
Sarment TutorialLaurent GuéguenO
tober 13, 2006The aim of the next se
tions is to give examples of usage of Sarment. Forgood 
omprehension of this tutorial, it is ne
essary to look into the manual.The used �les are in dire
tory Data, lo
ated in this same dire
tory. Inthe examples, all of the data is in the 
urrent dire
tory.1 Counting on a sequen
eIn this se
tion, we 
ompute proportions of words on a sequen
e, from �le inspe
i�
 format lambda.seq, generate randomly a new sequen
e given theseproportions, and 
ompute the likelihood of models on both sequen
es.1. From a sequen
e, we 
ount the 3-length words.import sequen
es=sequen
e.Sequen
e(fi
="lambda.seq")import 
ompte
=
ompte.Compte()
.add_seq(s,3)print 
print 
.pref(2)float(
['ag'℄)/
['a'℄2. Afterwards, we 
ompute the proportions of letters, given the letterbefore. We 
all them 1|1-proportions.p=
ompte.Proportion()p.read_Compte(
,lprior=1,lpost=1)print p 1



Compare the value for "word" A|G with the rate 
omputed before.3. The end symbol ^ is not relevant for sequen
e generation, so we removeit.p.read_Compte(
.rstrip(),lprior=1,lpost=1)print p4. We generate a 10000 letters sequen
e, given these 1|1-proportions.s2=sequen
e.Sequen
e()s2.read_prop(p,long=10000)print s2[:10℄5. Let's 
he
k the 1|1-proportions in s2
2=
ompte.Compte()
2.add_seq(s2,2)p2=
ompte.Proportion()p2.read_Compte(
2.rstrip(),lprior=1,lpost=1)print p26. We translate proportion p into a Lexique.import des
ripteurd=des
ripteur.Des
ripteur(1,prop=p)import lexiquelx=lexique.Lexique()lx[1℄=dprint lxThis rather intri
ate syntax of Lexique is explained in the des
riptorspart, and the use of it is detailed in this tutorial part.7. We 
ompute the mean log-likelihood of the markovian model 
on-stru
ted by p, on both sequen
es.print lx.predi
tion(s)/len(s)print lx.predi
tion(s2)/len(s2)2



Both are very 
lose.8. Be 
areful about the beginning of the sequen
e. In the next example,a -100000 penalty is due to the la
king proportion for the beginning ofthe sequen
e, and the right 
ommand to avoid this problem.q=
ompte.Proportion()q.read_Compte(
.strip(),lprior=1,lpost=1)print q # 
hara
ter ^ has been removedd.read_prop(q)lx[1℄=dprint lx.predi
tion(s)print lx.predi
tion(s,deb=1)print lx.predi
tion(s,deb=1)/(len(s)-1)9. And with longer priors:p3=
ompte.Proportion()p3.read_Compte(
.rstrip(),lprior=2,lpost=1)print p3d.read_prop(p3)lx2=lexique.Lexique()lx2[1℄=dprint lx2.predi
tion(s)/len(s)print lx2.predi
tion(s2)/len(s2)print lx2.predi
tion(s,deb=2)/(len(s)-2)print lx2.predi
tion(s2,deb=2)/(len(s2)-2)Both log-likelihoods are less 
lose than before.2 Segmenting a sequen
eWe work on a well-known sequen
e, the DNA sequen
e of λ − phage, in �lelambda.seq, whi
h is in spe
i�
 format. In this example, we use a previouslyde�ned HMM, from �le lprop1.1. We load the sequen
e and the lexique 
orresponding to the HMM.3



import sequen
es=sequen
e.Sequen
e(fi
="lambda.seq")len(s)import lexiquelx=lexique.Lexique(fprop="lprop1")print lx2. We build and draw the partition of the states of the most probable"path" 
omputed with Viterbi algorithm.import partitionp=partition.Partition()p.viterbi(s,lx)len(p)print pp.draw_nf("lambda1.ps",num=1)3. We 
ompute the Matri
e of the log-probabilities of the des
riptors giventhe sequen
e and the model, by Forward-Ba
kward algorithm.import matri
em=matri
e.Matri
e()m.fb(s,lx)print m[:10℄4. We build a new partition, in whi
h ea
h segment is made where themost probable des
riptor in former Matri
e is the same on a 
ontinuousset of positions.p2=partition.Partition()p2.read_Matri
e(m)len(p2)p2.draw_nf("lambda2.ps",num=1)5. And if we want to draw the partition su
h that the height of ea
h ar
is proportional with minus the density of log-probability of the modelon this segment.p2.draw_nf("lambda_val.ps",num=1,fun
=lambda x: -x.val()/len(x))4



6. And we want to draw only the segments des
ribed by des
riptor 3.p2.draw_nf("lambda_val3.ps",seg=[3℄,fun
=lambda x: -x.val()/len(x))7. We 
ompute the proportion of 
ommon des
riptions between both par-titions.float(p2.pts_
omm(p))/len(s)8. We build the 50-partitioning from the predi
tions of the lexique, anddraw it.import parti_simpps=parti_simp.Parti_simp()ps.mpp(s,lx,50)ps.draw_nf("lambda_ps.ps",num=1)9. We 
ompute the list of the similarities between the partitions of ps andboth partitions p1 and p2.l=[℄for i in range(len(ps)):l.append([i+1,float(ps[i℄.pts_
omm(p))/len(s),float(ps[i℄.pts_
omm(p2))/len(s)℄)for i in l:print iNoti
e and 
ompare the best s
ores and their 
orresponding numberof segments with the a
tual number of segments of p and p2.3 Building and using HMMThis part is based on data �le seq_hmm.fa and Lproportion �le lprop2.We want to 
ompute partitions on a set of sequen
es from a HMM, and
ompute proportions from the resulting partitions.1. We load the sequen
es and the HMM.5



import lsequen
els=lsequen
e.Lsequen
e()ls.read_nf('seq_hmm.fa')import l
omptelpr=l
ompte.Lproportion(fi
="lprop2")print lprWe noti
e that in these proportions there is no transition proportionfor the sequen
es beginning.2. We 
ompute a Lpartition with Viterbi algorithm, and print the numberof segments of ea
h partitionimport lpartitionlpa=lpartition.Lpartition()lpa.add_Lseq(ls)import lexiquelx=lexique.Lexique()lx.read_Lprop(lpr)lpa.viterbi(lx)for i in lpa:print len(i[1℄),3. We build a new L
ompte of 2-length words from the segmentations.l
=l
ompte.L
ompte()l
.read_Lpart(lpa,2)print l
4. We 
ompute a new HMM from the 1|1-proportions on the latter L
ompte.lpr2=l
ompte.Lproportion()lpr2.read_L
ompte(l
.rstrip(),lprior=1,lpost=1)5. We 
ompute the Kullba
k-Leibler divergen
e form lpr to lpr2, usingMC simulation on 100 sequen
es of length 5000.lpr.KL_MC(lpr2,100,5000) 6



6. On the studied sequen
es, we 
ompute new partitions with this newHMM with FB algorithm.lx2=lexique.Lexique()lx2.read_Lprop(lpr2)lpa2=lpartition.Lpartition()lpa2.add_Lseq(lpa.Lseq())lpa2.fb(lx2)7. And so on.4 Usage of Lexique and Parti_simpWe give several examples of Lexique, to show how use its spe
i�
 syn-tax. These examples are used on the DNA sequen
e of λ − phage, in �lelambda.seq, whi
h is known to show strong signals of segmentation [Chu92,Chu89, Gué00℄.In 
onne
tion with Lexique, we give examples of 
omputation and ma-nipulation of partitionnings.1. We load the sequen
e.import sequen
es=sequen
e.Sequen
e(fi
="lambda.seq")2. We want to part this sequen
e su
h that a segment is des
ribed by aletter, and its value is the number of o

uren
es of this letter.print s.alpha()import lexiquelx1=lexique.Lexique()lx1.read_str('0:a 1:
 2:g 3:t')print lx1import parti_simpps1=parti_simp.Parti_simp()ps1.mpp(s,lx1,100)3. We draw the even-numbered partitions.7



ps1.filter(lambda x: len(x)%2==0).draw_nf("lambda1.ps")4. We 
luster the segments des
ribed by 
 or g, and the ones des
ribed bya or t, and sort the new Parti_simp following the number of segments.We draw the 20 �rst partitions of this new Parti_simp.ps2=ps1.group([[1,2℄,[0,3℄℄)ps2.sort()ps2[:20℄.draw_nf("lambda1_
g.ps",seg=[1,2℄)5. We want to partition on 
omparing the o

uren
es in 
 and g versusthe ones in a and t.lx2=lexique.Lexique(str="0:+(
g) 1:+(at)")ps2=parti_simp.Parti_simp()ps2.mpp(s,lx2,20)ps2[:20℄.draw_nf("lambda2_
g.ps",num=1)6.5 Looking for CpG islandsIn mammal genomes, methylation of 
ytosine in dinu
leotides CG (
alledCpG) entails low frequen
y of su
h dinu
leotides, ex
epted in small segments,
alled CpG islands (see [PDM01℄). A usual way to dete
t CpG islands is to
ompute the ratio number of observed CpGnumber of expe
ted CpG on sliding windows.To goal of this part is to segment a mouse sequen
e to reveal CpG is-lands. The modelling used has two states: model of CpG island vs modelof methylated sequen
e. Both models are learned from the proportions ofwords in sets of sequen
es, respe
tively in �les mus_
pg.fa and mus_tem.fa.First, we use the MPP algorithm and 
ompute the segmentation proba-bility to build a maximum predi
tion partition.After, we pro
eed an HMM analysis. For this, we introdu
e the informa-tion that in mouse genome, CpG islands are in average 1000 bases long, andare spa
ed by in average 125,000 bases.At the end, we draw the partitions 
omputed by these methods withsome 
omputed by CpG spe
ialised methods.8



1. We 
ount the 1|1-proportions on the Lsequen
e built from both sets ofsequen
es.import lsequen
els_
pg=lsequen
e.Lsequen
e(fi
="mus_
pg.fa")ls_tem=lsequen
e.Lsequen
e(fi
="mus_tem.fa")import 
ompte
_
pg=
ompte.Compte()for s in ls_
pg:
_
pg.add_seq(s,2)
_tem=
ompte.Compte()for s in ls_tem:
_tem.add_seq(s,2)p_
pg=
_
pg.strip().prop(lprior=1,lpost=1)print p_
pgp_tem=
_tem.strip().prop(lprior=1,lpost=1)print p_tem2. We have to remove the N letters:p_
pg=
_
pg.restri
t_to('ACGT').strip().prop(lprior=1,lpost=1)print p_
pgp_tem=
_tem.restri
t_to('ACGT').strip().prop(lprior=1,lpost=1)print p_tem3. Then we build a Lproportion for our modelling. We introdu
e theinter-state probabilities for the HMM:import l
omptelp=l
ompte.Lproportion()lp[0℄=p_
pg # state 0 for 
pg islandslp[1℄=p_tem # state 1 for sequen
es between of 
pg islandslp.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 lp 9



4. To build partitions of the studied sequen
e, we have use a Lexique.import sequen
es_mus=sequen
e.Sequen
e(fi
="mus2.fa")import lexiquelx_hmm=lexique.Lexique()lx_hmm.read_Lprop(lp)5. We 
ompute the segmentation probabilities on the sequen
e from themodels used to build the sequen
e, up to 200 
lasses.lprob=lx_hmm.probability(s_mus,200)6. We 
ompute the logarithm of bayesian fa
tor: the probability of the se-quen
e under the segmentations in k-segments for all k>=n, divided bythe probability of the sequen
e under the segmentations in k-segmentsfor all k<n. And we sele
t the biggest number of segments that is over
3.2.import mathdef expmean(l): #
omputes the logarithm of the mean of exponentialsm=max(l)x=0for i in l:x+=math.exp(i-m)return(math.log(x/len(l))+m)lbay=[℄for i in range(1,len(lprob)):lbay.append(expmean(lprob[i:℄)-expmean(lprob[:i℄))nb
=lbay.index(filter(lambda x: x>=3.2,lbay)[-1℄)+2print nb
7. We 
ompute the MPP
orresponding to the Lexique.; and we draw it,with the height of ea
h ar
 proportional with the G+C density.import parti_simpps=parti_simp.Parti_simp()ps.mpp(s_mus, lx_hmm, nb
+30)10



8. We want to draw the partitioning su
h that the height of ea
h ar
 isproportional to the density in C+G. So, we use a Lexique with thedes
riptor C+G.lx_
g=lexique.Lexique(str="+(CG)")ps.draw_nf("mus_ps_
g.ps",fun
=lambda s: lx_
g.predi
tion(s_mus,deb=s.deb(),fin=s.fin())/len(s))9. And we keep the most relevant partition:p_nb
=ps[nb
-1℄10. The next partition is 
omputed via Viterbi algorithm.import partitionp_vit=partition.Partition()p_vit.viterbi(s_mus,lx_hmm)print p_vit11. The following one is built via forward-ba
kward algorithm, by the mostprobable state on ea
h position. Then, before, the Matri
e of the log-probabilities of the states must be 
omputed.import matri
em_fb=matri
e.Matri
e()m_fb.fb(s_mus,lx_hmm)p_fb=partition.Partition()p_fb.read_Matri
e(m_fb)print p_fb12. And we draw the partitions:p_nb
.draw_nf("mus_nb
_
g.ps",fun
=lambda s: lx_
g.predi
tion(s_mus,deb=s.deb(),fin=s.fin())/len(s))p_vit.draw_nf("mus_vit_
g.ps",fun
=lambda s: lx_
g.predi
tion(s_mus,deb=s.deb(),fin=s.fin())/len(s))p_fb.draw_nf("mus_fb_
g.ps",fun
=lambda s: lx_
g.predi
tion(s_mus,deb=s.deb(),fin=s.fin())/len(s))13. We want to draw these partitions su
h that the height of ea
h ar
 isproportional to the value: 11



number of observed CpGnumber of expe
ted CpG =
number of CpG.length of the segmentnumber of C.number of GWe use a Lexique with 3 des
riptors: C G and word CG, and de�nethe fun
tion on a lexique, a sequen
e, and a segment, that returns theratio.lx_oe=lexique.Lexique(str="0:C 1:G 2:`CG'")def height(l,sq, sg):dl=l.ls_evalue(sq,deb=sg.deb(),fin=sg.fin())return float(dl[2℄*len(sg))/(dl[1℄*dl[0℄)And we draw the partitions:p_nb
.draw_nf("mus_nb
_oe.ps",fun
=lambda s: height(lx_oe,s_mus,s))p_vit.draw_nf("mus_vit_oe.ps",fun
=lambda s: height(lx_oe,s_mus,s))p_fb.draw_nf("mus_fb_oe.ps",fun
=lambda s: height(lx_oe,s_mus,s))14. We want to 
ompare those methods with some spe
i�
ally made forCpG islands dete
tion: CpGproD [PM01℄, CpGplot [LGLP92℄ and CpGIsland Sear
her [TJ02℄. As the outputs of these programs have dif-ferent syntaxes, they are 
onverted in several �les. Those �les are,respe
tively, 
pgprod.part, 
pgplot.part, and 
pgis.part.They are all put un a Parti_simp, with the ones 
omputed with HMMalgorithms:ps
mp=parti_simp.Parti_simp()ps
mp.append(partition.Partition(fi
="
pgprod.part"))ps
mp[-1℄.s_name("
pgprod")ps
mp.append(partition.Partition(fi
="
pgplot.part"))ps
mp[-1℄.s_name("
pgplot")ps
mp.append(partition.Partition(fi
="
pgis.part"))ps
mp[-1℄.s_name("
pgis")ps
mp.append(p_fb)ps
mp[-1℄.s_name("fb")ps
mp.append(p_vit) 12



ps
mp[-1℄.s_name("vit")ps
mp.append(p_nb
)ps
mp[-1℄.s_name("mpp")ps
mp.draw_nf("tous_
pg.ps",seg=[0℄)6 Predi
ting the number of 
lassesIn this se
tion, we build a random sequen
e, on a given number of 
lasses,from a set of markovian models, and we use the probability algorithm topredi
t the given number.In this example, the model is in �le lprop1.1. We build a Partition, on a virtual sequen
e of length 10000, in 23segments, su
h that ea
h segment is at least 50 positions long.nb
l=23 # for exampleimport l
omptelp=l
ompte.Lproportion(fi
="lprop1")import partitionp=partition.Partition()p.build_random(10000,nb
l,e
=50)2. We attribute predi
tor numbers to the Segments of the Partition.lnum=lp.num()import randomnumr=random.
hoi
e(lnum)for s in p:s.g_num([numr℄)x=random.
hoi
e(lnum)while x==numr:x=random.
hoi
e(lnum)numr=x3. Then we build a Sequen
e from the Partition and the Lproportion.import sequen
es=sequen
e.Sequen
e()s.read_Part(p,lp) 13



4. We 
ompute the segmentation probabilities on the sequen
e from themodels used to build the sequen
e, up to 100 
lasses.import lexiquelx=lexique.Lexique(Lprop=lp)lprob=lx.probability(s,100)from rpy import * #using R to plot itr.plot(range(1,len(lprob)+1),lprob,ylab="Log-probability",xlab="Nbe of 
lasses")5. We 
ompute the logarithm of bayesian fa
tor: the probability of the se-quen
e under the segmentations in k-segments for all k>=n, divided bythe probability of the sequen
e under the segmentations in k-segmentsfor all k<n:import mathdef expmean(l): #
omputes the logarithm of the mean of exponentialsm=max(l)x=0for i in l:x+=math.exp(i-m)return(math.log(x/len(l))+m)lbay=[℄for i in range(1,len(lprob)):lbay.append(expmean(lprob[i:℄)-expsmean(lprob[:i℄))r.plot(range(2,len(lprob)+1),lbay,ylab="Log of the Bayes fa
tor",xlab="Nbe of 
lasses")6. We sele
t the biggest number of 
lasses that is over 3.2.r.abline(h=3.2,
ol="red")nb
=lbay.index(filter(lambda x: x>=3.2,lbay)[-1℄)+2print nb
 14
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