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2. Profils phylogénétiques
Profil phylétique : vecteur x[1..n] qui caractérise la distribution de gène x

dans génomes 1, 2, . . . , n
? présence (1) — absence (0)
? nombre de homologues (0,1,2,. . . )
? best hit : chercher homologue avec BLASTP et utiliser E-value.1 Sou- 1 E-value : nombre de séquences similaires

en espérance ; petite valeure indique une
similarité spécifique (on choisit typiquement
10−6, 10−9, 10−12 pour chercher de vrais
homologues).

vent2, on transforme une valeur ε à

2 Date, S. V. and Marcotte, E. M. (2003).
Discovery of uncharacterized cellular systems
by genome-wide analysis of functional
linkages. Nature Biotechnology, 21, 1055–1062

x[i] =

 1
− lg ε {ε < 1/2}
1 {ε ≥ 1/2}

Corrélations entre profils

Définition 2.1. Information mutuelle entre deux variables aléatoires X, Y dis-
crètes :

I(X; Y) = H(X)︸ ︷︷ ︸
entropie de X

− H(X|Y)︸ ︷︷ ︸
entropie conditionnelle

= H(Y)− H(Y|X) = H(X) + H(Y)− H(X, Y)

= ∑
α,β

P{X = α, Y = β} lg
P{X = α, Y = β}

P{X = α} ·P{Y = β}

(Si X et Y sont indépendantes, alors I(X; Y) = 0.) On peut mesurer la
corrélation entre deux profils x[1..n] et y[1..n] en considérant (x[1], y[1]), (x[2], y[2]), . . . , (x[n], y[n])
comme des observations (indépendantes) du paire (X, Y) :

1. pour absence-présence, il suffit de compter les paires 0− 0, 0− 1, 1− 0,
1− 1.

2. pour valeurs réelles (comme −1/ log E), la solution usuelle est de discréti-
ser . . .

Comparer avec corrélation entre profils randomisés

Best practices. [évaluation de prédiction de chemins dans KEGG3] (1) Faire

3 Jothi, R., Przytycka, T. M., and Aravind,
L. (2007). Discovering functional linkages
and uncharacterized cellular pathways using
phylogenetic profile comparisons: a compre-
hensive assessment. BMC Bioinformatics, 8,
173

attention à la spécificité des profils lors de la randomisation (2) Marche mieux

BMC Bioinformatics 2007, 8:173 http://www.biomedcentral.com/1471-2105/8/173
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(obtained by random shuffling of the profile entries)
[72,75,77,82,92]. A similarity score cutoff is chosen such
that the probability that a pair of shuffled profiles have a
score greater than the cutoff is statistically very low. All
protein pairs whose similarity scores (obtained from
actual profiles) exceed the chosen cutoff are inferred to be
functionally related. This strategy assumes that the distri-
bution of similarity scores of shuffled profiles approxi-
mate the distribution of similarity scores of random (or
unrelated) pairs of proteins.

The approach outlined above can lead to wrong interpre-
tations (increase the fraction of false positives) if the
underlying null hypothesis is not posed carefully. The
shuffling mechanism, which shuffles all entries of a pro-
file, implicitly assumes that the protein family, whose
profile is being shuffled, is present in all the genomes
under consideration. In other words, it is assumed that all
proteins in the test organism date back to the last com-
mon ancestor. This type of shuffling fails to take into
account those proteins that are kingdom (or lineage) spe-
cific. Consider the profiles of two bacterial-specific pro-
teins A and B in Figure 8. Homologs of protein A and B are
present in three and four bacterial genomes, respectively.
Comparison of profiles A and B indicate that they are very
similar, with only one bit difference (Figure 8a). The
widely-used shuffling strategy could shuffle the profiles to
have at most seven bit differences (Figure 8b). However, a
restrictive shuffling (that takes the lineage-specificity of
the proteins into consideration), which shuffles only the
entries corresponding to bacterial genomes, will result in
at most five bit differences (Figure 8c). This example illus-
trates how an unrestricted shuffling process could artifi-
cially reduce the similarity scores of the shuffled profiles,
underestimating the probability of a random protein pair
having a certain similarity score. Consequently, this could
result in choosing a lower similarity score cutoff, thereby
increasing the chances of predicting functional linkages
between unrelated protein pairs. As a result of underesti-
mating the probability of a random protein pair having a
certain similarity score, the statistical significance of actual
profiles having high similarity scores is erroneously over-
estimated.

To demonstrate this point further, we considered a set of
155 bacterial-specific E. coli proteins (see Additional File
1), whose functions and pathway affiliations are known
and recorded in the KEGG pathway database. We desig-
nated an E. coli protein to be bacterial-specific, if a BLAST
search of that protein did not fetch a homolog (with
BLAST e-value < 1e-2) in any of the archaeal or eukaryotic
genomes. Using reference set BAE4 (comprising all 95
organisms), we computed the mutual information scores
of 11,935 pairs of 155 proteins. The distribution of
mutual information scores is shown in Figure 9a. While

the distribution of scores for fully shuffled profiles show
that the probability of obtaining a score > 0.6 is less than
2 × 10-4 (dashed red curve in Figure 9b), the distribution
of scores for restrictively shuffled (only bacterial entries
were shuffled) profiles show that the probability of
exceeding a score of 0.6 is actually less than 2 × 10-2

(dashed blue curve in Figure 9b). Using fully shuffled pro-
files to benchmark a mutual information cutoff for func-
tional linkage prediction would have underestimated the
probability of a random protein pair having a score of 0.6
by two orders of magnitude. If one were to choose a cutoff
of 0.6 to predict functional linkages based on an incom-
plete random model (shuffling all the entries in a profile),
majority (|65%) of the predictions would have turned
out to be false-positives (Figure 9c). However, a cutoff
(1.1) chosen based on the distribution of partially shuf-
fled profiles would have reduced the percentage of false-
positives by half to about 35%.

In addition to emphasizing the importance of choosing a
correct random model, the above discussed case also
brings to light the limitations of the PPC approach when
it comes to lineage-specific proteins. Especially, when the
proteins under study are observed to occur in only a few
closely-related genomes (say, in gamma-proteobacteria)

Phylogenetic profiles of two bacterial-specific proteins A and BFigure 8
Phylogenetic profiles of two bacterial-specific proteins A and 
B. The presence or absence of homolog in a genome is rep-
resented by white and black squares, respectively. Bit differ-
ences in the corresponding positions of the profiles are 
shown using arrows. (a) The actual profiles of A and B are 
similar, with only one bit difference. (b) A shuffling strategy 
that shuffles all the entries in the profile will result in at most 
7 bit differences. (c) A restrictive shuffling mechanism (which 
takes into account the lineage-specificity of the proteins 
under consideration) that shuffles only the entries corre-
sponding to bacterial genomes will result in at most 5 bit dif-
ferences. For lineage-specific proteins, unrestricted shuffling 
process can artificially reduce the similarity scores of the 
shuffled profiles, thereby underestimating the probability of a 
random protein pair having a certain similarity score.
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avec actéries qu’avec eucaryotes. (3) Choisir des génomes diverses mais pas
trop proches l’un à l’autre. (4) Bonne méthode mais non pas superbe (spécifi-
cité — sensitivité).

Profils et phylogénies

Si on a une phylogénie T, on peut penser à réconstruire l’histoire d’un
profil Φ. Méthode de parcimonie pour étiquetage ξ[u] ∈ X de tout nœud u :

? étiquettes ξ[u] = Φ[u] connues aux feuilles u ∈ F

ξ[C] ξ[F]

ξ[A] ξ[D] ξ[E]ξ[B]

observation

?

? ?

? ?

character value is unobserved

character value is observed
? pénalisation fixe ∆(x → y) pour changement d’étiquette entre parent et

enfant
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? déterminer les étiquettes aux nœuds ancestraux qui minimisent

∑
uv∈T

∆
(
ξ[u]→ ξ[v]

)
︸ ︷︷ ︸

somme de pénalités sur les arêtes

Variations : Dollo (0 → 1 juste 1 fois), Fitch (∆(a → b) = 1 pour tout
a 6= b), Wagner (∆(a→ b) = |a− b|), carré (∆(a→ b) = (a− b)2)

Programmation dynamique4 : définir la fonction du coût de sous-arbre 4 Sankoff, D. and Rousseau, P. (1975).
Locating the vertices of a Steiner tree
in arbitrary metric space. Mathematical
Programming, 9, 240–246

fu : X 7→ [0, ∞) comme le minimum de pénalités dans le sous-arbre de u
implié par l’étiquette de u :

fu(x) = min ∑
vw∈Tu ;ξ[u]=x

∆(ξ[v]→ ξ[w]).

(On prend le minimum parmi tous les étiquetages du sous-arbre Tu, mais on
garde l’étiquette de u fixe à x.) On a les récurrences :

x

y

Penalty on this edge: 
Δ(x,y) 

Node u

Child v

Best labeling in 
this subtree

contributes f  (y) v

fu(x) =

0 si x = Φ[u] ;

∞ if x 6= Φ[u] ;
{u terminal} (2.1a)

fu(x) = ∑
v∈enfants(u)

min
y∈X

(
∆(x → y) + fv(y)

)
{u ancestral} (2.1b)

ANCESTRAL(u) // (calculer fu pour nœud u)

A1 si u est terminal alors fu(x)←
{

x = Φ[u]
}

?0 : ∞ // (terminal)

A2 sinon

A3 pour v ∈ enfants(u) faire

A4 fv ← ANCESTRAL(v)
A5 calculer huv(x)← miny∈X

(
∆(x → y) + fv(y)

)
A6 mettre fu(x)← ∑v∈enfants(u) huv(x)
A7 retourner fu

LABELING(v) // (calculer un étiquetage optimal )

L1 si v est la racine alors ξ[v] = arg minx fv(x)
L2 sinon

L3 u← parent de v ; x ← ξ[u]
L4 ξ[v]← arg miny∈X

(
∆(x → y) + fv(y)

)
L5 pour w ∈ enfants(v) faire LABELING(w)

Si on a un nombre fini d’étiquettes (comme 0 et 1), on trouve le minimum en
ligne A5 en examinant toutes les valeurs possibles. En même temps, on peut
stocker les minimums pour backtracking dans lignes L1 et L4. Dans d’autres
cas (parcimonie de Wagner ou carrée), on peut implanter les algorithmes par
la manipulation symbolique des fonctions f , h.


