \
-xsize 800 -xlegl 'Weight score’ \
-format png -lines -legend \
-0 PHO_consensus_L10_N10_c2_Pval_distrib_Ylog.png

63



10.4.1 Estimating the quality of a PSSM

The programmatrix-quality can be used to estimate the quality of a position-specifigrsgo
matrix, by comparing the distribution of scores observed positive set (typically, the known
binding sites for a transcriptiojn factor), and a negatige (for example, a set of randomly

selected promoter sequences).

64



11 Evaluating the quality of
position-specific scoring matrices

11.1 Prerequisite

This tutorial assumes that you alredy followed the tutariaMatrix based pattern matching

11.2 Why is important to estimate the quality of a
matrix?

Position-specific scoring matrices are frequently used¢alipt transcription factor binding
sites in genome sequences. At this point, following thertakoyou have been able to built
a matrix from a set of known binding sites for a transcriptiactor, and use it to detect new
putative binding sites on different promoters, so the taswllready there. But! What if there
was a problem with the original set of biding sites? Where &y ttame from? Is the original
experiment 100% reliable?

Matrices are generally built from a collection of experirtadly characterized binding sites,
databases as RegulonDB or TRANSFAC gather all the informaéported in the literature
about the interaction between Transcription Factors agid tbspective binding sites, on those
databases you can get the sequences to built a matrix or dagvioine or several available
matrices for your favourite TF.

However, even if you built your own matrix or if you got it froendatabase, their reliability
to predict novel binding sites is highly variable, due to simeall number of training sites or
the inappropriate choice of parameters when building thieixna

There are some classical theoretical measures to desonte [groperties of matrices, but
this measures may fail to predict the behaviour in real 8ttna, cause they don't tell if the
new detected putative sites might have a biological relezan

So at the end in order to know if we can trust the sites we datiewith pattern matching
methodologies we need to:

» Know the composition of the matrix.
» Analyse the sites used to build the matrix.
» Analyze the behaviour of the matrix in a real situation.

* Analyze a negative control of the matrix and it's behavioaireal situation.
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All this procedure can be done with the programatrix-qualityand a correct tune of it's
parameters. This is done combining theoretical and engbsimore distributions to assess the
predictive capability of matrices.

As a example we are going to use the matrix forEheoli K12 transcriptional factor LexA,
which is available at RegulonDB.

AC ECK12_ECK120012770_LexA.20.cons

XX

ID ECK12_ECK120012770_LexA.20.cons
XX

PO A T C G
1 12 3 3 5
2 0 1 22 0
3 0 23 0 0
4 0 0 0 23
5 1 14 2 6
6 12 5 3 3
7 1 15 5 2
8 12 5 2 4
9 6 15 2 0
10 10 6 5 2
11 7 11 5 0
12 13 5 2 3
13 4 12 4 3
14 12 2 7 2
15 0 0 23 0
16 23 0 0 0
17 0 0 0 23
18 1 13 8 1
19 12 6 2 3
20 6 13 2 2
21 11 8 3 1
XX

Please copy this matrix and paste it on a file. For the propbgeahapter the file will be
namedLexA_matrix.transfac.

11.3 How to estimate the theoretical distribution of a
matrix?

As has been explained in the previous chaptatrix-scangives a Weight Score (WS) to each
site, and we usually take this weigth or statistics based tmndecide if the site is good or if
it's not.

However, this WS can be misleading, because its range depenihe matrix width and
information content. For example: The relevance of a sith wiWS of 15 detected with a
matrix having a WS range of -5 to 40 is not the same as if the rarage 5 to 16.
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So depending on the WS range you can decide whether a WS for m gjteeis relevant.
One way to calculate all the possible Weight Scores that aixredn give, is to generate an
endless random sequence , and search for siteswéthx-scanbut without any threshold, so
it will return ALL the evaluated sites, which means a lot desiwith negative WS and few
ones with positives WS. This way you’'ll see not only the highaad lowest WS, but also
you’ll be able to see the frequency of each score.

As a little test we generate a long random sequence basedamii K12 genome composi-
tion.

random-seq -l 1000 -bg upstream -org Escherichia_coli_K12 -ol 2\
-0 random_seq_E.coliK12.fas

And now we run search sites with our matrix usim@trix-scarwithout any thresholds.

matrix-scan -m LexA_matrix.transfac -i random_seq_E.col iK12.fas \
-bgfile 2nt_upstream-noorf_Escherichia_coli_K12-1str freq.gz \
-matrix_format transfac \

-0 LexA_bs search_random_seq.tab

So now we can count how many times does a WS appers in a randarorsent just
by chance, remeber the count will change a bit for each geeterandom sequence and the
variation in the count will decreas as we increase sequemggh.

But instead of doing this manually trying to simulate an inérandome sequence and scan
it, which will take a lot of time, we will usenatrix-distriband this program will calculate the
number of times a score should appear in an endless randararszx] and oviusly this result
contains as well the range for possible Weight Scores (WS).

First of all we will need to convert the matrix in to tab format

convert-matrix -i LexA_matrix.transfac \
-from transfac -to tab \
-return counts,parameters,consensus
-0 LexA_matrix.tab

matrix-distrib -m LexA_matrix.tab \
-bgfile  2nt_upstream-noorf_Escherichia_coli_K12-noov -2str.freq.gz \
-0 LexA_matrix_distrib.tab

So this simulates a search for sites in an endless randomesegibased on the genome of
E. coliK12.

In this file you can see the frequency (probability) of findeagh value of WSs, or in other
words we have theprobaility distribution of weight scores

XYgraph -i LexA matrix_distrib.tab -format png \

-xcol 1 -ycol 2 \
-0 LexA_matrix_probability_distrib.png
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Now we know the range of WS goes from -40 to 17.7, and in the gsaplwing the prob-
ability distribution of scores you can se the probabilityhaiving a positive score is low, and
since the range goes up to 17 a WS of 15 for a site in the genoamsd®e be a good score,
at least in theory.

But this graph is only for one matrix, and is a matrix for onetw# transcriptional factors
with the most conserved binding sites, other matrices baséelver and/or less conserved
sites will have a different shape, e.g. a widder distrilbutio

In the output file frommatrix-distrib we also have the inverse cumulative distribution of
WS at column num. 4 so we can know how frequent (probable) isitbdiWS of a given X
value or higher, which is the definition of tiievalue

XYgraph -i LexA matrix_distrib.tab -format png \
-xcol 1 -ycol 2,4 \
-0 LexA_matrix_probability_distrib_invcum.png

But we want to be able to se the probabilities for the higher Vit8ghis we will apply log
to the y-axis.

XYgraph -i LexA_matrix_distrib.tab -format png \
-xcol 1 -ycol 2,4 -ylog \
-0 LexA_matrix_probability_distrib_invcum_ylog.png

e.g. As you see in the graph to find a WS of 10 or higher than 10 Ragsdue of aprox. &,
which seems excellent at first sight. However, with this ffutee would still expect about 42
false positives if we scan the whole genome of E. coli (4.2bfbpoth strands.

Remember each matrix has a specific theoretical distributiepending on the particular
frequency of each residue in each column.

11.4 How to compare the theoretical distribution with
the scores of the known binding sites?

In order to estimate the capability of a matrix to distindguisona fide binding sites from
genome backgroundjatrix-qualityimplements a method that relies on the combined analysis
of theoretical and empirical score distributions in pesitand negative control sets.

The sensitivity of a matrix is the fraction of correct sitedetted above a score threshold.
Sensitivity is defined as

Sn=TP/(TP+FN) (11.1)

where TP is the number true positives (i.e. annotated siitthksWwiS above a threshold), and
FN is the number of false negatives (i.e. annotated sitesgcbelow that threshold).

The logic positive control should be the set of sequencdshidage been used to build the
matri, if we scan this set with the matrix usingatrix-scanand calculate the invers cumulative
frequency of scores they should show a high scores distitut
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matrix-qualitycalculates the theoretical score distribution and alsdligteibution of scores
on diferent set of sequences.

From RegulonDB we download the set of sites used in the aligfoem which the matrix
was generated.

matrix-quality -v 1 -m LexA_matrix.transfac \

-seq matrix_sites LexA.fna \

-bgfile 2nt_upstream-noorf_Escherichia_coli_K12-ovip -2str.freq.gz \
-0 matrix-quality_tutorial \

-matrix_format transfac

matrix-qualitygenerates various files, we are going to describe them stepepyin order
to show how they should be interpretate.

Take a view on the graph file matrix-quality _tutoriatore_distrib_compa.png The blue
line in the graphs is the same theoretical distribution we gathe previous chapter, now
we can look the distribution of scores for the set of knowrdbig sites, and we can see this
distribution has an important number of positive scores.

However, this matrix is probably over-fitted to these paitic sites, since each of them is
in the alignment from which the matrix is derived. For an @seid estimate of sensitivity,
we would ideally need two separate collections of sites:foneuild-ing the PSSM, another
for testing it. Unfortunately, for most tran-scription tacs, very few binding sites are known.
In order to ensure an independent assessment whilst mingpilze loss of information, the
program matrix-quality performs a Leave-One-Out (LOO)dation, iteratively discarding
one annotated site, re-building the matrix, and scorindefieout site with the new matrix.
The program also discards multiple copies of identicaksitehich would otherwise induce
the same kind of bias.

The LOO curve (green) provides an unbiased estimate of timtséty of a matrix, and the
difference with the matrix sites curve indicates the leyaher-fitting to the training sites.

11.5 Distribution in full collections of promoters

Matrices are frequently used to predict transcriptiondabtnding sites in genome sequences,
for this what we want to know is the behaviour of the matrix ireal situation.
As a example we will take the complete set of upstream regbtize E.coli K12 genome.

retrieve-seq -org Escherichia_coli_K12 -tipe upstream \
-all -feattype CDS -noorf \
-0 Escherichia_coli_K12_ upstream-noorf.fas

With matrix-qualitywe can have the distriution of WSs of the matrix in a given segaeet,
and we will give thsi set to the program with the same commaadised for thenatrix_sites
set.
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matrix-quality -v 1 -m LexA_matrix.transfac \

-matrix_format transfac \

-seq matrix_sites LexA.fna \

-bgfile 2nt_upstream-noorf_Escherichia_coli_K12-ovip -2str.freq.gz \
-0 matrix-quality_tutorial \

-seq allup Escherichia_coli_K12_upstream-noorf.fas

From the previous section we know now the range of WS we shogdda from real sites
we know the expected scores are the ones with less frequ&ncg this might be difficult
to analyze on a normal scale the program gives the same grdplaw-log axis matrix-
quality_tutorial score_distrib_compa_logy.png

In this graph we can see the light blue line correspondinghéitiverse distribution of
scores from thematrix-scansearch over the complete set of upstream regions tormoli
K12 genome. At higher weights the curves separate, rexpalsmall number of sites with a
much higher score than expected by chance (WS>=9), supyasadésponding tbona fide
binding sites (see previous section). The abrupt separb@tween the two curves results in a
plateau-like shape in the high score range, suggestinghteanatrix efficiently distinguishes
binding sites from the background. Now we need a negative@ao probe our statment.

11.6 Negative control with random sequences

An ideal negative control would be a set of sequences wher&of interest does not bind.
Unfortunately, experimental results of this type are galhemot available. An alternative
is to select a random set of promoters, but this could actadlgnnclude some real binding
sites. Another possibility is to generate random sequemsiag some background model (e.g.
Markov chain).

For this we are going to simulate a settfcoli K12 upstream regions using 3000 random
sequences of length 2000.

random-seq -l 200 -n 3000 -bg upstream -org Escherichia_col i K12 -ol 2\
-0 random_seq_upstream_E.coliK12.fas

and we will add this new set to theatrix-qualitycommand.

matrix-quality -v 1 -m LexA_matrix.transfac \

-matrix_format transfac \

-seq matrix_sites LexA.fna \

-bgfile 2nt_upstream-noorf_Escherichia_coli_K12-ovip -2str.freq.gz \
-0 matrix-quality_tutorial \

-seq allup Escherichia_coli_K12_upstream-noorf.fas \

-seq random random_seq_upstream_E.coliK12.fas

However, nothing guarantees that Markov chains providisteamodels of biological se-
guences.
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11.7 Negative controls with permuted matrices

To circumvent the common problems to obtain a negative obntmatrix-quality supports
an original type of negative controls by scanning input eeges with randomized matrices,
obtained by permuting the columns of the original matrix.isTpresents the advantage of
preserving important characteristics of the PSSM such sidue composition (sum of each
row), number of sites (sum of any column), total informatcmmtent, and even the complete
theoretical score distribution (for Bernoulli models).

Now we are going to add a permutation instruction for eachunfsequence sets, we will
make 3 permutations of the matrix and scan with this 3 madrice matrix_sites set, and we
will make 5 permutatios for the other two sets.

matrix-quality -v 1 -m LexA_matrix.transfac \

-matrix_format transfac \

-seq matrix_sites LexA.fna \

-bgfile 2nt_upstream-noorf_Escherichia_coli_K12-ovip -2str.freq.gz \
-0 matrix-quality_tutorial \

-seq allup Escherichia_coli_K12_upstream-noorf.fas \

-seq random random_seq_upstream_E.coliK12.fas \

-perm 3 matrix_sites

-perm 5 allup

-perm 5 random

We scanned all the promotersBf coli using 5 randomized versions of the matrix (in total,
5Mb of sequences were scanned on both strands). The cyam cosely follows the blue
curve for low scores (weight <= 7), without showing any segian at high scores. This
confirms that the plateau observed for the original non-péeohmatrix corresponds to sites
specifically found in the genome by this matrix.

The column-permuted distribution can be considered an ricapiestimate of the FPR.
This distribution is however estimated from scanning a felwdflsequences, and its precision
is thereby limited. To combine the advantages of theoretind empirical FPR curves, we
propose the following strategy: (1) scan a representateokbiological sequences with
column-permuted matrices; (2) if the results fit the thaoa¢distribution, use the latter to
estimate the P-value of predicted sites.

11.8 ROC curves indicate the trade-off between
sensitivity and false positive rate

We still have tow output figures we have not described yet.

The Receiver Operating Characteristic (ROC) curve is a stdmdpresentation of the trade-
off between False Positive Rate (FPR) and sensitivity. Yousesnthe ROC curve displayed
for each distribution of scores in the figure matrix-qualttytorial score_distrib_compa_roc.png

However, the risk of false positive applies to every positid the scanned sequences. Even
with an apparently low FPR, the actual number of FP can be vigly When scanning a
genome. For example, the E. coli promoters scanned on bi@hdst represent more than
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1 million scored positions, so that an FPR of 0.001 wouldrretl,159 FP on all E. coli
promoters. Consequently, regular ROC curves are of no usssfionating the discriminatory
power of a matrix. For the same reason, the Area Under the QAKKE), classically used to
assess the quality of ROC curves, is ineffective. Indead,dtea is obtained by integrating
the sensitiv-ity over the full range of FPR from 0O to 1, yet ger@-wide predictions performed
with an FPR of 90%, 50%, 10% or even 1% are not useful.

To emphasize the lower, more relevant, range of FPR, we dra@ &@ves with a loga-
rithmic abscissa ( matrix-quality _tutoriadcore_distrib_compa_roc_xylog.png emphasiz-
ing the smaller FPR values. For example, for TrpR, we estiate70% sensitivity can be
reached at a cost of 1 FP per Mb. Note that given the LOO praeedur estimate of sensi-
tivity is unbiased, but it is based only on five non-redundatgs, thus being of questionable
robustness (it could change if new binding sites becomédadla).

For the LexA matrix, built from 23 binding sites, the ROC ces\shows a gradual increase:
for a sensitivity of 50%, the expected FPR remains reasgnahl (FPRy5 = 1.3x10°5),
whereas collect-ing 90% of the sites would include almo§t fiér 100bpK PRy.9 = 8.3x103).
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12 Generating random sequences

Th programrandom-seqallows to generate random sequences wih different randodels.0
It supports Bernoullimodels (independence between sugegssidues) and Markov mod-
els of any order. Markov models are generally more suitabtepresent biological sequences.
We will briely illustrate different ways to use this program

12.1 Sequences with identically and independently
distributed (11D) nucleotides

random-seq -l 200 -r 20 -o rand_L200_NZ20.fasta
We can now check th residue cmposition of this random seguenc

oligo-analysis -v 1 \
-i rand_L200_N20.fasta \
-l 1 -1str -return occ,freq \
-0 rand_L200_N20_1nt-1str.tab

12.2 Sequences with nucleotide-specific frequencies

In general, the residue composition of biological sequembiased. We can impose residue-
specific probabilities for the random sequence generation.

random-seq -l 200 -r 20 -a ait 0.3 cig 0.2 \
-0 rand_L200_N20_at30.fasta

oligo-analysis -v 1 \
-i rand_L200_N20_at30.fasta \
-l 1 -1str -return occ,freq \
-0 rand_L200_N20_at30_1nt-1str.tab

12.3 Markov chain-based random sequences

The random generateandom-seq supports Markov chains of any order (as far as the cor-
responding ferquency table has previously been calcylai#te Markov model is specified
by indicating an oligonucleotide frequency table. The éadi oligonucleotides of length

is automatically converted in a transition table of ordee= k — 1 duing the execution of
random-seq
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random-seq -1 200 -r 20 \
-expfreq $RSAT/data/genomes/Escherichia_coli_K12/oli go-frequencies/3nt_upstream-noor

-0 rand_L200_N20_mkv2.fasta

A simpler way to obtain organism-specific Markov models isise the optionsbg and
-org of random-seq

## This command generates random sequences with a Markov mod el of order 2,
## calibrated on all the non-coding upstream sequences of E. coli.
random-seq -l 200 -r 20 \

-org Escherichia_coli_K12 -bg upstream-noorf -ol 3 \

-0 rand_L200_N20_mkv2.fasta
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13 Pattern comparisons

TO BE WRITTEN

13.1 Comparing patterns with patterns

compare-patterns

13.2 Comparing discovered patterns wirth a library of
TF-binding consensus

Let us suppose that we dispose of a collection of experinigraaaracterized binding con-
sensus for the organism of interest, in a file cakedwn_consensus.pat

compare-patterns -v 1 \
-filel dyads.tab \
-file2 RegulonDB_sites.tab \
-return weight,offset,strand,length,Pval,Eval_p,sig_ p,Eval_f,sig_f,id,seq \
-2str -lth weight 6 \
-0 dyads_vs_RegulonDB.tab
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14 Comparing classes, sets and
clusters

TO BE WRITTEN
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15 Comparative genomics

15.1 Genome-wise comparison of protein sequences

In this section, we explain how to use the progrgamome-blast which runs the sequence
similarity search prograrBLAST to detect significant similarities between all the protaifis
a set of genomes.

This operation can take time, and the result tables occumnsiderable amount of space
on the hard disk. For this reason, tR8ATdistribution does thus not include the complete
comparison of all genomes against all other ones, but isicest to some model genomes
(Escherchia coli K1%ersus all bacteriggaccharomyces cerevisiagainst all Fungi, ...).

Depending on your organism of interest, you might wish tdgren additional comparisons
for your own purpose. In this section, we explain how to cotaple similiraty tables between
a query organism (e.dvlycoplasma pneumonifand a reference taxon (e.g. all Bacteria).

In order to install the tables of similarities between gergelpcts inRSAT, you need writing
permissions in the directoryfRSAT/data If this is not the case, ask your system administrator
to do it for you.

15.1.1 Applying genome-blast between two genomes

As a first test, we will usggenome-blastto compare all the gene products (proteins) of a
guery organism (e.gMycoplasma pneumonig@against all the gene products of a reference
organism (e.gBacillus subtilig.

This protocol assumes that the two organisms are alreatBllat on yourRSAT site, as
explained in the installation guide.

We will perform in two steps:

1. Use the progranformatdb (which is part of theBLAST distribution) to create a
BLAST-formatted structure (the “database”) with all protiof the reference organ-
ism (Bacillus subtilig.

2. Use the progranblastall (part of theBLAST distribution) to detect similarities be-
tween each protein of the query organidiy€oplasma pneumonigand the reference
organism.

Formatting the BLAST DB

This DB formatting step is very efficient, it should be contptein a few seconds.
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genome-blast -v 1 -task formatdb \
-q Mycoplasma_pneumoniae \
-db Bacillus_subtilis

The result is found in the data directory containiBgcillus subtilis A new directory
blastdbhas been created, which contains the BLAST-formatted dse¢aléh all the proteins
of the reference organism.

Is -Itr $RSAT/data/genomes/Bacillus_subtilis/blastdb

These are binary files, that you should in principle not opesueh.

Searching similarities

The programblastall compares all the sequences of an input set against all theeisegs
of a database (the one we just created above). The progemmome-blastgenerates the
appropriateblastall command to find the BLAST database directory, and query it tiéh
proteins of the query organism.

genome-blast -v 1 -task blastall \
- Mycoplasma_pneumoniae \
-db Bacillus_subtilis

This task takes a bit less that one minute for Pneumoniaa(isecwe chose a very small
genomes), and can take around 10 minutes for medium-siz¢erizd genomes (4,000 genes).

Note that theblastall command is written in the verbosity message. If you haveipec
reasons to customize this command, you can adapt it to afffdysht parameters.

Searching reciprocal similarities

One classical orthology criterion (which is not perfect bas practical advantages) is to select
the bidirectional best hits as candidate orthologs.

For this, we need to run the reciprocal blast, i.e. udagillus subtilisas query organism,
andMycoplasma genitaliuras reference organism.

Note that you can run the two BLAST commandsrnatdb andblastall) in a single shot,
by specifying multiple tasks fagenome-blast

genome-blast -v 1 -task formatdb,blastall \

-q Bacillus_subtilis \
-db Mycoplasma_pneumoniae

We can now perform a quick test: select the bidirectionat biég-rank 1 ) for the gene
NP_109706.1

get-orthologs -q NP_109706.1 -uth rank 1 -return all \
-org Mycoplasma_pneumoniae -taxon Bacillus_subtilis
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15.1.2 Applying genome-blast between a genome and a taxon

Generally, we want to compare a query organism to all therasgas of a given taxon (the
reference taxon This can be done with the optiedbtaxon

As an example, we will BLAST all the proteins bfycoplasma pneumoniagainst all the
proteins of each species bfollicutes

genome-blast -v 1 -task formatdb,blastall \
-q Mycoplasma_pneumoniae \
-dbtaxon Mollicutes

And now the reciprocal search: BLAST all gene products of daatteria of the taxon
Mollicutesagainst those d¥lycoplasma pneumoniae

genome-blast -v 1 -task formatdb,blastall \
-db Mycoplasma_pneumoniae \
-qtaxon Mollicutes

We can now retrieve the orthologs oMycoplasma pneumoniagene (e.gNP_109706.1
in all Mollicutes.

get-orthologs -q NP_109706.1 -uth rank 1 -return all \
-org Mycoplasma_pneumoniae -taxon Mollicutes

15.2 Getting putative homologs, orthologs and
paralogs

In this section, | will explain how to use the prograget-orthologs This program takes
as input one or several query genes belonging to a given isrgathereference organisin
and return the genes whose product (peptidic sequence)sboificant similarities with the
products of the query genes. The primary usag@eiforthologsis thus to return lists of
similar genes, not specialy orthologs. Additional criecan be imposed to infer orthology.
In particular, one of the most common criterion is to sel@dfrectional best hits (BBH)This
can be achieved by imposing the rank 1 with the optigth rank 1

We will illustrate the concept by retrieving the genes whassluct is similar to the protein
LexA of Escherichia coli K12in all the Gammaproteobacteria. We will then refine the guer
to extract putative orthologs.

15.2.1 Getting genes by similarities

get-orthologs -v 1 -org Escherichia_coli_K12 \
-taxon Gammaproteobacteria \
-q lexA -0 lexA_orthologs_Gammaproteobacteria.tab

The result file is a list of all the Gammaproteobacterial gambose product shows some
similarity with the LexA protein from E.coli K12.
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#ref_id ref_org query

Sde_1787 Saccharophagus_degradans_2-40 b4043
CPS_0237 Colwellia_psychrerythraea_34H b4043
CPS_2683 Colwellia_psychrerythraea_34H b4043
CPS_1635 Colwellia_psychrerythraea_34H b4043
IL0262 Idiomarina_loihiensis_L2TR b4043

c5014 Escherichia_coli_CFT073 b4043
c3190 Escherichia_coli_CFT073 b4043
b4043 Escherichia_coli_K12 b4043

Each similarity is reported by the ID of the gene, the organis which is belong, and the
ID of the query gene. In this case, the third column contaiesseme ID on all lines: b4043,
which is the ID of the gene lexA ikscherichia coli K12 It seems thus poorly informative,
but this column becomes useful when several queries areigatirsimultaneously.

15.2.2 Obtaining information on the BLAST hits

The programget-orthologs allows to return additional information on the hits. The b
supported return fields is obtained by calling the commaritl thie option-help . For ex-
ample, we can ask to return the percentage of identity, igaraknt length, the E-value and
the rank of each hit.

get-orthologs -v 1 -org Escherichia_coli_K12 \
-taxon Gammaproteobacteria \
-q lexA -0 lexA orthologs_ Gammaproteobacteria.tab \
-return ident,ali_len,e_value,rank

Which gives the following result:

#ref_id ref_org query ident ali_len e_value rank

Sde_1787 Saccharophagus_degradans_2-40 b4043 65.33 199 1 e-68 1
CPS_0237 Colwellia_psychrerythraea_34H b4043  65.69 204 6 e-75 1
CPS_2683 Colwellia_psychrerythraea_34H b4043  33.94 109 1 e-10 2
CPS_1635 Colwellia_psychrerythraea_34H b4043  34.12 85 le -06 3
IL0262 Idiomarina_loihiensis_L2TR b4043 66.83 202 le-75 1

c5014  Escherichia_coli_CFT073 b4043  100.00 202 2e-111 1

c3190 Escherichia_coli_CFT073 b4043 43.33 90 2e-14 2

b4043 Escherichia_coli_K12 b4043 100.00 202 2e-111 1

Not surprisingly, the answer includes the self-match ofAl€D b4043) inEscherichia coli
K12, with 100% of identify.

15.2.3 Selecting bidirectional best hits

We can see that the output contains several matches per gerféon instance, there are 3
matches inColwellia psychrerythraea 34Hf we assume that these similarities reflect ho-
mologies, the result contains thus a combination of pasadogl orthologs.

The simplest criterion to select ortholog is thatktlirectional best hit (BBH)We can
select BBH by imposing an upper threshold on the rank, with git®o-uth
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get-orthologs -v 1 -org Escherichia_coli_ K12 \
-taxon Gammaproteobacteria \
-q lexA -0 lexA orthologs_Gammaproteobacteria_bbh.tab \
-return ident,ali_len,e_value,rank \
-uth rank 1

The result has now been reduced to admit at most one hit pengen

#ref_id ref_org query ident ali_len e_value rank

Sde_1787 Saccharophagus_degradans_2-40 b4043 65.33 199 1 e-68 1
CPS_0237 Colwellia_psychrerythraea_34H b4043  65.69 204 6 e-75 1
IL0262 Idiomarina_loihiensis_L2TR b4043 66.83 202 le-75 1

c¢5014  Escherichia_coli_CFT073 b4043  100.00 202 2e-111 1

b4043 Escherichia_coli_K12 b4043 100.00 202 2e-111 1

15.2.4 Selecting hits with more stringent criteria

It is well known that the sole criterion of BBH is not sufficieotibfer orthology between two
genes. In particular, there is a risk to obtain irrelevantiomeas, due to partial matches between
a protein and some spurious domains. To avoid this, we caa addstraint on the percentage
of identity (min 30%), and on the alignment length (min 50. aBese limits are somewhat
arbitrary, we use them to illustrate the principe, and leaveach user the responsibility to
choose the criteria that she/he considers as relevant.lyiine will use a more stringent
threshold on E-value than the default one, by imposing areugpeshold of 1e-10.

## Note that or this test we suppress the BBH constraint (-uth rank 1)
get-orthologs -v 1 -org Escherichia_coli_K12 \
-taxon Gammaproteobacteria \
-q lexA -0 lexA orthologs_ Gammaproteobacteria_id30 _len 50 _eval-10.tab \
-return ident,ali_len,e_value,rank \
-Ith ident 30 -lth ali_len 50 -uth e_value 1e-10

We can now combine the constrains above with the criteridbBi.

## Note that or this test we include the BBH constraint (-uth r ank 1)
get-orthologs -v 1 -org Escherichia_coli_K12 \
-taxon Gammaproteobacteria \
-q lexA -0 lexA orthologs_ Gammaproteobacteria_bbh_id30 _len50_eval-10.tab \
-return ident,ali_len,e_value,rank \
-lth ident 30 -lth ali_len 50 -uth e_value 1e-10 \
-uth rank 1

As expected, the number of selected hits is reduced by addesg constraints. In Sept
2006, we obtained the following number of hits for lexA in Gaaproteobacteria.

122 hits without any constraint;

107 hits with contrains on ident,ali_len and e_value;
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* 69 hits with the constraint of BBH;

* 69 hits with the combined constraint of BBH, at least 30% idgrand an alignment
over more than 50 aminoacids, and an E-value <= 1.e-10.

Actually, in the particular case ¢xA the BBH constraint already filtered out the spurious
matches, but inother cases they can be useful.

15.3 Retrieving sequences for multiple organisms

The programretrieve-seq-multigenomecan be used to retrieve sequences for a group of
genes belonging to different organisms.This program takasput a file with two columns.
Each row of this file specifies one query gene.

1. The first column contains the name or identifier of the gemadtly as for the single-
genome programetrieve-seq).

2. The second column indicates the organism to which the glungs.

The output oget-orthologscan thus directly be used as input fetrieve-seq-multigenome

retrieve-seg-multigenome -noorf \
-i lexA_orthologs_Gammaproteobacteria_bbh_id30_len50 _eval-10.tab \
-0 lexA_orthologs_Gammaproteobacteria_up-noorf.fasta

\end{footnotesize}

15.4 Detection of phylogenetic footprints

TO BE WRITTEN

dyad-analysis -v 1 \
-i lexA_orthologs_Gammaproteobacteria_up-noorf.fasta \
-sort -2str -noov -lth occ 1 -Ith occ_sig 0 \
-return occ,freq,proba,rank \
-l 3 -spacing 0-20 -bg monads \
-0 lexA_orthologs_Gammaproteobacteria_up-noorf_dyads -2str-noov.tab

15.5 Phylogenetic profiles

The notion ofphylogenetic profilevas introduced by Pellegrini et al. (1999). They identi-
fied putative orthologs for all the genesE$cherichia coli K12n all the complete genomes
available at that time, and built a table with one row per gene column per genome. Each
cell of this table indicates if an ortholog of the considegethe (row) has been identified in
the considered genome (column). Pellegrini et al. (1996)veld that genes having similar
phylogenetic profiles are generally involved in common digidal processes. The analysis
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of phylogenetic profiles is thus a powerful way to identifjpétional grouping in completely
sequenced genomes.

The progranget-orthologs can be used to obtain the phylogenetic profiles. The priacipl
is to submit the complete list of protein-coding genes ofdhery organism. We process in
two steps :

1. With get-orthologs we can identify the putative ortholgos for all the genesefquery
organism, using the criterion dfidirectional best hit (BBH)This generate a large table
with one row per pair of putative orthologs.

2. We then useonvert-classeso convert the ortholog table into profiles (one row per
gene, one column per genome).

We will illustrate this by calculating the phylogenetic fites of all the genes fronsac-
charomyces cerevisiaacross all the Fungi. We use a level of verbosity of 2, in otdeget
information about the progress of the calculations.

## ldentify all the putative orthologs (BBH)
get-orthologs -v 2 \
- $RSAT/data/genomes/Saccharomyces_cerevisiae/genom elcds.tab \
-org Saccharomyces_cerevisiae \
-taxon Fungi \
-uth rank 1 -Ilth ali_len 50 -Ith ident 30 -uth e value 1e-10 \
-return e_value,bit_sc,ident,ali_len \
-0 Saccharomyces_cerevisiae_vs_Fungi_bbh.tab

## Convert ortholog table into a profile table
## with the IDs of the putative orthologs
convert-classes -v 2 \
-i Saccharomyces_cerevisiae_vs_Fungi_bbh.tab \
-from tab -to profiles \
-ccol 2 -mcol 3 -scol 1 -null "<NA>" \
-0 Saccharomyces_cerevisiae_vs_Fungi_phyloprofiles_i ds.tab

The resulting table indicates the identifier of the orthol@mes. The optiomull  was
used to specify that the strirdNA>should be used to indicate the absence of putative orhtolog.
Another option would be to obtain a “quantitative” profileh@re each cell indicates the
E-value of the match between the two orthologs. This can Ibe thy specifying a different

score column with the optiosscol of convert-classes

## Convert ortholog table into a profile table
## with the E-value of the putative orthologs
convert-classes -v 2 \
-i Saccharomyces_cerevisiae_vs_Fungi_bbh.tab \
-from tab -to profiles \
-ccol 2 -mcol 3 -scol 4 -null "<NA>" \
-0 Saccharomyces_cerevisiae_vs_Fungi_phyloprofiles_e value.tab
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15.6 Detecting pairs of genes with similar
phylogenetic profiles

In the previous section, we generated tables indicatingliyéogenetic profiles of each gene
from Saccharomyces cerevisia&his table contains one row per gene, and one column per
fungal genome.

We will now use the prograraompare-profilesto compare each gene profile to each other,
to select the pairs of genes with significantly similar pesfil The problem is of course to
choose our criterion of similarity between two gene profiles

15.6.1 Comparing binary profiles with  compare-profiles

For the binary profiles, the most relevant statistics ishyygergeometric significance

## Compare the binary phylogenetic profiles
## using the hypergeometric significance
compare-profiles -v 2 \
-i Saccharomyces_cerevisiae_vs_Fungi_phyloprofiles_e value.tab \
-lth AB 1 -lth sig 0 \
-return counts,jaccard,hyper,entropy \
-0 Saccharomyces_cerevisiae_vs_Fungi_phyloprof_gene_ pairs.tab

In the previous commands, we set the verbosity to 2, in olkeep track the progress of
the task. Actually, the processing can take a few minuts,probably the good moment for a
coffee break.

15.6.2 Comparing binary profiles with  compare-classes

Another way to compare the phylogenetic profiles is to diyeartalyze withcompare-classes
the table of orthology (previously obtained frayat-orthologs).

This is just another way of considering the same problemrdieioto compare gendsand
B, we will consider as a first clas®J the set of genomes in which geAds present, and as
a second clas$) the set of genomes in which geBds present. We will then calculate the
intersection between these two classes, and assess tifeaige of this intersection, given
the total number of genomes.

Thus,compare-classesvill calculate the hypergeometric statistics, exactlyna same way
ascompare-profiles

## Convert the orthology into "classes", where each class (s econd column)
## corresponds to a gene from Saccharomyces cerevisiae, and indicates
## the set of genomes (first column) in which this gene is pres ent.

convert-classes -from tab -to tab -mcol 2 -ccol 3 -scol 5 \
-i Saccharomyces_cerevisiae_vs_Fungi_bbh.tab \
-0 Saccharomyces_cerevisiae_vs_Fungi_bbh_classes.tab

## Compare the classes to detect significant overlaps
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compare-classes -v 3 \
-i Saccharomyces_cerevisiae_vs_Fungi_bbh_classes.tab
-lth QR 1 -lth sig 0 -sort sig -sc 3 \
-return occ,proba,dotprod,jac_sim,rank \
-0 phyloprof_gene_pairs.tab
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16 Automated analysis of multiple
gene clusters

The main interest of usinBSATfrom the shell is that it allows to automatize the analysis of
multiple data sets. The different programs of the packagdeaombined in different ways to
apply an extensive analysis of your data. A typical exanmgthe analysis of clusters obtained
from gene expression data.

When a few tens or hundreds of gene clusters have to be analybedomes impossible
to manage it manuallyRSATincludes a programnultiple-family-analysis, which takes as
input a file with the composition of gene clusters (thester filg, and automatically performs
the following analyses on each cluster :

directory management: the results are stored in a separate directory for eacheclusi-
rectories are automatically created during the execudiod bear the name of the cluster.

sequence retrieval: upstream sequences are retrieved and stored in fasta format

sequence purging: upstream sequences are purged (with the prograrge-sequences
to remove redundant fragments. Purged sequences are tgfougpattern discovery,
and non-purged sequences for pattern matching.

oligonucleotide analysis:  the progranoligo-analysisis used to detect over-represented
oligonucleotidesdna-pattern andfeature-map are used to draw a feature map of the
significant patterns.

dyad analysis: the prograndyad-analysisis used to detect over-represented oligonucleotides.
dna-pattern andfeature-map are used to draw a feature map of the significant patterns.

other pattern discovery programs: several matrix-based pattern discovery programs de-
veloped by other teams can be managedroytiple-family-analysis. These programs
have to be installed separately they are not part oRB&T distribution).

feature map drawing: The patterns discovered by the different programs are redtapainst
the upsteram sequences, and the result is displayed asieefe@p.

synthesis of the results: A synthetic table is generated (in HTML format) to facilgahe
analysis of the results, and the navigation between retast fi

result export: The results can be exported to tab-delimited files, whichthan automati-
cally be loaded in a relational database (mySQL, Postgre@@racle).

86



In addition to this cluster-per-cluster analysis, resaftssummarized in two format.

synthetic table A HTML table is generated with one row per cluster, and a sumrogthe
results (gene composition, significant oligonucleotidegnificant dyads). This table
contains links to the feature maps, making it easy to broiwsedsults.

sql table The list of significant patterns detected in all the cluster @mpiled in a single
result table (a tab-delimited text file), with one row pertpat and cluster, and one
column per criterion (pattern type, occurrences, sigmies ...).

The program also automatically exports SQL scripts whittwato create the appropri-
ate table in a relational database management system (RDBM39ad the data.

16.1 Input format

The input format is a tab-delimited text file with two columpsoviding respectively :
1. gene identifier or name
2. cluster name

An example of cluster file is displayed in Taldlé.1 This file describes 3 yeast regulons,
each responding to some specific environmental conditioe:NIT family contains 7 genes
expressed under nitrogen depletion, the PHO family 5 gexmessed under phosphate stress,
and the MET family 11 genes expressed when methionine is)afisa the culture medium.

Beware: the columns must be separate by tabulations, spaces aralmb$eparators.

Note that genes can be specified either by their name (asdadith and PHO families in
Table16.1), or by their systematic identifier (MET family in Tablé.1).

16.2 Example of utilization

Let us assume that the file displayed in Tab&l has been saved under the natest.fam
The following command will automatically perform all theayses.

multiple-family-analysis -i test.fam -v 1 \
-org Saccharomyces_cerevisiae \
-2str -noorf -noov \
-task upstream,purge,oligos,oligo_maps,synthesis,sql,clean \
-outdir test_fam_results

Once the analysis is finished, you can open the fadgethetic tablesvith aweb browser
and follow the links.
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; gene cluster

DALS NIT
GAP1 NIT
MEP1 NIT
MEP2 NIT
MEP3 NIT
PUT4 NIT
DALS80 NIT
PHOS PHO
PHO11 PHO
PHOS8 PHO

PHO84 PHO
PHO81 PHO
YDR502C MET
YER091C MET
YHLO36W MET
YILO46W  MET
YJRO10W MET
YKLOO1C MET
YKRO6OW MET
YLR180W MET
YLR303W MET
YNL241C MET
YNL277W MET

Table 16.1: Example of family file.
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16.3 Loading the results in a relational database

The results were exported in tab-delimited text files in tiheadorytest_fam_results/sql_expart/
This directory contains 3 files and one subdirectory :

Family_genes.tab
Family.tab
Pattern.tab
sql_scripts/

The subdirectorgql_scriptscontains several SQL scripts for creating tables in a katati
database management systdRDBMS), loading data into these tables, and dropping these
tables when you don’'t need them anymore.

family_genes_table load.ctl
family.mk

family_table create.sq|l
family_table _drop.sql
family_table_load.ctl
makefile

pattern.mk

pattern_table create.sq|l
pattern_table drop.sql
pattern_table load.ctl

The file makefileallows you to automatically create the tables and load thie ohatwo
operations.

make create MYSQL='mysqgl -u [your login] -D multifam’
make load MYSQL='mysqgl -u [your login] -D multifam’

This requires the existence of a database space 'multifayour RDBMS. If you are not
familar with relational databases, you probably need tdasryour system administrator to
create this space for you.

16.4 Comparing programs

The programmultiple-family-analysis allows you to compare the results obtained by differ-
ent pattern discovery programs. Two of these programs ateop#he RSATdistribution :
oligo-analysisanddyad-analysis The other programs have been developed by other teams,
and can be downloaded from their original site. The commagldw assumes that these
programs were installed and included in your path.
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multiple-family-analysis -i test.fam -v 1 \
-org Saccharomyces_cerevisiae \
-2str -noorf -noov \
-task upstream,purge,oligos,oligo_maps \
-task dyads,dyad_maps,consensus,gibbs \
-task meme,synthesis,sql,clean \
-outdir test_fam_results

Note that you can define multipe tasks either with a singletadahe option-task , or by
insering iteratively the option in the command line.

16.5 The negative control: analyzing random gene
selections

An essential quality of pattern discovery programs is theility to return a negative answer
when there are no specific patterns in a sequence set.

The progranrandom-genesallows to select random sets of genes, which can then be used
by multiple-family-analysis to check the rate of false positive of pattern discovery ots.

The simplest way to use random-gene is to ask a segehes:

random-genes -org Saccharomyces_cerevisiae -n 10

You can also use the optien to selectr distinct sets ofi genes.
random-genes -org Saccharomyces_cerevisiae -n 10 -r 5

Another possibility is to specify a template family file wittie option-fam .
random-genes -org Saccharomyces_cerevisiae -fam test.fam

This will return a family file with the same number of gene fmas in the input file
(test.fam. Each output family will contain the same number of geneha&sdorresponding
input family. This option provides thus a very convenienywa generate a negative control
of exactly the same size as the real family file.

16.6 Analyzing a large set of regulons

To get a better feeling about the potentialities of the déffe pattern discovery programs, you
can analyze the collection of regulons collected by Nic8iasonis (2004), which is available
at:

http://rsat.ulb.ac.be/rsat/data/published_data/Simo nis_Bioinformatics_2004/
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17 Utilities

17.1 gene-info

gene-infoallows you to get information on one or several genes, given a seripgeof words. Queries
are matched against gene identifiers and gene names. Imperfect matohes specified by using
regular expressions.

For example, to get all info about the yeast gene GAT1.:

gene-info -org Saccharomyces_cerevisiae -g GAT1

And to get all the purine genes froEscherichia colitype:

gene-info -org Escherichia_coli_K12 -q ’pur. *

Note the use of quotes, which is necessary whenever the query comtains
You can also combine several queries on the same command line, by usiraikeite the -q option:

gene-info -org Escherichia_coli_K12 \
-q 'met. =+’ -q 'thr. *' -q lys. *

’

17.2 On-the-fly compression/uncompression

All programs fromRSAT support automatic compression and uncompression of gzip files. Thisecan b
very convenient when dealing with big sequence files.
To compress the result of a query, simply add the extengionto the output file name.

retrieve-seq -all -org Saccharomyces_cerevisiae \
-from -1 -to -200 -noorf -format fasta \
-0 all_up200.fa.gz

The result file is a compressed archive. Check its size with the command
Is -I

Uncompress the file with the command
gunzip all_up200.fa.gz

The file has now lost thegz extension. Check the size of the uncompressed file.
Recompress the file with the command

gzip all_up200.fa
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Similarly, you can directly use a compressed archive as inpuiRE&T, it will be uncompressed on
the fly, without occupying space on the hard drive. For example :

dna-pattern -i all_up200.fa.gz -p GATAAG -c -th 3

will return all the genes having at least three occurrences of the B&IFAAGNH their 200 bp
upstream region.
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18 Exercises

As an exercise, we will now combine the different tools described aboamatyse the full set of
promoters fromArabidopsis thalianaWe define ourselves the following goals :

1. Discover motifs which are over-represented in the complete set ofapstsequences for the
selected organism.

2. Try different parameters for this pattern discovery, and companefudts.

3. Use these over-represented patterns to scan full chromosomes Witing window, in order
to evaluate if we can predict promoter locations on the sole basis of pattewrrexxces. Find
optimal parameters for the prediction of promoter locations.

18.1 Some hints

18.1.1 Sequence retrieval

The first step will be to retrieve the full complement of upstream sequeSiese we have no precise
idea about the best sequence size, we will try several reasonabksraach roughly corresponding to
a given functionality.

from -1 to -200 this regions is likey to contain mostly 5’UTR.
from -1 to -400 this region is likely to contain the 5’ UTR and the proximal promoter.

from -1 to -1000 this region is likely to include the 5’'UTR, as well as the proxima and distal pro-
moters.

from -1 to -2000 an even larger range, which probably contains most of the upstreaawtaig ele-
ments inA. thaliana

In all cases, we will clip upstream ORFs, because they would bias the otitpmtide composition.

Write the commands which will retrieve all upstream sequences over thdisgeange. Beware,
the sequence files may occupy a large space on the disk, it is probabliovdisectly compress them
by adding the extensiaigz to the output file.

18.1.2 Detection of over-represented motifs

In a first step, we will restrict our analysis to hexanucleotides. Onceafiilbsequent steps (full chro-
mosome scanning) will be accomplished, we will redo the complete analysis wigedhit oligonu-
cleotide lengths, and compare the efficiency of promoter prediction.

Detect over-represented oligo-nucleotides with different estimatorgpeited frequencies: Markov
chains of different orders, non-coding frequencies.

Do not forget to prevent counting self-overlapping matches.
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19 Using RSAT Web Services

Note: in complement of the following instructions, we recommend to run the gybfoc using
RSATWeb services?].

19.1 Introduction

RSATfacilities can be used as Web Serviclgs), i.e. external developers (you) can integiR8AT methods
in their own code. An important advantage of Web Services is that theysarg a standard commu-
nication interface between client and server (e.g. WSDL/SOAP), fortwiificaries exist in various
languages (Perl, Python, java).

We explain below how to implement WS clients in Perl, Java and PythdRS&iT programs.

19.2 Examples of WS clients in Perl with SOAP::WSDL
2.00 (or above)

19.2.1 Requirements

Before using such WS clients, You need to installMedule::Build::Compat and theSOAP.::WSDL
Perl modules. These Perl modules can be installed with the progpam When required, you will
be prompted to install dependency modulesS@AP::WSDL . For all this you need root privileges.
If this is not your case, please ask your system administrator to install threyod.

The other thing you need is the RSATWS library that you can download therfollowing website:

http://rsat.ulb.ac.be/rsat/web_services/RSATWS.tar. gz

Place it in the same directory as your clients, then uncompress if with the fojaimmand.

tar -xpzf RSATWS.tar.gz

19.2.2 Retrieving sequences from RSATWS

The following example is a script to retrieve the start codons of three Eebfgecoli genes. It uses
retrieve-seqto do so. The various parameters are passed as a hash table to the nfetiere. i$ an
error, it will be displayed, otherwise the result is displayed, toghethertiviliull command generated
on the server and the name of the temporary file created on the server tihvdokbsult localy. This
file is useful when one wants to feed another program with that output, evhifraying the cost of a
useless data transport back and forth between the server and the client.

#!/usr/bin/perl -w
# retrieve-seq_client_soap-wsdl.pl - Client retrieve-se g using the SOAP::WSDL
#module
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HH AR R R R R R R R HHAHHH

Ht

## This script runs a simple demo of the web service inerface t o the
## RSAT tool retrieve-seq. It sends a request to the server fo r

## obtaining the start codons of 3 E.coli genes.

#H

HH AR R R R R R R HH A

use strict;

use SOAP::WSDL,

use lib 'RSATWS’;

use Myinterfaces::RSATWebServices::RSATWSPortType;

warn “\nThis demo script retrieves the start codons for a se t of query
genes\n\n”;

## WSDL location
my $server = ’http://rsat.ulb.ac.be/rsat/web_services’ ;

## Service call
my $soap=MyInterfaces::RSATWebServices::RSATWSPortTy pe->new();

## Output option
my $output_choice = ’'both’; ## Accepted values: ’'server’, '’ client’, ’both’

## Retrieve-seq parameters

my $organism = 'Escherichia_coli_K12’; ## Name of the query organism
my @gene = (“metA”, “metB”, “metC”); ## List of query g enes
my $all = 0; ## the -all option (other accepted value = 1). This option is

incompatible with the query list @gene (above)

my $noorf = 1; ## Clip sequences to avoid upstream ORFs
my $from = 0; ## Start position of the sequence

my $to = 2; ## End position of the sequence

my $feattype = ”; ## The -feattype option value is not specif ied, the
default is used

my $type = "; ## The -type option value; other example:-typ e downstream’
my $format = ”; ## The -format option value. We use the defaul t (fasta), but

other formats could be specified, for example 'multi’
my $lw = 0; ## Line width. 0 means all on one line

my $label = 'id,name’; ## Choice of label for the retrieved se guence(s)

my $label_sep = ”; ## Choice of separator for the label(s) of the retrieved
sequence(s)

my $nocom = 0; ## Other possible value = 1, to get sequence(s) w hithout
comments

my $repeat = 0; ## Other possible value = 1, to have annotated r epeat
regions masked

my $imp_pos = 0; ## Admit imprecise position (value = 1 to do so )

my %args = (
‘output’ => $output_choice,
'organism’ => $organism,

95



‘query’ => \@gene, ## An array in a hash has to be referenced

(always?)

'noorf => $noorf,
from’ => $from,

'to’ => $to,

feattype’ => $feattype,
‘type’ => $type,
format’ => S$format,
wo=> $lw,

'label’ => $label,
'label_sep’ => $label_sep,
'nocom’ => $nocom,
‘repeat’ => $repeat,
imp_pos’ => $imp_pos

);

## Send the request to the server
print “Sending request to the server $server\n”;

my $som = $soap->retrieve_seq({request’ => \%args});

## Get the result
unless ($som) {

printf “A fault (%s) occured: %s\n”, $som->get faultcod

%$som->get_faultstring();
} else {

my $results = $som->get_response();

## Report the remote command
my $command = $results -> get command();
print “Command used on the server: “.$command, “\n”;

## Report the result
if ($output_choice eq ’server’) {
my $server_file = $results -> get_server();

print “Result file on the server: “.$server_file;

} elsif ($output_choice eq ’client’) {
my S$result = $results -> get_client();
print “Retrieved sequence(s): \n”.$result;
} elsif ($output_choice eq ’both’) {
my $server_file = S$results -> get_server();
my $result = S$results -> get_client();

print “Result file on the server: “.$server_file.”\n"”

print “Retrieved sequence(s): \n”.$result;
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19.3 Examples of WS clients in Perl with SOAP::WSDL
1.27 (or below)

Some of you are maybe already using perl WS clients with an older versi®@OaP::WSDL and

would like to stick to it. We show hereafter some simple examples of clients writterrliampe using

such version of the module. The presented code as well as other cawbdded from
http://rsat.ulb.ac.be/rsat/web_services.html

19.3.1 Requirements
» SOAP:.Lite
e SOAP::WSDL, version 1.27 or below.

These Perl modules can be installed with the progcaan, but for this you need root privileges. If
this is not your case, please ask your system administrator to install themufor

19.3.2 Getting gene-info from RSATWS

The following script allows to get information about thrEscherichia coligenes fromRSAT. The
client script passes through the web service to runghee-info on the server. A list of genes is
provided to the server, which returns the information about those genes.

#!/usr/bin/perl -w
# gene-info_client_minimal_soap-wsdl.pl - Client gene-i nfo using the SOAP::WSDL module.

B T L L L e et HHHH IR
#H

## This script runs a simple demo of the web service interface to the
## RSAT tool gene-info. It sends a list of 3 gene names to the se rver,
## in order to obtain the information about these genes.

Hit

B R T R T T A T R T R R T R T HHIHHEHT R

use strict;
use SOAP::WSDL;

## Service location

my $server = ’http://rsat.ulb.ac.be/rsat/web_services’
my $WSDL = $server./RSATWS.wsdl’;

my $proxy = $server./RSATWS.cgi’;

## Call the service
my $s0ap=SOAP::WSDL->new(wsdl => $WSDL)->proxy($proxy)
$soap->wsdlinit;

## Gene-info parameters

my $organism = 'Escherichia_coli_K12’; ## Name of the query organism
my @gene = ("metA", "metB", "metC"); ## List of query genes
my S$full = 1; ## Looking for full match, not substring match.
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my %args = (‘organism’ => $organism,
‘query’ => \@gene,
full => $full);

## Send the request to the server
warn "Sending request to the server $server\n®;
my $call = $soap->call(gene_info’ => ’request’ => \%args)

## Get the result
if ($call->fault){ ## Report error if any

printf "A fault (%s) occured: %s\n", $call->faultcode, $ca [I->faultstring;

} else {
my $results_ref = $call->result; ## A reference to the resul t hash table
my %results = %$results_ref, ## Dereference the result hash table

## Report the remote command
my $command = $results{'command’}
print "Command used on the server: ".$command, "\n";

## Report the result
my S$result = $results{’client’};
print "Gene(s) info(s): \n".$result;

We can now use additional parameters ofdleae-infoprogram. For example, we could use regular
expressions to ask the server for all the yeast genes whose namevgtaitdéET’, followed by one or
several numbers.

... (same as above)
## Gene-info parameters
my $organism = 'Saccharomyces_cerevisiae’; ## Name of the ( uery organism
my @queries = (MET\d+); ## This query is a regular expressi on
my $full = 1; ## Looking for full match, not substring match.
my %args = (‘organism’ => S$organism,
‘query’ => \@queries,
full => $full);

... (same as above)

We can also extend the search to match the query strings against gerigtidesc(by default, they
are only matched against gene names).

... (same as above)

## Gene-info parameters

my $organism = 'Escherichia_coli_K12’; ## Name of the query organism
my @gqueries = ("methionine”, "purine"); ## List of queries
my $full = 0;
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my $descr = 1; ## Search also in description field of genes

my %args = (‘organism’ => S$organism,
‘query’ => \@queries,
fulll => $full,
‘descr’ => $descr);

... (same as above)

19.3.3 Documentation

We saw above that the command
gene-info

can be called with various options. The description of the available optionseéound in the docu-
mentation of the RSATWS web services at the following URL.
http://rsat.ulb.ac.be/rsat/web_services/RSATWS_docu mentation.xml

19.3.4 Retrieving sequences from RSATWS

The following example is a script to retrieve the start codons of three Eebfgecoli genes. It uses
retrieve-seqto do so. The various parameters are passed as a hash table to the nfetiere. i$ an
error, it will be displayed, otherwise the result is displayed, toghethertiviliull command generated
on the server and the name of the temporary file created on the server tihvdokbsult localy. This
file is useful when one wants to feed another program with that output, evhifraying the cost of a
useless data transport back and forth between the server and the client.

#!/usr/bin/perl -w
# retrieve-seq_client_soap-wsdl.pl - Client retrieve-se g using the SOAP::WSDL module

HH T R HH B

H#t

## This script runs a simple demo of the web service interface to the
## RSAT tool retrieve-seq. It sends a request to the server fo r

## obtaining the start codons of 3 E.coli genes.

i

HHHHH AR R HHHHHAR T

use strict;
use SOAP:WSDL;

warn "\nThis demo script retrieves the start codons for a set of query genes\n\n";

## WSDL location

my $server = ’http://rsat.ulb.ac.be/rsat/web_services’
my $WSDL = $server./RSATWS.wsdl’;

my $proxy = $server.’/RSATWS.cgi’;

## Service call

my $soap=SOAP::WSDL->new(wsdl => $WSDL)->proxy($proxy)
$soap->wsdlinit;
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## Output option
my $output_choice = ’'both’; ## Accepted values: ’server’, ’ client’, ’both’

## Retrieve-seq parameters
my $organism = 'Escherichia_coli_K12’; ## Name of the query organism
my @gene = ("metA", "metB", "metC"); ## List of query genes

my $noorf = 1; ## Clip sequences to avoid upstream ORFs

my $from = 0; ## Start position of the sequence

my $to = 2; ## End position of the sequence

my $lw = 0; ## Line width. 0 means all the sequence on one line

my $label = 'id,name’; ## Choice of label for the retrieved se quence(s)

my %args = (
‘output’ => $output_choice,
‘organism’ => $organism,
‘query’ => \@gene,
'noorf => $noorf,
from’ => $from,

'to’ => $to,
wo=> $lw,
‘label’ => $label,
);

## Send the request to the server
print "Sending request to the server $server\n”;
my $call = $soap->call(’retrieve_seq’ => ’'request’ => \%ar gs);

## Get the result
if ($call->fault){ ## Report error if any

printf "A fault (%s) occured: %s\n", $call->faultcode, $ca [I->faultstring;

} else {
my $results_ref = $call->result; ## A reference to the resul t hash table
my %results = %$results_ref, ## Dereference the result hash table

## Report the remote command
my $command = $results{’command’};
print "Command used on the server: ".$command, "\n";

## Report the result
if ($output_choice eq ’'server’) {
my $server_file = $results{’server’};
print "Result file on the server: ".$server _file;
} elsif ($output_choice eq ’client’) {
my $result = $results{’client’};
print "Retrieved sequence(s): \n".$result;
} elsif ($output_choice eq ’'both’) {
my $server_file = $results{'server’},
my $result = $results{’client’};
print "Result file on the server: ".$server_file;
print "Retrieved sequence(s): \n".$result;

}

100



19.3.5 Work flow using RSATWS

The following example is the script of a typical workflow of RSA Tools paigs. First, the upstream
sequences of five Saccharomyces cerevisiae genes are retrieveteingbie-seq Then, purge-
sequenceis applyed to remove any redundancy in the set of sequences. Fiokdlg-analysisis
applied to discover over-represented six letters words. The resulepflsand 2 are stored on the
server, so that the file name can be sent to the following step as input Brith@final result needs to
be transported from the server to the client.

#!/usr/bin/perl -w
# retrieve_purge_oligos_client_soap-wsdl.pl - Client re

trieve-seq + oligo-analysis

HH AR R R R R R R HHAHHH

Ht

## This script runs a simple demo of the web service interface to the

## RSAT tools retrieve-seq, purge-sequence and oligo-anal ysis linked in a workflow.
## It sends a request to the server for discovering 6 letter wo rds

## in upstream sequences of 5 yeast genes. The sequences are f irst

## retrieved and purged for repeated segments

it

B R R R R R R R R R R R

use strict;
use SOAP:WSDL;

warn "\nThis demo script illustrates a work flow combining t

##

Service location

my $server = ’http://rsat.ulb.ac.be/rsat/web_services’
my $WSDL = $server./RSATWS.wsdl’;
my $proxy = $server./RSATWS.cgi’;

#H

Service call

my $soap=SOAP::WSDL->new(wsdl => $WSDL)->proxy($proxy)
$soap->wsdlinit;

B R T R R T

#H

##

Retrieve-seq part

Output option

my $output_choice = ’'server’; ## The result will stay in a fil

#H

Parameters

my $organism = 'Saccharomyces_cerevisiae’; ## Name of the ¢
my @gene = ("PHO5", "PHOS8", "PHO11", "PHO81", "PHO84");
my $noorf = 1; ## Clip sequences to avoid upstream ORFs
my $from; ## Start position of the sequence. Default is used (
my $to; ## End position of te sequence. Default is used (-1).
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my $feattype; ## -feattype option value is not defined, defa
my S$type; ## -type option value; other example:-type downs
my $format = ‘fasta’; ## the format of the retrieved sequence
my $label; ## Choice of label for the retrieved sequence(s).
my $label_sep; ## Choice of separator for the label(s) of the

my %args = (‘output’ => S$output_choice,
‘organism’ => $organism,

‘query’ => \@gene, ## An array in a hash has to be referenced

‘noorf => $noorf,

'from’ => $from,

'to’ => $to,

‘feattype’ => S$feattype,
‘type’ => $type,

format’ => $format,
‘label’ => $label,
'label_sep’ => $label_sep

);

## Send request to the server
print "\nRetrieve-seq: sending request to the server\t', $
my $call = $soap->call(retrieve_seq => ’'request’ => \%ar

## Get the result

my $server_file; ## That variable needs to be declared outsi

if ($call->fault){ ## Report error if any
printf "A fault (%s) occured: %s\n", $call->faultcode, $ca

} else {
my $results_ref = S$call->result; ## A reference to the resul
my %results = %$results_ref; ## Dereference the result hash

## Report the remote command
my $command = $results{’command’};
print "Command used on the server:\n\t".$command, "\n";

## Report the result fle name on the server
$server_file = $results{'server’};
print "Result file on the server:\n\t".$server file;

}

HHH R
## Purge-sequence part

## Define hash of parameters

%args = (‘output’ => S$output choice, ## Same ’'server’ outpu
'tmp_infile’ => S$server file); ## Output from retrieve-se

## Send the request to the server

print "\nPurge-sequence: sending request to the server\t"

$call = $soap -> call(’purge_seq => ’'request’ => \%args);

## Get the result
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if ($call->fault){ ## Report error if any
printf "A fault (%s) occured: %s\n", $call->faultcode, $ca

} else {
my $results_ref = $call->result; ## A reference to the resul
my %results = %$results_ref; ## Dereference the result hash

## Report the remote command
my $command = $results{'command’};
print "Command used on the server: \n\t".$command, "\n";

## Report the result file name on the server
$server_file = S$results{’server’};
print "Result file on the server: \n\t".$server_file;
}
BT T T R
## Oligo-analysis part

## Output option
$output_choice = ’both’; ## We want to get the result on the cl

## Parameters

my $format = ’fasta’; ## The format of input sequences

my $length = 6; ## Length of patterns to be discovered

my $background = ’upstream-noorf’; ## Type of background us
my $stats = ’'occ,proba,rank’; ## Returned statistics

my $noov = 1; ## Do not allow overlapping patterns

my $str = 2; ## Search on both strands

my $sort = 1; ## Sort the result according to score

my $lth = 'occ_sig 0; ## Lower limit to score is 0, less signif

%args = (output’ => $output_choice,
‘tmp_infile’ => $server_file,

format’ => $format,

‘length’ => $length,

'organism’ => $organism,
'background’ => $background,
'stats’ => $stats,

'noov’ => $noov,

'str => $str,
'sort’ => $sort,
Ith' => $lth):

## Send request to the server
print "\nOligo-analysis: sending request to the server\t"
$call = $soap->call(oligo_analysis’ => ’request’ => \%ar

## Get the result
if ($call->fault){ ## Report error if any

printf "A fault (%s) occured: %s\n", $call->faultcode, $ca
} else {

my S$results_ref = $call->result;

my %results = %$results_ref;
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## Report remote commande
my $command = $results{’command’};
print "Command used on the server: ".$command, "\n";

## Report the result
if ($output_choice eq ’server’) {
$server_file = $results{'server’};
print "Result file on the server: \n\t".$server_file;
} elsif ($output_choice eq ’client’) {
my $result = $results{’client’};
print "Discovered oligo(s): \n".$result;
} elsif ($output_choice eq ’'both’) {
$server_file = $results{’server’};
my $result = S$results{'client’};
print "Result file on the server: \n\t".$server_file;
print "Discovered oligo(s): \n".$result;

}
}

19.3.6 Discover patterns with RSATWS

You can, of course, use directly the prografigo-analysis providing your own sequences. In the
following script, the upstream sequences of five yeast genes arasagut to oligo-analysis. Over-
represented hexanucleotides are returned.

#!/usr/bin/perl -w

# oligos_client_soap-wsdl.pl - Client oligo-analysis usi ng the SOAP::WSDL module
mRERHH R RS R e R R e R R R e R R A BRETHAT IR

#it

## This script runs a simple demo of the web service interface to the

## RSAT tool oligo-analysis. It sends a request to the server for

## discovering 6 letter words in the upstream sequences of 5 y east genes.

#it

BHHAHHHHHH AR AR A BHHHHHHHRHH

use strict;
use SOAP:WSDL;

warn "\nINFO: This demo script sends a set of sequences to the RSAT web service, and runs
## WSDL location

my $server = ’http://rsat.ulb.ac.be/rsat/web_services’ ;

my $WSDL = $server./RSATWS.wsdl’;

my $proxy = $server./RSATWS.cgi’;

my $soap=SOAP::WSDL->new(wsdl => $WSDL)->proxy($proxy) ;

$soap->wsdlinit;

## Output option
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my $output_choice = ’'both’; ## Accepted values: ’server’, ’ client’, ’both’

## Oligo-analysis parameters

my $sequence = '>NP_009651.1 PHOS5; upstream from -800 to -1; size: 800; location: NC_0011
TTTTACACATCGGACTGATAAGTTACTACTGCACATTGGCATTAGGTGEEAA CCAAGTAATAATTGCGAGAAACGTG
>NP_010769.1 PHOS8; upstream from -180 to -1; size: 180; loca tion: NC_001136.8 1420243
CAGCATTGACGATAGCGATAAGCTTCGCGCGTAGAGGAAAAGTARRIRGEATATAAAGAAAGAAGTGTATCTAAACK
>NP_009434.1 PHO11; upstream from -800 to -1; size: 800; loc ation: NC_001133.6 224651
GCAGCCTCTACCATGTTGCAAGTGCGAACCATACTGTGGCCACATAGAAAAAGTCCAGGATATCTTGCAAACCTAC
>NP_011749.1 PHO81; upstream from -800 to -1; size: 800; loc ation: NC_001139.7 958214
AAACGAGCATGAGGGTTACAAAGAACTTCCGTTTCAAAAATGAATBTABGTTTACCTTGTGGCAGCACTAGCTAAC(
>NP_013583.1 PHOB84; upstream from -800 to -1; size: 800; loc ation: NC_001145.2 25802

AAAAAAAAAGATTCAATAAAAAAAGAAATGAGATCAAAAAAAAAALBRMNAAAAAAAGAAACTAATTTATCAGCCGCT

my $format = 'fasta’; ## The format of input sequences
my $length = 6; ## Length of patterns to be discovered

my $organism = 'Saccharomyces_cerevisiae’; ## Name of the ( uery organism
my $background = ’upstream-noorf’; ## Type of background us ed
my $stats = ’'occ,proba,rank’; ## Returned statistics

my $noov = 1; ## Do not allow overlapping patterns

my $str = 2; ## Search on both strands

my $sort = 1; ## Sort the result according to score

my $lth = 'occ_sig 0’; ## Lower limit to score is 0, less signif icant patterns are not

my %args = (‘output’ => $output_choice,
'sequence’ => $sequence,
‘format’ => $format,
‘length’ => $length,
‘organism’ => $organism,
'background’ => $background,
‘stats’ => $stats,
‘noov’ => $noov,

str’ => $str,
'sort’” => $sort,
Ith => $lth);

## Send request to the server
print "Sending request to the server $server\n®;
my $call = $soap->call(’oligo_analysis’ => 'request’ => \% args);

## Get the result
if ($call->fault){ ## Report error if any

printf "A fault (%s) occured: %s\n", $call->faultcode, $ca [I->faultstring;

} else {
my $results_ref = $call->result; ## A reference to the resul t hash table
my %results = %$results_ref, ## Dereference the result hash table

##Report the remote command
my $command = $results{’command’};
print "Command used on the server: ".$command, "\n";

## Report the result
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if ($output_choice eq ’server’) {
my $server_file = $results{'server’};
print "Result file on the server: ".$server_file;
} elsif ($output_choice eq ’client’) {
my $result = $results{'client’};
print "Discovered oligo(s): \n".$result;
} elsif ($output_choice eq ’both’) {
my $server_file = $results{’server’}
my $result = $results{'client’};
print "Result file on the server: ".$server_file;
print "Discovered oligo(s): \n".$result;

}
}

19.3.7 Example of clients using property files

We have also made clients using an alternative approach. Instead of vinéiqarameters values in
the client code itself, these are read from a property file. Here is the Giergtrieve-seq:

#!/usr/bin/perl -w
# retrieve-seq_client.pl - Client retrieve-seq using the S OAP::WSDL module
# and a property file

HH AR R R R R R HHAHHH A

#Ht

## This script runs a simple demo of the web service inerface t o the
## RSAT tool retrieve-seq. It sends a request to the server fo r

## obtaining the start codons of 3 E.coli genes.

Ht

HHAHHHAHH R R AR R HHAHHHAHH R H

use strict;
use SOAP::WSDL;
use Util::Properties;

## WSDL location

my $server = ’http://rsat.ulb.ac.be/rsat/web_services’ X

my $WSDL = S$server./RSATWS.wsdl’;

my $proxy = $server./RSATWS.cgi’;

my $property_file = shift @ARGV;

die "\tYou must specify the property file as first argument\ n
unless $property _file;

## Service call
my $soap=SOAP::WSDL->new(wsdl => $WSDL)->proxy($proxy) ;
$soap->wsdlinit;

my $prop = Util::Properties->new();
$prop->file_name($property_file);
$prop->load();

my %args = $prop->prop_list();
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## Convert the query string into a list

my @aqueries = split(",", $args{query});
$args{query} = \@queries;

my $output_choice = $args{output_choice} || 'both’;
warn "\nThis demo script retrieves upstream sequences for a

## Send the request to the server
print "Sending request to the server $server\n”;
my $som = $soap->call(’retrieve_seq => 'request’ => \%arg

## Get the result

if ($som->fault){ ## Report error if any
printf "A fault (%s) occured: %s\n", $som->faultcode, $som

} else {
my $results_ref = $som->result; ## A reference to the result
my %results = %$results_ref, ## Dereference the result hash

## Report the remote command
my $command = $results{’command’};
print "Command used on the server: ".$command, "\n";

## Report the result
if ($output_choice eq ’'server’) {
my $server_file = $results{’server’};
print "Result file on the server: ".$server _file;
} elsif ($output_choice eq ’client’) {
my $result = $results{’client’};
print "Retrieved sequence(s): \n".$result;
} elsif ($output_choice eq ’'both’) {
my $server_file = $results{'server’},
my $result = $results{’client’};
print "Result file on the server: ".$server_file;
print "Retrieved sequence(s): \n".$result;
}
}

The property file looks like this:

output=both
organism=Escherichia_coli_K12
query=metA,metB
all=0

noorf=1

from=0

to=2
feattype=CDS
type=upstream
format=fasta

lw=0
label=id,name
label_sep=
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set of query genes\n\n";

s);

->faultstring;

hash table
table



nocom=0
repeat= 0
imp_pos=0

To run the client, give the path of the property file as argument.

In the downloadable clients, the ones with a name like *_client.pl use a prdertiExamples of
property files are in the sub-directory 'property_files’. When the eriypfile contains the path to a
file, make sure you edit it according to your system.

19.3.8 Other tools in RSATWS

Following the examples above or using the code that is available for downlpad can easily access
the other RSA Tools for which Web Services have been implemented. You ndliafi you need to
know about the tools (parameters, etc.) in the documentation

19.4 Examples of WS client in java

First, you need to generate the libraries. There are tools, like Axis, wtocih lom the WSDL
document. These usually take the URL of that document as one of themetns. In our case, it is
there:

http://rsat.ulb.ac.be/rsat/web_services/RSATWS.wsdl

Then you write a simple client like the one in the following example.

19.4.1 Same workflow as above with RSATWS

import RSATWS.OligoAnalysisRequest;
import RSATWS.OligoAnalysisResponse;
import RSATWS.PurgeSequenceRequest;
import RSATWS.PurgeSequenceResponse;
import RSATWS.RSATWSPortType;

import RSATWS.RSATWebServicesLocator;
import RSATWS.RetrieveSequenceRequest;
import RSATWS.RetrieveSequenceResponse;

public class RSATRetrievePurgeOligoClient {

| *x

* This script runs a simple demo of the web service interface to the

* RSAT tools retrieve-seq, purge-sequence and oligo-analys is linked in a workflow.
* It sends a request to the server for discovering 6 letter word S

* in upstream sequences of 5 yeast genes. The sequences are fir st

* retrieved and purged for repeated segments

*/

public static void main(String[] args) {

try

http://rsat.ulb.ac.be/rsat/web_services.html
2http://rsat.ulb.ac.be/rsat/web_servicessRSATWS_docu mentation.xml
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{

System.out.printin("This demo script illustrates a work f low combining three requests to
String organism = "Saccharomyces_cerevisiae";
[+ Get the location of the service */

RSATWebServicesLocator service = new RSATWebServicesLoc ator();
RSATWSPortType proxy = service.getRSATWSPortType();

[+ Retrieve-seq part *x [
[ = prepare the parameters */
RetrieveSequenceRequest retrieveSegParams = new Retriev eSequenceRequest();

/IName of the query organism
retrieveSegParams.setOrganism(organism);

/IList of query genes

String[] g= { "PHO5", "PHO8", "PHO11", "PHO81", "PHO84" },
retrieveSegParams.setQuery(q);

/I Clip sequences to avoid upstream ORFs
retrieveSegParams.setNoorf(1);

retrieveSegParams.setNocom(0);

/I The result will stay in a file on the server
retrieveSegParams.setOutput("server");

/* Call the service */
System.out.printin("Retrieve-seq: sending request to th e server...");
RetrieveSequenceResponse res = proxy.retrieve seq(retr ieveSeqParams);
/ * Process results */
/IReport the remote command
System.out.printin("Command used on the server:"+ res.ge tCommand());

/IReport the server file location
String retrieveSeqFileServer = res.getServer();

System.out.printin("Result file on the server:\n"+ res. getServer());
[+ Purge-sequence part *x [

/ = prepare the parameters */

PurgeSequenceRequest purgeSeqParams = new PurgeSequence Request();

/I The result will stay in a file on the server
purgeSeqParams.setOutput("server");

/I Output from retrieve-seq part is used as input here
purgeSeqParams.setTmp_infile(retrieveSeqgFileServer) ;

[+ Call the service */

System.out.printin("Purge-sequence: sending request to the server...");
PurgeSequenceResponse res2 = proxy.purge_seq(purgeSeqP arams);

/= Process results */

/[Report the remote command
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System.out.printin("Command used on the server:"+ res2.g
/[Report the server file location

String purgeSeqFileServer = res2.getServer();
System.out.printin("Result file on the server:\n"+ res2

/ =+ Oligo-analysis part xx [

[ = prepare the parameters */

OligoAnalysisRequest oligoParams = new OligoAnalysisReq
/I Output from purge-seq part is used as input here
oligoParams.setTmp_infile(purgeSeqFileServer);
oligoParams.setOrganism(organism);

/I Length of patterns to be discovered
oligoParams.setLength(6);

/I Type of background used
oligoParams.setBackground("upstream-noorf");

/I Returned statistics

oligoParams.setStats("occ,proba,rank");

/I Do not allow overlapping patterns
oligoParams.setNoov(1);

/I Search on both strands

oligoParams.setStr(2);

/I Sort the result according to score
oligoParams.setSort(1);

/I Lower limit to score is 0, less significant patterns are no
oligoParams.setLth("occ_sig 0");

[+ Call the service * |
System.out.printin("Oligo-analysis: sending request to
OligoAnalysisResponse res3 = proxy.oligo_analysis(olig

/= Process results */

/[Report the remote command
System.out.printin("Command used on the server:"+ res3.g
/IReport the result

System.out.printin("Discovered oligo(s):\n"+ res3.get
/IReport the server file location

System.out.printin("Result file on the server::\n"+ res3

catch(Exception e) { System.out.printin(e.toString());

19.5 Examples of WS client in python
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etCommand());

.getServer());

uest();

t displayed

the server...");
oParams);

etCommand());
Client());

.getServer());

19.5.1 Get infos on genes having methionine or purine in their
description, as above in perl
#! Jusr/bin/python



class GenelnfoRequest:
def __init__ (self):

self.organism = None
self.query = None
self.noquery = None
self.desrc = None
self.full = None
self.feattype = None

if __name__ == '_ main__"
import os, sys, SOAPpy

if os.environ.has_key("http_proxy"):
my_http_proxy=os.environ["http_proxy"].replace("htt
else:
my_http_proxy=None

organism = "Escherichia_coli_K12"
query = ['methionine”, "purine"]

full = 0

noquery = 0
descr = 0
feattype = "CDS"

url = "http://rsat.ulb.ac.be/rsat/web_servicessRSATWS

server = SOAPpy.WSDL.Proxy(url, http_proxy = my_http_pro

server.soapproxy.config.dumpSoapOutput = 1
server.soapproxy.config.dumpSoaplnput = 1
server.soapproxy.config.debug = 0

req = GenelnfoRequest()
reg.organism = organism
reg.query = query
req.full = 0

req.descr = 1

res = server.gene_info(req)

print res.command
print res.client

p:/r,™)

.wsdl"
Xy)

19.6 Full documentation of the RSATWS interface

The full documentation can be found there:
http://rsat.ulb.ac.be/rsat/web_servicessRSATWS_docu

mentation.pdf

Please refer to the documentation of each RSAT application for furthel detach program.
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20 Graph analysis

20.1 Introduction
20.1.1 Definition

Informally speaking, ayraphis a set of objects called points, nodes, or vertices connected by links
called lines or edges.

More formally, a graph or undirected graghis an ordered paiG = (V,E) that is subject to the
following conditions :

¢ V is a set, whose elements are called vertices or nodes

e E is a set of pairs (unordered) of distinct vertices, called edges or lines.

The vertices belonging to an edge are called the ends, endpoints, eerticésof theedge V (and
hencekE) are taken to be finite sets.

The degreeof a vertex is the number of other vertices it is connected to by edges. abhigare
used to model all kinds of problems and situation (networks, maps, pathwaysodes and vertex
may present attributes (color, weight, label, ...).

20.1.2 Some types of graphs
Undirected graph

An edge between vertekand vertexB corresponds to an edge betwdzandA.

Directed graph (digraph)

An edge between vertexand vertexB does not correspond to a vertex betw&sandA. In that case,
edges are said to be arcs.

Weighted graph

A weight can be placed either on the nodes or on the edges of the grapgight on the edge may for
example represent a distance between two nodes or the strength artionerac

Bipartite graphs

A bipartite graph is a special graph where there are two types of nddlaadB and where each node
of typeAis only connected to nodes of tyBeand vice-versa.
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20.1.3 Graph files formats
List of edges

This format is the more intuitive way to encode a graph. It consists in a listiggebetween the nodes.
The names of the nodes are separated using some field separator, ireR&AMation. Some attributes
of the edges can be placed in the following columns (weight, label, color).

nl n2 3.2
ni n2 14
nZ n3 4
n3 n4 6
GML format

Among other, GML format allows to specify the location, the color, the labélthe width of the nodes
and of the edges. A GML file is made up of pairs of a key and a value. Exdmpkeys are graphs,
node and edges. You can then add any specific information for eaclkély format can be used by
most graph editors (like cytoscape and yEd).

For more information on the GML format, sk#p://www.infosun.fim.uni-passau.de/Graphlet/GML/

DOT format

DOT is a plain text graph description language. The DOT files are genersdlg by the programs
composing the GraphViz suite (dot, neato, dotty, ...). It is a simple way of ibesgrrgraphs that
both humans and computer programs can use. DOT graphs are typicallhditesnd with thedot
extension. Like GML, with DOT you can specify a lot of feature for theem(tolor, width, label).

20.2 RSAT Graph tools
20.2.1 convert-graph

This program converts a graph encoded in some format (gml, tab) to soere(gthl, tab, dot). The
source node are in the first column of this file, target nodes in the secduntiic and the edge weights
are in the third one. By default, column 1 contains the source node, colunart@tfet nodes and there
is no weight.

convert-graph -i demo_graph.tab -o demo_graph.gml -from t ab -to gml -scol 1 -tcol 2 -wcol

convert-graph also allows to randomize a graph usingndomoption, each node keeping the same
number of neighbours (degree). You can specify the number of esjrtandom graphs.

convert-graph -i demo_graph.tab -o random_graph -random 1 00 -from tab -to tab

This command will create 100 different random graph from the file demphgsb.
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20.2.2 graph-node-degree

Calculate the node degree of each node (or of a selection of nodespedities if this node is a seed
or a target node.

graph-node-degree -all -i demo_graph.tab

20.2.3 graph-neighbours

Extracts the neighbourhood from a graph (the number of steps may bidiegheof all or of a set of
seed nodes.

graph-neighbours -i demo_graph.tab -steps 1 -seed n2 -self

With this commandgraph-neighbours will retrieve all the first neighbours of nod® , n2 being
included. To also get the neighbours of the neighbouraZyfwe should use the optiorsteps 2
The output file may then be used witlhhmpare-classeprogram to compare groups of neighbours to
annotated groups of nodes. A file containing a list of seed nodes canéyetg graph-neighbours
using-seedfoption.

Using the -stats option with a weighted graph will return one line for each isege (-steps must
then be equal to 1).

20.2.4 compare-graphs

Computes the intersection, union or difference of two graphs (a refergraph and a query graph).
The format of each input graph may be specified so that you can coragarg encoded graph to a
edge-list format graph.

compare-graphs -Q query_graph.tab -R reference_graph2.g ml \
-return union -out_format tab -outweight Q::R \
-in_format_R gml -wcol_Q 3

With this command, you will compare query_graph.tab and referenceh2ygpl. The output will
be an edge list format file. For each edge, it will specify if the edge bsltmthe reference graph, to
the query graph or to both of them and colour the edges accordingly.

20.2.5 graph-get-clusters

Extract from a graph a subgraph specified by a setustersof nodes. It returns the nodes belonging
to the clusters and the intra-cluster arcs, and ignore the inter-cluster arcs

graph-get-clusters -i demo_graph_cl.tab -clusters demo_ graph_clusters.tab \
-out_format gml -o demo_graph_clusters_ex.gml

Using the-distinct option, nodes belonging to more than one cluster are duplicated. This option
should be used for visualisation purpose only.

Using the-inductedoption, you can extract a subgraph containing all the nodes specifie@ in th
cluster file. In that case, you don'’t specially need a two-column file.
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20.2.6 compare-graph-clusters

With the -return tableoption, this program counts the number (or the sum of the weights) of intra
cluster (or class) edges in a graph according to some clustering (classifjcfile and the number of
edges in each cluster.

compare-graph-clusters -i demo_graph_cl.tab \
-clusters demo_graph_clusters.tab -v 1 -return table

With the -return graphoption, this program returns some cluster characteristics for eachiezlge,

the number of time the source node and the target node were found withemtleectuster, the number
of time the source node was found without the target node, ...
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21 Pathway extraction tools

21.1 Using pathway extraction tools

21.1.1 Listing tools and getting help

You can list available tools by typing:

java graphtools.util.ListTools

All tools provide a-h option to display help.

21.1.2 Abbreviating tool names

The command line tool names may be simplified by setting aliases. For example, asthsHzll:

alias Pathfinder="java graphtools.algorithms.Pathfind er"

allows to type:

Pathfinder -h

instead of;

java graphtools.algorithms.Pathfinder -h

21.1.3 Increasing JVM memory

For large graphs, you may need to increase the memaory allocated to the jaehwiachine. You can
do so by specifying theXmx option.
Example:

java -Xmx800m graphtools.algorithms.Pathfinder -h

21.2 Obtaining metabolic networks

21.2.1 Downloading MetaCyc and KEGG generic metabolic
networks from the NeAT web server

Metabolic networks can be downloaded from the NeAT web server. Getm#énu entry “Path finding
and pathway extraction”, open the “Pathway extraction” page and clickvimme networks can be
downloaded here.” This will open a table with tab-delimited generic MetaCgd&&GG networks.
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21.2.2 Building KEGG generic metabolic networks

Reaction network
To build the directed reaction network, type:

java -Xmx800m graphtools.parser.KeggLigandDataManager -m

The network is stored in the current directory.

The execution of this command takes quite long, because it fetches the memwticompound files
from KEGG'’s ftp repository aftp.genome.jp . To get these files, th€eggLigandDataManager
requireswgetto be installed and in your patiuget s freely available froninttp://www.gnu.org/software/wget/

Alternatively, you may first download the reaction and compound filessgiiirom the KEGG ftp
server. Type in your browser (or in your favourite ftp client):
ftp://anonymous@ftp.genome.jp/pub/kegg/ligand/compo und/compound
and save the compound file iR SAT/data/KEGG/KEGG_LIGANDo the same for the reaction file
at
ftp://anonymous@ftp.genome.jp/pub/kegg/ligand/react ion/reaction
Then you can run the command above to generate the reaction network.

RPAIR network
To construct the undirected RPAIR network, type:

java -Xmx800m graphtools.parser.KeggLigandDataManager -S -u

Creating the RPAIR network will also create ttgairs.tabfile, which can be placed in the KEGG
directory for later use by typing:

cp $RSAT/data/KEGG/KEGG_LIGAND/rpairs.tab $RSAT/data/ KEGG/rpairs.tab

An older version of this file is also available from tNeATweb server in the data/KEGG directory.

Reaction-specific RPAIR network
For the reaction-specific undirected RPAIR network, type:

java -Xmx800m graphtools.parser.KeggLigandDataManager -t -u

21.2.3 Building KEGG organism-specific metabolic networks

The MetabolicGraphProvider tool allows you to merge KEGG KGML files into salmaic network
specific to a set of organisms.

Prerequisites
You may first create the list of available KEGG organisms:

java -Xmx800m graphtools.parser.MetabolicGraphProvide r -O

This command will create the filéegg_organisms_list.txh the current directory. Since this file is
needed by théetabolicGraphProvider, you may copy it to its default location:

cp Kegg organisms_list.txt \$RSAT/data/KEGG/Kegg_orga nisms_list.txt
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Alternatively, you may obtain an older version of this file from M@ATweb server in the data/KEGG
directory.

Creating an organism-specific reaction network for E. coli
The command below builds the coli-specific metabolic reaction network from its KGML files:

java -Xmx800m graphtools.util.MetabolicGraphProvider - i eco -0 ecoNetwork.tab

The KGML files are automatically obtained from the current KEGG databaiiell may take very
long). Alternatively, they can be downloaded manually fitattp://mwww.genome.jp/kegg/xml/
If downloaded manually, all organism-specific KGML files have to be planexdfolder named with
the organism’s KEGG abbreviation (eegofor E. coli). The folder should be located in tIRSAT/-
data/KEGGdirectory.

We can also merge the KGML files of several organisms into one networkgplg some filtering
as follows (in one line):

java -Xmx800m graphtools.util.MetabolicGraphProvider - i ecv/eco -0
eco_ecv_Network.tab -c C00001/C000002/C00003/C00004/C 00005/C00006/C00007/C0O0008

This command will construct a merged metabolic network from Bvaoli strains Escherichia
coli K-12 MG1655andEscherichia coli O1 (APEQ)and in addition filter out some highly connected
compounds (water, ATP, NAD+, NADH, NADPH, NADP+, oxygen and RD

21.2.4 Building metabolic networks from biopax files

Several metabolic databases store their data in biopax fottipt/(www.biopax.org/ ), e.g.
BioCyc and Reactome. You can create a metabolic network from a biopassiilg theGDLCon-
verter.

For instance, you may download the lysine biosynthesis | pathwaytittpri/metacyc.org/
in biopax format and save it into a file nambdine_pwy1.xml You can then obtain a tab-delimited
metabolic network from this file using the command below (in one line). Note that#tabolic
network preserves the reaction directions indicated in the biopax file, thet\isrsible reactions are
kept.

java graphtools.util. GDLConverter -i lysine_pwyl.xml
-0 lysine.txt -O tab -l biopax -b -d

Option-0O indicates the output format (tab-delimitedl), specifies the input format (biopax in this
case);b flags that attributes required for the metabolic format should be setanells the program
to construct a directed network.

The GDLConverter may be applied in general to interconvert networks in different formats.

21.3 Finding k-shortest paths

Pathways may be extracted from metabolic networks by enumeratilkesthertest paths between a set
of source compounds/reactions and a set of target compounds/reaction

In metabolic networks, some compounds such as ATP or NADPH are inviohaetarge number of
reactions, thus acting as shortcuts for the path finding algorithm. Howmatbis crossing these highly
connected compounds are not biochemical relevant. In order to prisepath finding algorithm to
traverse these compounds, the metabolic network should be weighted.
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For example, assume you have generafdd? 9 or downloadedZ1.2.]) a KEGG RPAIR network
stored in the filiKEGG_RPAIR_undirected.txGiven this network, we can list the three highest-ranked
lightest paths between aspartate (KEGG identifier: C00049) and lysin€@identifier: C00047)
with the command below (in one line):

java -Xmx800m graphtools.algorithms.Pathfinder -g KEGG_ RPAIR_undirected.txt
-s C00049 -t C00047 -y con -b -r 3 -f tab

where options specifies the source node (more than one can be giterthe target node (as for
the source, more than one target can be speciiedhdicates the format of the input network (tab-
delimited),-r indicates the rank, option-y gives the weight policy to be applied (con setweéight
of compounds to their degree and the weight of reactions to one)afidgs that the input network is
metabolic.

This command will yield the following output (with KEGG RPAIR version 49.0):

INFO Pathfinder took 5014 ms to perform its task.
; Experiment exp_0

; Pathfinding results

; Date=Fri Apr 30 16:34:27 CEST 2010

; INPUT

; Source=[C00049]

; Target=[C00047]

; Graph=KEGG_RPAIR_undirected.txt

; Directed=false

; Metabolic=true

; RPAIR graph=true

; CONFIGURATION

; Algorithm=rea

; Weight Policy=con

; Maximal weight=2147483647

; Exclusion attribute=ExclusionAttribute

; Rank=3

; REA timeout in minutes=5

; EXPLANATION OF COLUMNS

; Start node=given start node identifier

; End node=given end node identifier

; Path=path index

; Rank=rank of path (paths having same weight have

the same rank, though their step number might differ)
; Weight=weight of path (sum of edge weights)

; Steps=number of nodes in path

; Path=sequence of nodes from start to end node that forms the path
#start end path rank weight steps path
C00049 CO00047 1 1 122.0 15 C00049->RP00932->C03082

->RP02107->C00441->RP02109->C03340->RP00740->C03972 ->RP03970->C03871
->RP02474->C00680->RP00907->C00047

C00049 Co00047 2 2 126.0 15 C00049->RP00932->C03082
->RP02107->C00441->RP02109->C03340->RP00740->C03972 ->RP11205->C00666
->RP02449->C00680->RP00907->C00047

C00049 cCo00047 3 3 134.0 11 C00049->RP00116->C00152
->RP06538->C00151->RP01393->C00405->RP07206->C00739 ->RP00911->C00047
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C00049 cCo00047 4 4 143.0 13 C00049->RP03035->C04540
->RP01395->C00152->RP06538->C00151->RP01393->C00405 ->RP07206->C00739
->RP00911->C00047

The format of the output can be changed to output the path list as a nefiosknetwork can then
be visualized using thBathwayDisplayeras explained in sectio?l.5.4
To output the path list as a network in gml format, run the following command @dlior):

java -Xmx800m graphtools.algorithms.Pathfinder -g KEGG_ RPAIR_undirected.txt
-s C00049 -t C00047 -y con -b -r 3 -f tab -T pathsUnion -O gml
-0 asp_lys_paths.gml

The fileasp_lys_paths.gnareated in the current directory contains the network in gml format.

21.4 Linking genes to reactions

The main application of pathway extraction is to interpret a set of associatgthe-coding genes. An
association can for example be co-expression in a microarray, ctatiegun an operon or regulon or
co-occurrence in a phylogenetic profile.

In this section, we will see how to link enzyme-coding genes to their reacfidnsis not a straight-
forward task, as an N:N relationship exists between genes, EC numdsrions and reactant pairs.

21.4.1 Prerequisites

In order to link genes to reactions, the metabolic database needs to be inSth#adstallation of this
database is described in chapter “Metabolic Pathfinder and Pathwagtexitan theNeATweb server
install guide, which is available from ti¢eATweb server download section.

21.4.2 Linking genes of the isoleucine-valine operon to reactions

The isoleucine-valine operon (RegulonDB identifier: ilvLG_1G_2MEDAgstherichia colis known
to contain enzymes of the isoleucine and valine biosynthesis pathway.
It consists of the following genes:

ilvL ilvG_1 ilvG_2 ilvM ilvE ilvD ilvA

These genes can be linked to KEGG reactant pairs using the command lretowe (ine):

java graphtools.util. SeedConverter -i ilvL/ivG_1/ilvG _2[iivM/ilvE/ilvD/ilvA
-| string -O eco -0 ilv_operon_seeds.txt -r

Option-r flags that genes should be mapped to (main) reactant p@irspecifies the source or-
ganism of the genes, lists the genes and specifies the input format.

21.5 Predicting metabolic pathways

Given a set of seeds (compounds or reactions/reactant pairs) analolieenetwork, the task of the
pathway extraction tool is to extract a metabolic pathway that connects theds i the metabolic
network. The tool is quite generic and can be applied to any network auresle set. However, it
has been tailored to metabolic pathway prediction.
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21.5.1 Predicting a metabolic pathway for the isoleucine-valine
operon

Assume you have generated the seed input file from se2tich2and the KEGG RPAIR graph as
described in sectio1.2.2 The KEGG RPAIR graph is assumed to be stored in a tab-delimited file
nameKEGG_RPAIR_undirected.tXthen we can predict the pathway for the genes in the isoleucine-
valine operon with the following command (in one line):

java -Xmx800m graphtools.algorithms.Pathwayinference - g
KEGG_RPAIR_undirected.txt -i ilv_operon_seeds.txt -b -f tab
-y con -E Result -a takahashihybrid -U -o ilv_predicted pat hway.tab

where optionb specifies that the network is a metabolic netwafk,indicates the input network
format (tab-delimited);a specifies the algorithm to be used afd indicates the weight policy to be
applied (con stands for connectivity, which means that compound nedeise a weight corresponding
to their degree). OptiorE is used to indicate the name of the folder where results are stored. This is
especially useful when several predictions are carried out in a vguse the output file in this case
reports the merged pathway. In the example above, the result foldesderstore the properties of the
predicted pathway (obtained with optied ).

A variant of the pathway extraction exploits the fact that we work with the GE&PAIR graph,
which allows us to link adjacent main reactant pairs (i.e. reactant pairsmiglecompound). This is
done in a preprocessing step (optiéh):

java -Xmx800m graphtools.algorithms.Pathwayinference - g
KEGG_RPAIR_undirected.txt -i ilv_operon_seeds.txt -b -f tab -y con -P
-a takahashihybrid -o ilv_predicted pathway preprocess ed.tab

21.5.2 Mapping reference pathways onto the predicted pathway

The predicted metabolic pathway can be mapped to reference pathwaygkistibre metabolic database.
This can be done as follows:

java graphtools.util.MetabolicPathwayProvider -i ilv_p redicted_pathway.tab
-l tab -D KEGG -o ilv_predicted_pathway mapped.tab

where optionD indicates that reference pathways should be taken from KEGAE ainttlicates the
input format of the pathway. In the output pathway, nodes mapping teerefe pathways are annotated
with a color and the name of the corresponding reference pathway.rdgem also outputs the color-
code of mapping reference pathways:

INFO: Legend
BurlyWood: Valine,_ leucine_and_isoleucine_biosynthes is
orange: no match to any reference pathway

21.5.3 Annotating the predicted pathway

The nodes of a predicted metabolic pathway can be labeled with names (auispoEC numbers
(reactions) and genes (reactions). The requires the metabolic datatbesmstalled (se2l1.4.]).

The command below annotates the metabolic pathway néwmeutedicted _pathway.tabnd colors
its seed nodes (stored in the seed nodélfileoperon_seeds.t}tin blue:
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java graphtools.util. GraphAnnotator -i ilv_predicted p athway.tab -l tab
-0 ilv_predicted pathway annotated.tab -O tab -k -b
-F ilv_operon_seeds.txt

Option-k tells GraphAnnotator to associate EC nhumbers to KEGG genes using the current KEGG
database, -b indicates that the pathway is a metabolic pathway, -l spedfiggoth format of the
pathway to be annotated (tab-delimited) and -F indicates the location of thecaéedile.

21.5.4 Visualizing the predicted pathway

The visualization of a pathway requirgsaphviz to be installed, which is available hdrtp://www.graphviz.org/
With graphviz installed, the pathway can be visualized as follows:

java graphtools.util.PathwayDisplayer -i ilv_predicted _pathway_annotated.tab
-l tab -p

Option -p tells PathwayDisplayerto generate the image withraphviz, -I indicates the input
format of the pathway to be displayed (tab-delimited).
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