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6 Modèles temporaires

6.1 Descendance avec modification

cellules germinales:
33 générations (F) ou 200 (M)

erreurs de copiage:
insertions, 
suppressions, 
substitutions,
recombinaisons 

enjambements
[crossover]

gamètes

fécondation+divisions

Les mutations lors d’héritage du matériel génétique
entre générations introduisent de nouveaux allèles
dans une population. Un allèle du parent (p.e., mu-
tation nouvelle dans la lignée de cellules germinales)
peut être hérité par l’enfant.

fréquence de 
la mutation

temps

mutat
ion devi

ent «
fixée»

mutation disparaît

diversité génétique 
dans la population

Ultimement, l’allèle devient fixé dans la population
entière, ou disparaı̂t complètement. La probabilité
de fixation dépend (a) de la taille de la population,
et (b) l’effet de l’allèle (avantage ou désavantage pos-
sible). Les mutations fixées s’accumulent → diver-
gence de séquences d’origine commune. La diver-
gence croı̂t avec le nombre de générations depuis
l’ancêtre.

Substitutions multiples. Évolution de caractères homologues est sans mémoire : états succéssifs forment
une chaı̂ne de Markov. Probabilités de substitution selon la matrice MX→Y où

MX→Y [a, b] = P
{
Y = b

∣∣∣ X = a
}

avec valeurs a, b ∈ Σ = {1, . . . , r}. (Exemple : Σ = {1, 2, 3, 4} encodant ADN)
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o
(propriété de Markov)

Donc, on peut écrire que MX→Z = MX→Y ·MY→Z
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6.2 Temps continu.

Comment peut-on ajouter une notion de temps ? Quelle est la matrice M qui correspond à un temps de
divergence connu entre les séquences ?

temps t

X Y

t t2 3t1
À chaque mutation, le changement d’état est deter-
miné par la matrice M. Si k événements en temps
t, alors MX→Y = Mk. Donc la matrice pour
temps t devrait être MN(t) où N(t) est le nombre
de mutations pendant temps t. Problème : N(t) est
aléatoire. . .

Procéssus de Poisson. Supposons que {N(t) : t ∈ [0,∞)} est un procéssus qui compte l’occurrence
d’événements de quelque sort. Supposons que le procéssus satisfait les critères suivants
� [«orderly»] La probabilité qu’il y ait plus d’une occurrence dans un petit intervalle de temps est négligeable

lim
δ→0

P
{
N(t+ δ) > 1

∣∣∣ N(t+ δ) ≥ 1
}

= 0

� [«memoryless»] Le nombre d’occurrences pendant un intervalle ne dépend pas des événements précédents :
N(t+ s)−N(t) est indépendant de N(t)

Si le procéssus est orderly et memoryless, alors c’est un procéssus de Poisson avec les propriétés suivantes.
? nombre d’arrivées pendant temps s est une v.a. Poisson :

∀t, s : P{N(t+ s)−N(t) = k} = e−λs
(λs)k

k!

Le paramètre λ est l’intensité ou le taux du procéssus.
? temps d’attente est une v.a. exponentielle : ∀t, s : P

{
N(t+ s) = N(t)

}
= e−λt

Procéssus de Markov. En retournant à ce qui se passe pendant temps t :
∞∑
k=0

e−λt
(λt)k

k!
Mk = exp

(
λt(M− I)

)
= exp

(
λtQ

)
où I est la matrice d’unité. Q = M− I est la matrice instantanée de taux de substitutions. Calcul de exp(λQt) :
décomposition de la matrice Q = UΛV, et faire eλQt = UeλtΛV.

(
−η η
ν −ν
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µ
4 ·



· πCα πGβ πTα

πAα · πGα πTβ
πAβ πCα · πTα
πAα πCβ πGα ·

 (somme est 0 dans toute rangée)

perte-gain (binaire) Jukes-Cantor (DNA) Hasegawa-Kishino-Yano (DNA)

Le modèle de Yang et Nielsen (1998) pour codons utilise un paramètre ω qui mesure sélection, et un
paramètre κ pour rapport de transitions/transversions :

Q[a, b] =


µπb 1 transversion synonyme

µκπb 1 transition synonyme

µωπb 1 transversion non-synonyme

µκωπb 1 transition non-synonyme
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6.3 Conservation de séquence

Miller & al. Annu Rev Genomics Hum Genet 5 :15 (2004)

Principe de génomique comparative : éléments fonctionnels sont plus conservés (séléction négative) que
les éléments non-fonctionnels (évolution neutre)

Phylogenetic shadowing. Méthode : modèle de substitutions dans les cas de sélection négative et neutre

Comparaison de séquences entre des espèces proches : évolution rapide/lente
eµQt où µ < 1 pour des régions sous sélection purificatrice.
Exemple : fenêtre glissant de 50 pb sur alignement multiple de primates.
Axis Y : score LODS (en haut) et % d’identité (en bas)

Boffelli & al. Science 299 :1391 (2003)

PhyloHMM. Modèle HMM pour segmentation : émissions = colonnes de l’alignement multiple, avec
probabilités eQt (neutre) ou eρQt (sélection négative avec ρ < 0)

elegans, and S. cerevisiae genomes serving as reference genomes
(see Methods and Table S2 in the Supplemental material). Using
the phastCons program, a two-state phylogenetic hidden Markov
model (phylo-HMM) (see Fig. 1) was then fitted separately to
each alignment by maximum likelihood, subject to certain con-
straints (see Methods). The estimated parameters included
branch lengths for all branches of the phylogeny and a parameter
! representing the average rate of substitution in conserved re-
gions as a fraction of the average rate in nonconserved regions
(Fig. 2). The tree topologies were assumed to be known (see
Supplemental material).

The estimated “nonconserved” branch lengths for verte-
brates were fairly consistent with recent results based on (appar-
ently) neutrally evolving DNA in mammals (Cooper et al. 2004),
but were not accurate representations of the neutral substitution
process in all respects. In particular, the branches to the more
distant species (chicken and Fugu) were significantly under-
estimated, because the genomes of these species are, in general,
alignable to the human, mouse, and rat genomes only in regions
that are under at least partial constraint. Similar effects were ob-
served with the insect, worm, and yeast phylogenies. Neverthe-
less, inaccuracies in the estimates of some (particularly longer)
nonconserved branch lengths do not appear to have strongly
influenced our results (see Supplemental material). Moreover,
our method has certain advantages over more traditional meth-
ods for estimating neutral substitution rates, such as by using
fourfold degenerate (4d) sites in coding regions—e.g., it does not
depend on 4d sites being free from selection or being suitable
proxies for neutrally evolving sites in general; and as an “unsu-
pervised” learning method (see Methods), it is not dependent on
possibly incomplete and/or erroneous annotations.

As an approximate way of calibrating our methods across
species groups, we constrained the model parameters such that
the coverage of known coding regions by predicted conserved
elements (i.e., the fraction of coding bases falling in conserved
elements) was equivalent in all groups. We chose a target cover-
age of 65% (!1%), as estimated from human/mouse compari-

sons (Chiaromonte et al. 2003). This number was adjusted for
alignment coverage in coding regions, yielding 56% for the
worm data set and 68% for the insects and yeasts. The degree of
“smoothing” of the phylo-HMM was also constrained by forcing
the expected amount of phylogenetic information (in an infor-
mation theoretic sense) required to predict a conserved element
to be equal for all data sets (see Methods). Our results are, in
general, not highly sensitive to the precise level of target cover-
age used in this calibration procedure (see Supplemental mate-
rial).

Based on the estimated parameters, conserved elements
were then identified in each set of multiple alignments, using the
phastCons program (see Methods). About 1.31 million conserved
elements were predicted for the vertebrate data set, about
472,000 for the insects, about 98,000 for the worms, and about
68,000 for the yeasts. Each predicted element was assigned a
log-odds score indicating how much more likely it was under the
conserved state of the phylo-HMM than under the nonconserved
state (see Supplemental material). A synteny filter, designed to
eliminate predictions that were based on alignments of nonor-
thologous sequence (especially transposons or processed pseudo-
genes), reduced the numbers of predictions for vertebrates and
insects to about 1.18 million and 467,000, respectively; align-
ments of nonorthologous sequence were less prevalent in the
worm and yeast data sets, so the filter was omitted in these cases.
The remaining predicted elements cover 4.3% of the human ge-
nome, 44.5% of D. melanogaster, 26.4% of C. elegans, and 55.6%
of S. cerevisiae. These numbers are somewhat sensitive to the
methods used for parameter estimation. Various different meth-
ods produced coverage estimates of 2.8%–8.1% for the verte-
brates, 36.9%–53.1% for the insects, 18.4%–36.6% for the worms,
and 46.5%–67.6% for the yeasts (see Supplemental material).
Note that the vertebrate coverage is similar to recent estimates of
5%–8% for the share of the human genome that is under puri-
fying selection (Chiaromonte et al. 2003; Roskin et al. 2003; Coo-
per et al. 2004), despite the use of quite different methods and
data sets.

(In the discussion that follows, specific estimates of quanti-
ties of interest will be given, rather than ranges of estimates. The
reader should bear in mind that, while these estimates are gen-
erally not highly sensitive to the method used for parameter
estimation, they do change somewhat from one method to an-
other. Further details are given in the Supplemental material.)

The 1.18 million vertebrate elements, in addition to cover-
ing 66% of the bases in known coding regions (approximately
the target level), cover 23% of the bases in known 5" UTRs and
18% of the bases in known 3" UTRs—15.5-fold, 5.3-fold, and
4.3-fold enrichments, respectively, compared with the expected
coverage if the predicted conserved elements were distributed
randomly across 4.3% of the genome (Fig. 3). Almost nine of 10
(88%) known protein-coding exons are overlapped by predicted
elements, as well as almost two of three known UTR exons (63%
of 5"-UTR exons and 64% of 3"-UTR exons; when an exon con-
tains both UTR and coding sequence, the UTR portion is consid-
ered to be a separate “UTR exon”). Regions not in known genes,
but matching publicly available mRNA or spliced EST sequences
(“other mRNA” in Fig. 3) show 9.2% coverage by conserved ele-
ments (a 2.1-fold enrichment), and regions not in known genes
or other mRNAs, but transcribed according to data from the Af-
fymetrix/NCI Human Transcriptome project (“other trans”; see
Methods), which presumably include a mixture of undocu-
mented coding regions, UTRs, noncoding RNAs, and other

Figure 1. State-transition diagram for the phylo-HMM used by phast-
Cons, which consists of a state for conserved regions (c) and a state for
nonconserved regions (n). Each state is associated with a phylogenetic
model ("c and "n); these models are identical except for a scaling pa-
rameter ! (0 # ! # 1), which is applied to the branch lengths of "c and
represents the average rate of substitution in conserved regions as a
fraction of the average rate in nonconserved regions (see Methods). Two
parameters, µ and $ (0 # µ, $ # 1), define all state-transition probabili-
ties, as illustrated. The probability of visiting each state first (indicated by
arcs from the node labeled “begin”) is simply set equal to the probability
of that state at equilibrium (stationarity). The model can be thought of as
a probabilistic machine that “generates” a multiple alignment, consisting
of alternating sequences of conserved (dark gray) and nonconserved
(light gray) alignment columns (see example at bottom).

Siepel et al.
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Fig. 1. (A) State-transition diagram for DLESS. The probability of beginning with each
state (not shown) is taken to be that state’s probability at stationarity. (B) Neutral
phylogenetic model (ψn), with a branch i indicated, and derived phylogenetic models
for a “gain” (ψgi

) and “loss” (ψli
) of a conserved element on branch i.

sequences; these states are associated with two phylogenetic models, ψc and ψn,
respectively, which are identical except that the branch lengths of ψc are scaled
by a factor ρ ∈ (0, 1). Based on this two-state model, phastCons parses an align-
ment into likely “conserved” and “nonconserved” segments. DLESS works by the
same principle, but also allows for conserved elements that have been “gained”
or “lost” on any branch of the phylogeny. The new model has 2k + 2 states,
labeled c (the “fully conserved” state), n (“nonconserved”), g1, . . . , gk (“gain”),
and l1, . . . , lk (“loss”), where k is the number of branches in the tree in question
(Fig. 1A). (For a phylogeny of N present-day species, k = 2N − 3, assuming a
reversible model and an unrooted tree.).

To limit the number of parameters, the states are arranged in a “hub and
spokes” configuration (Fig. 1A). As a result, predicted conserved elements are
required to be separated from one another by at least one base of nonconserved
sequence. In practice, this is not a severe limitation, because, conserved ele-
ments in vertebrates are relatively sparse. In addition, conserved elements of all
classes are assumed to have the same (geometric) length distribution, and all
lineage-specific elements are assumed to occur with the same (prior) probability.
Three parameters—µ, ν, and φ—define all transition probabilities in the HMM
(Fig. 1A). For interpretability, it is useful to reparameterize µ and ν as ω = 1

µ ,
the expected length of conserved elements, and γ = ν

µ+ν , the expected fraction
of bases in conserved elements [6]. The third free parameter, φ, is the proba-

deux états : conservé ou non
Siepel & al. Genome Res 15 :1034 (2005)

DLESS : états correspondent à conservation dans un clade phylogénétique, ou
à la perte de fonction
Siepel & al. RECOMB 2006
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6.4 Modèle temporaire pour suppressions et insertions

On a vu le modèle de Markov pour substitutions — est-ce qu’on peut modéliser les indels par un
procéssus stochastique ?

insertion de 
2 caractères

temps t

X Y

suppression d'un 
caractère

suppression de 3 
caractères

Idée : événements forment un procéssus (p.e., Pois-
son de taux θ), il faut juste spécifier ce qui se passe
lors d’un événement. Un modèle assez général : in-
sertions de longueur ` avec probabilité pIns(`) et
suppressions de longueur ` avec probabilité pDel(`)
— très difficile (ou impossible) de travailler avec. . .

Thorne-Kishino-Felsenstein [1991] Un modèle simple : insertions et suppressions de longueur 1.

A B

☠

C D E F G H I J

A Z C D E F G H I J

A Z C D E G H I J

A Z C D E G H I JX

A Z C D E G H I JXY

substitution

suppression

insertion

insertion au début

Un procéssus indel (en parallèle avec les procéssus
de substitution) à chaque caractère + au début.
Événement d’insertion : choix d’un caractère selon
la distribution stationnaire.
Taux d’insertion λ à chaque caractère ainsi qu’au
début ; taux de suppression µ à chaque caractère.

☠

C--CCCC-CCCC
-##CC-C#CCCC

☠

X

Y

X

Y

temps t

But : étant donné une séquence ancestrale et une
séquence déscendante, établir la homologie au ni-
veau des caractères (représentée par un alignement).
Les caractères s’évoluent indépendamment : on peut
considérer le sort de chaque caractère ancestral
séparamment.

Sort Description Bloc d’alignement
C # · · ·#︸ ︷︷ ︸

n fois

ancêtre survivant, avec n ≥ 0 caractères inserés à côté C---
C###

� # · · ·#︸ ︷︷ ︸
n fois

ancêtre mort, avec n > 0 caractères insérés à côté C---
-###

� ancêtre mort, aucune insertion à côté C
-

?# · · ·#︸ ︷︷ ︸
n fois

insertion de n ≥ 0 caractères au début ---
###

Sort probabilité X → Y

C → C#n−1 HtB
n−1
t

C → �#n NtB
n−1
t

C → � Et
?→ ?#n ItB

n
t

βt = 1−e−(µ−λ)t

µ−λe−(µ−λ)t

Bt = λβt Et = µβt

It = 1− λβt Ht = e−µt(1− λβt)
Nt = (1− e−µt − µβt)(1− λβt);
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Maintenant on peut
? trouver le meilleur alignment
? maximiser la vraisemblance pour deux séquences homologues et ainsi trouver les valeurs de λ, µ, t
? concevoir des tests de homologie basés sur la valeur de la vraisemblance
? évaluer la fiabilité de l’alignment optimal
Exemple : calcul de la vraisemblance — utiliser la programmation dynamique (en se servant des queues

géométriques∝ Bn). L(i, j) probabilité queX[1..i] est devenu Y [1..j] ; Z(i, j) variables auxiliaires. Récurrences :

Z(i, j) = pi,j ·Ht · Z(i− 1, j − 1) + pj ·Nt · Z(i, j − 1) + pj ·Bt · Z(i, j − 1)
L(i, j) = Z(i, j) + Et · L(i− 1, j),

où pi,j = M
[
X[i], Y [j]

]
est la probabilité X[i] → Y [j] dans la matrice de substitution, et pj = πY [j] est la

probabilité stationnaire de Y [j]. Initialisation : Z(0, 0) = L(0, 0) = It.

Paire-HMM. Modèle de Markov caché où les états correspondent à des insertions, suppressions et substi-
tutions/identités dans l’alignement. La machine émet un alignment, mais on obsèrve seulement les séquences
sans trous. Problème d’inférence : on connaı̂t les séquences — qu’est-ce qu’on peut dire sur l’alignment
inconnu ?
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Fig. 14.7. Two HMM formulations of the TKF91 model. (a) Direct translation of
TKF91 probabilities into an HMM. A factor 1−Bτ is needed for three transitions,
to make all outgoing transition probabilities add up to 1. (b) Another HMM that
is emission-equivalent to (a). The two states #

− were merged into one, and all non-
emitting states removed, leaving a fully-connected three-state HMM. Note that the
evolutionary indel model by Knudsen and Myamoto [21] is formulated using an
HMM with exactly the same topology.

to a particular outcome, and the product of all the probabilities encountered is
precisely the probability of that outcome. The graph shown in Figure 14.7a has
all these properties, and generates alignments according to the TKF91 model.
Such graphs are called Markov models if the outgoing probabilities sum to 1,
for each of the states. This is accomplished in Figure 14.7 by multiplying
and dividing by a factor 1 − Bτ at certain positions, in such a way that the
total probability of any closed path from the start state to the end state does
not change. We use this Markov model as a hidden Markov model (HMM),
because we treat only the sequences as known, while the alignment structure
is regarded as unknown. This unknown information is encoded by the path
taken through the Markov chain, while the emitted sequences of nucleotides
are given. We refer to [6] for more information about HMMs.

By manipulating the graph of Fig. 14.7a, the number of states can be
reduced to just 3 (apart from the Start and End states), see Fig. 14.7b. This
reduces the time and memory complexity of the HMM algorithms (especially
when more sequences are considered, see below). Because of the algebraic
manipulations, the transition probabilities take a more complicated form, and
are listed in Table 14.1. Henceforth, when we refer to the TKF91 HMM, we
are referring to the reduced HMM of Fig. 14.7b.

Il existe une paire-HMM équivalent au TKF91 :

(transitions entre états pMM , pMI , etc. calculées à partir de
It, Bt, Ht, Nt, Et)
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6.5 Alignement ?

alignement = hypothèse de homologies

probability distribution of alignment by Markov
chain Monte Carlo (MCMC). Quantifying the
uncertainty of complex discrete random variables,
such as alignments, is a formidable task. We de-
veloped a crude summary statistic that reflects
variability of the alignments sampled with MCMC
for each ORF; we calculated a distance between
all pairs of sampled alignments and considered
the mean of these pairwise distances as a mea-
sure of inherent alignment uncertainty for each
ORF. To measure distances between alignments,
we exploited the metric of Schwartz et al. (18).
Effectively, this metric counts the number of pair-
wise homology statements upon which two align-
ments disagree. We found that alignment variability,

as reflected by the marginal posterior probability
distribution of alignments, was associated with
the inconsistency of alignments produced by the
seven different alignment methods (Fig. 2C) and
with the number of estimated nonsynonymous
substitutions for an ORF (Fig. 2D).

The problem of alignment uncertainty in ge-
nomic studies, identified here, is not a problem
of sloppy analysis. Many comparative genomics
studies are carefully performed and reasonable
in design. However, even carefully designed and
carried out analyses can suffer from these types
of problems because the methods used in the
analysis of the genomic data do not properly
accommodate alignment uncertainty in the first

place. Moreover, the genes that are of greatest
interest to the evolutionary biologist probably
suffer disproportionately. For example, in sev-
eral studies, the genes of greatest interest were
the ones that had diverged most in their non-
synonymous rate of substitution (19). But, these
are the very genes that should be the most dif-
ficult to align in the first place. We also do not
believe that the alignment uncertainty problem
is one that can be resolved by simply throwing
away genes, or portions of genes, for which align-
ment differs. Quality checks are common in com-
parative genomics studies, often referred to as
“filters” in a flow diagram showing the analyses
that were performed. The filters usually exclude
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Fig. 1. An example, involving ORF YPL077C, in which alignments produced by seven different alignment methods produce six different estimated
trees, albeit with low bootstrap support (bootstrap proportions shown parenthetically for each tree).

25 JANUARY 2008 VOL 319 SCIENCE www.sciencemag.org474

REPORTS

Illustration : sept logiciels construisent
sept alignements différents qui mènent à
6 phylogénies différentes. . . [Wong, Su-
chard & Huelsenbeck. Science 319 :473–
476, 2008]
Il est difficile d’aligner les séquences
parce que l’information sur homologie
n’est pas directe. Il n’existe pas d’aligne-
ments certains !

Fiabilité. On a la probabilité postérieure de homologie (i♦j), et celle de manque de homologie (i♦−,
−♦j) pour juger les colonnes de l’alignement. Une partie bien alignée correspond à une séquence de colonnes
avec de grandes probabilités postérieures.

alignement incertain

Maximal Expected Accuracy. l’alignement qui maximise le nombre de paires alignés correctement —
utiliser P{i♦j} comme le score du match de la colonne X[i]

Y [j]
, pas de pénalité pour trous.

AMAP. Problème avec MEA — qu’est-ce qui se passe avec deux séquence non-reliées ? Maximiser plutôt
le nombre (en espérance) d’accords entre le vrai alignement (inconnu) et l’alignement qu’on calcule :

désaccords = n+m− 2M −D − I,

où M,D, I sont les nombres de matches, suppressions et insertions en commun entre deux alignements. En
espérance, on a EM =

∑
i,j P{i♦j}, ED =

∑
i P{i♦−}, EI =

∑
j P{−♦j} (où P dénote probabilité

postérieure, conditionnée sur les deux séquences).
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