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The aim of the next sections is to give examples of usage of Sarment. For
good comprehension of this tutorial, it is necessary to look into the manual.

The used files are in directory Data, located in this same directory. In
the examples, all of the data is in the current directory.

1 Counting on a sequence

In this section, we compute proportions of words on a sequence, from file in
specific format lambda.seq, generate randomly a new sequence given these
proportions, and compute the likelihood of models on both sequences.

1. From a sequence, we count the 3-length words.

import sequence
s=sequence.Sequence(fic="lambda.seq")
import compte

c=compte.Compte ()

c.add_seq(s,3)

print c

print c.pref(2)

float(c[’ag’])/cl’a’]

2. Afterwards, we compute the proportions of letters, given the letter
before. We call them 1|1-proportions.

p=compte.Proportion()
p.read_Compte(c,lprior=1,lpost=1)
print p



Compare the value for "word" A|G with the rate computed before.

. The end symbol ~ is not relevant for sequence generation, so we remove
it.

p.read_Compte(c.rstrip(),lprior=1,lpost=1)
print p

. We generate a 10000 letters sequence, given these 1|1-proportions.

s2=sequence.Sequence ()
s2.read_prop(p,long=10000)
print s2[:10]

. Let’s check the 1|1-proportions in s2

c2=compte.Compte ()

c2.add_seq(s2,2)

p2=compte.Proportion()
p2.read_Compte(c2.rstrip(),lprior=1,lpost=1)
print p2

. We translate proportion p into a Lexique.

import descripteur
d=descripteur.Descripteur (1, prop=p)
import lexique

1x=lexique.Lexique ()

1x[1]=d

print 1x

This rather intricate syntax of Lexique is explained in the descriptors
part, and the use of it is detailed in this tutorial part.
. We compute the mean log-likelihood of the markovian model con-

structed by p, on both sequences.

print lx.prediction(s)/len(s)
print lx.prediction(s2)/len(s2)



Both are very close.

8. Be careful about the beginning of the sequence. In the next example,
a -100000 penalty is due to the lacking proportion for the beginning of
the sequence, and the right command to avoid this problem.

g=compte.Proportion()
q.read_Compte(c.strip(),lprior=1,lpost=1)
print q # character ~ has been removed
d.read_prop(q)

1x[1]=d

print lx.prediction(s)

print lx.prediction(s,deb=1)

print lx.prediction(s,deb=1)/(len(s)-1)

9. And with longer priors:

p3=compte.Proportion()
p3.read_Compte(c.rstrip(),lprior=2,lpost=1)
print p3

d.read_prop(p3)

1x2=lexique.Lexique ()

1x2[1]=d

print 1x2.prediction(s)/len(s)

print 1x2.prediction(s2)/len(s2)

print 1x2.prediction(s,deb=2)/(len(s)-2)
print 1x2.prediction(s2,deb=2)/(len(s2)-2)

Both log-likelihoods are less close than before.

2 Segmenting a sequence
We work on a well-known sequence, the DNA sequence of A — phage, in file

lambda.seq, which is in specific format. In this example, we use a previously
defined HMM, from file Ipropl.

1. We load the sequence and the lexique corresponding to the HMM.



import sequence

s=sequence.Sequence (fic="lambda.seq")
len(s)

import lexique
1x=lexique.Lexique(fprop="1propi")
print 1x

. We build and draw the partition of the states of the most probable
"path" computed with Viterbi algorithm.

import partition
p=partition.Partition()
p.viterbi(s,1lx)

len(p)

print p

p.draw_nf ("lambdal.ps",num=1)

. We compute the Matrice of the log-probabilities of the descriptors given
the sequence and the model, by Forward-Backward algorithm.

import matrice
m=matrice.Matrice()
m.fb(s,1x)

print m[:10]

. We build a new partition, in which each segment is made where the
most probable descriptor in former Matrice is the same on a continuous
set of positions.

p2=partition.Partition()
p2.read_Matrice(m)

len(p2)

p2.draw_nf ("lambda2.ps",num=1)

. And if we want to draw the partition such that the height of each arc
is proportional with minus the density of log-probability of the model

on this segment.

p2.draw_nf ("lambda_val.ps",num=1,func=lambda x: -x.val()/len(x))



6. And we want to draw only the segments described by descriptor 3.
p2.draw_nf ("lambda_val3.ps",seg=[3],func=lambda x: -x.val()/len(x))

7. We compute the proportion of common descriptions between both par-
titions.

float (p2.pts_comm(p))/len(s)

8. We build the 50-partitioning from the predictions of the lexique, and
draw it.

import parti_simp
ps=parti_simp.Parti_simp()
ps.mpp(s,1x,50)

ps.draw_nf ("lambda_ps.ps",num=1)

9. We compute the list of the similarities between the partitions of ps and
both partitions pl and p2.

1=[]
for i in range(len(ps)):
1.append([i+1,float(ps[i].pts_comm(p))/len(s),float(ps[i].pts_comm(p2))/len(s)])

for i in 1:
print 1

Notice and compare the best scores and their corresponding number
of segments with the actual number of segments of p and p2.

3 Building and using HMM

This part is based on data file seq hmm.fa and Lproportion file lprop2.
We want to compute partitions on a set of sequences from a HMM, and
compute proportions from the resulting partitions.

1. We load the sequences and the HMM.



import lsequence
ls=1sequence.Lsequence()
ls.read_nf(’seq_hmm.fa’)

import lcompte
lpr=1compte.Lproportion(fic="1prop2")
print lpr

We notice that in these proportions there is no transition proportion
for the sequences beginning.

. We compute a Lpartition with Viterbi algorithm, and print the number
of segments of each partition

import lpartition
lpa=lpartition.Lpartition()
lpa.add_Lseq(1ls)
import lexique
1x=lexique.Lexique ()
1x.read_Lprop(lpr)
lpa.viterbi(1x)
for i in lpa:

print len(i[1]),

. We build a new Lcompte of 2-length words from the segmentations.
lc=1lcompte.Lcompte ()

lc.read_Lpart(lpa,2)

print lc

. We compute a new HMM from the 1|1-proportions on the latter Lcompte.

lpr2=1lcompte.Lproportion()
lpr2.read_Lcompte(lc.rstrip(),lprior=1,lpost=1)

. We compute the Kullback-Leibler divergence form lpr to lpr2, using
MC simulation on 100 sequences of length 5000.

1pr.KL_MC(1pr2,100,5000)



6. On the studied sequences, we compute new partitions with this new
HMM with FB algorithm.

1x2=1exique.Lexique ()
1x2.read_Lprop(lpr2)
lpa2=lpartition.Lpartition()
lpa2.add_Lseq(lpa.Lseq())
1pa2.fb(1x2)

7. And so on.

4 Usage of Lexique and Parti simp

We give several examples of Lexique, to show how use its specific syn-
tax. These examples are used on the DNA sequence of A — phage, in file
lambda.seq, which is known to show strong signals of segmentation |Chu92,
Chu89, Gue00].

In connection with Lexique, we give examples of computation and ma-
nipulation of partitionnings.

1. We load the sequence.

import sequence
s=sequence.Sequence(fic="lambda.seq")

2. We want to part this sequence such that a segment is described by a
letter, and its value is the number of occurences of this letter.

print s.alpha()

import lexique
1x1=lexique.Lexique()
1x1.read_str(’0:a 1:c 2:g 3:t?)
print 1x1

import parti_simp
psl=parti_simp.Parti_simp()
psl.mpp(s,1x1,100)

3. We draw the even-numbered partitions.



psil.filter(lambda x: len(x)%2==0).draw_nf("lambdal.ps")

4. We cluster the segments described by c or g, and the ones described by
a or t, and sort the new Parti_simp following the number of segments.
We draw the 20 first partitions of this new Parti_simp.

ps2=psl.group([[1,2],[0,31]1)
ps2.sort()
ps2[:20] .draw_nf ("lambdal_cg.ps",seg=[1,2])

5. We want to partition on comparing the occurences in ¢ and g versus
the ones in a and t.

1x2=lexique.Lexique(str="0:+(cg) 1:+(at)")
ps2=parti_simp.Parti_simp()
ps2.mpp(s,1x2,20)

ps2[:20] .draw_nf ("lambda2_cg.ps" ,num=1)

5 Looking for CpG islands

In mammal genomes, methylation of cytosine in dinucleotides CG (called
CpQ) entails low frequency of such dinucleotides, excepted in small segments,
called CpG islands (see [PDMO1]). A usual way to detect CpG islands is to

number of observed CpG 2 1: .
number of expected CpG on Shdlng windows.

To goal of this part is to segment a mouse sequence to reveal CpG is-
lands. The modelling used has two states: model of CpG island vs model
of methylated sequence. Both models are learned from the proportions of
words in sets of sequences, respectively in files mus cpg.fa and mus tem.fa.

compute the ratio

First, we use the MPP algorithm and compute the segmentation proba-
bility to build a maximum prediction partition.

After, we proceed an HMM analysis. For this, we introduce the informa-
tion that in mouse genome, CpG islands are in average 1000 bases long, and
are spaced by in average 125,000 bases.

At the end, we draw the partitions computed by these methods with
some computed by CpG specialised methods.



1. We count the 1|1-proportions on the Lsequence built from both sets of
sequences.

import lsequence
1s_cpg=lsequence.Lsequence(fic="mus_cpg.fa")
1ls_tem=1sequence.Lsequence(fic="mus_tem.fa")
import compte
c_cpg=compte.Compte ()
for s in ls_cpg:

c_cpg.add_seq(s,2)

c_tem=compte.Compte ()
for s in ls_tem:
c_tem.add_seq(s,2)

p_cpg=c_cpg.strip() .prop(lprior=1,lpost=1)
print p_cpg
p_tem=c_tem.strip() .prop(lprior=1,lpost=1)
print p_tem

2. We have to remove the N letters:

p_cpg=c_cpg.restrict_to(’ACGT’) .strip() .prop(lprior=1,lpost=1)
print p_cpg
p_tem=c_tem.restrict_to(’ACGT’) .strip() .prop(lprior=1,lpost=1)
print p_tem

3. Then we build a Lproportion for our modelling. We introduce the
inter-state probabilities for the HMM:

import lcompte

lp=1lcompte.Lproportion()

1p[0]l=p_cpg # state O for cpg islands

lp[1]l=p_tem # state 1 for sequences between of cpg islands
lp.g_inter(0,0,1-1/1000.0)

lp.g_inter(0,1,1/1000.0)

lp.g_inter(1,0,1/125000.0)

lp.g_inter(1,1,1-1/125000.0)

print 1p



4. To build partitions of the studied sequence, we have use a Lexique.

import sequence
s_mus=sequence.Sequence (fic="mus2.fa")
import lexique

1x_hmm=lexique.Lexique ()
1x_hmm.read_Lprop(1lp)

5. We compute the segmentation probabilities on the sequence from the
models used to build the sequence, up to 200 classes.

lprob=1x_hmm.probability(s_mus,200)

6. We compute the logarithm of bayesian factor: the probability of the se-
quence under the segmentations in k-segments for all k>>-=n, divided by
the probability of the sequence under the segmentations in k-segments
for all k<n. And we select the biggest number of segments that is over
3.2.

import math
def expmean(l): #computes the logarithm of the mean of exponentials
m=max (1)
x=0
for i in 1:
x+=math.exp(i-m)
return(math.log(x/len(1l))+m)

1bay=[]
for i in range(1l,len(lprob)):

lbay.append (expmean(lprob[i:])-expmean(lprob[:i]))
nbc=lbay.index(filter(lambda x: x>=3.2,lbay) [-1])+2
print nbc

7. We compute the MPPcorresponding to the Lexique.; and we draw it,

with the height of each arc proportional with the G+C density.

import parti_simp
ps=parti_simp.Parti_simp()
ps.mpp(s_mus, lx_hmm, nbc+30)
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10.

11.

12.

13.

. We want to draw the partitioning such that the height of each arc is

proportional to the density in C+G. So, we use a Lexique with the
descriptor C+G.

1x_cg=lexique.Lexique(str="+(CG)")
ps.draw_nf ("mus_ps_cg.ps",func=lambda s: 1lx_cg.prediction(s_mus,deb=s.deb(),fin=s.f

. And we keep the most relevant partition:

p_nbc=ps [nbc-1]
The next partition is computed via Viterbi algorithm.

import partition
p_vit=partition.Partition()
p_vit.viterbi(s_mus,lx_hmm)
print p_vit

The following one is built via forward-backward algorithm, by the most
probable state on each position. Then, before, the Matrice of the log-
probabilities of the states must be computed.

import matrice
m_fb=matrice.Matrice()
m_fb.fb(s_mus,lx_hmm)
p_fb=partition.Partition()
p_fb.read_Matrice(m_£fb)
print p_£fb

And we draw the partitions:

p_nbc.draw_nf ("mus_nbc_cg.ps",func=lambda s: lx_cg.prediction(s_mus,deb=s.deb(),firn
p_vit.draw_nf ("mus_vit_cg.ps",func=lambda s: 1lx_cg.prediction(s_mus,deb=s.deb(),fir
p_fb.draw_nf ("mus_fb_cg.ps",func=lambda s: lx_cg.prediction(s_mus,deb=s.deb(),fin=s

We want to draw these partitions such that the height of each arc is
proportional to the value:

11



number of observed CpG ~ number of CpG.length of the segment

number of expected CpG number of C.number of G

We use a Lexique with 3 descriptors: C G and word CG, and define
the function on a lexique, a sequence, and a segment, that returns the
ratio.

1x_oe=lexique.Lexique(str="0:C 1:G 2:CG’")

def height(l,sq, sg):
dl=1.1s_evalue(sq,deb=sg.deb() ,fin=sg.fin())
return float(dl[2]*len(sg))/(d1[1]1*d1[0])

And we draw the partitions:

p_nbc.draw_nf ("mus_nbc_oe.ps",func=lambda s: height(lx_oe,s_mus,s))
p_vit.draw_nf ("mus_vit_oe.ps",func=lambda s: height(lx_oe,s_mus,s))
p_fb.draw_nf ("mus_fb_oe.ps",func=lambda s: height(lx_oe,s_mus,s))

. We want to compare those methods with some specifically made for
CpG islands detection: CpGproD [PMO1|, CpGplot |[LGLP92| and CpG
Island Searcher [TJ02]. As the outputs of these programs have dif-
ferent syntaxes, they are converted in several files. Those files are,
respectively, cpgprod.part, cpgplot.part, and cpgis.part.

They are all put un a Parti_simp, with the ones computed with HMM
algorithms:

pscmp=parti_simp.Parti_simp()
pscmp.append(partition.Partition(fic="cpgprod.part"))
pscmp[-1].s_name("cpgprod")
pscmp.append(partition.Partition(fic="cpgplot.part"))
pscmp[-1].s_name("cpgplot")
pscmp.append(partition.Partition(fic="cpgis.part"))
pscmp[-1].s_name("cpgis")

pscmp.append (p_£fb)

pscmp[-1].s_name ("fb")

pscmp.append(p_vit)
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pscmp[-1] .s_name("vit")

pscmp . append (p_nbc)

pscmp[-1] .s_name ("mpp")
pscmp.draw_nf ("tous_cpg.ps",seg=[0])

6 Predicting the number of classes

In this section, we build a random sequence, on a given number of classes,
from a set of markovian models, and we use the probability algorithm to
predict the given number.

In this example, the model is in file lpropl.

1. We build a Partition, on a virtual sequence of length 10000, in 23
segments, such that each segment is at least 50 positions long.

nbcl=23 # for example

import lcompte
lp=1lcompte.Lproportion(fic="1propl")
import partition
p=partition.Partition()
p-build_random(10000,nbcl,ec=50)

2. We attribute predictor numbers to the Segments of the Partition.

lnum=1p.num()
import random
numr=random.choice (1num)
for s in p:
s.g_num( [numr])
x=random. choice (1num)
while x==numr:
x=random. choice (1lnum)
numr=x

3. Then we build a Sequence from the Partition and the Lproportion.

import sequence
s=sequence.Sequence ()
s.read_Part(p,1lp)
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4. We compute the segmentation probabilities on the sequence from the
models used to build the sequence, up to 100 classes.

import lexique
1lx=lexique.Lexique(Lprop=1lp)
lprob=1x.probability (s, 100)

from rpy import *  #using R to plot it
r.plot(range(1,len(lprob)+1),lprob,ylab="Log-probability",xlab="Nbe of cla

5. We compute the logarithm of bayesian factor: the probability of the se-
quence under the segmentations in k-segments for all k>>=n, divided by
the probability of the sequence under the segmentations in k-segments
for all k<n:

import math
def expmean(l): #computes the logarithm of the mean of exponentials
m=max (1)
x=0
for i in 1:
x+=math.exp(i-m)
return(math.log(x/len(1l))+m)

lbay=[]
for i in range(1,len(lprob)):
lbay.append (expmean(lprob[i:])-expsmean (1prob[:i]))

r.plot(range(2,len(lprob)+1),lbay,ylab="Log of the Bayes factor",xlab="Nbe

6. We select the biggest number of classes that is over 3.2.

r.abline(h=3.2,col="red")

nbc=lbay.index(filter(lambda x: x>=3.2,lbay) [-1])+2
print nbc
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