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Candidate gene prioritization by genomic data fusion 2

• Observation: more and more post-genomic data available
• Paradox: more difficult to select the best candidates
• Goal: objective and comprehensive evaluation of candidates

training
genes

candidate genes

phylogenetic
profiles

domains

expression

annotations

interactions

data sources

ph
ylo

. p
ro

f.
re

gu
la

tio
n

ex
pr

es
sio

n

do
m

ai
ns

an
no

ta
tio

ns
in

te
ra

ct
io

ns

fusion

prioritization

[Aerts et al. 2006]

global
results



Gene expression 3

• a gene: set of expression values in various experimental conditions
• a pair of genes: dissimilarity index based on Pearson’s correlation 

coefficient
• score : average dissimilarity

arrays

normalized 
expression

gene pairwise dissimilarity matrix



Gene expression illustration 4

• training: rbsA, rbsB, rbsC in E. coli K-12



Phylogenetic profiles 5

• a gene: presence/absence of orthologs 1:1 in other 
genomes

• pair of genes: dissimilarity index based on the 
Jaccard index

• score: average dissimilarity

training: rbsA, rbsB, rbsC

gene pairwise dissimilarity matrix



Phylogenetic data

• Phylogenetic profiles

• gene pairwise distance matrix computation
• Hypothesis: genes located near each other in a set of genomes are likely 

to be functionaly related
• g1’ and g2’ orthologs 1:1 of gene1 and gene2 in another genome i
• Probability that the distance Di is smaller than the observed distance di  

• For a set of M other genomes

• M depends on the pair of genes considered
• d not comparable between genes (e.g. 0.16=10-6 vs. 0.520=9.5 10-7)
• normalization: log transformation, z-score, average of distance matrix 

and its transpose
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Phylogenetic data: genome selection

• Reference genomes should not be too evolutionary close to the genome of 
interest

• Reference genomes should not be redundant in order not to introduce 
biases

• Need to estimate the relevance of a genome with respect to
• A genome of interest: is it not too closely related? is it informative?
• A set of already selected reference genomes: redundancy vs. additional 

signal

• Parameters
• Rearrangements

• Significance of genes proximity on the chromosome
• Core genome size

• Maximize the coverage of the genome of interest
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Annotations - Gene Ontology

Approaches:
• gene-term matrix: distance between rows

• manhattan/euclidean, Jaccard, ...
but: same weight for each GO-term

• based on GO-term similarity
• adapt weight to information content
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Similarité entre Termes GO

• Node/term information content

with p(term)= freq(term)

• MICA(t1,t2): Maximum Information Common Ancestor

• simres(t1,t2) = IC(MICA(t1,t2))    [Resnik, 1995] 

• simlin(t1,t2)= IC(MICA(t1,t2))/(IC(t1)+IC(t2)) [Lin, 1998] 

•                             [Pesquita et al., 2008] 
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Possibilités :
• Similarité moyenne des termes communs au 2 gènes
• Similarité maximale, ex : t1-t3
• Best Match Average (bma), ex : ave(t1-t3, t2-t5)

Application :
• Performances légèrement meilleures obtenues que les 
autres avec la combinaison Resnik + similatité maximale
• à confirmer sur d'autres jeux de données ou d'autres 
contextes

Simimlarité entre gènes basée sur la similarité entre termes GO 10
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Interactions 11

• all pairs shortest path
• a pair of gene:

shortest path length
• score: average distance

from STRING
http://string-db.org

training: rbsA, rbsB, rbsC



Candidate gene prioritization by genomic data fusion 12

• Observation: more and more post-genomic data available
• Paradox: more difficult to select the best candidates
• Goal: objective and comprehensive evaluation of candidates
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Weighted fusion through linear discriminant analysis 13

• Principles
 prioritize the candidate genes and including the training genes
 consider each data source as a measure for classification with 

classes: training/candidate
 perform discriminant analysis to weigh and separate training genes 

from background (candidates)

dimension weight

variable 1 -0.1307346

variable 2 -0.7031850
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Application to E. coli alsA system: alsA, alsB, alsC 14

Data
source Weight

Expression
(GEO) 3.5

Annotations
(Gene 

Ontology)
-4.7

Phylogenetic 4.0

Interactions
(STRING) 12.3

GEO

Gene Ontology

Phylogenetic

STRING

FUSION



Application to E. coli ynjD system:  ynjB, ynjC, ynjD 15

Data
source Weight

Expression
(geo) 1.3

Annotations
(Gene 

Ontology)
3.4

Phylogenetic 17.4

Interactions
(string) 6.6

GEO

Gene Ontology

Phylogenetic

STRING

FUSION



Evaluation methodology 16

• Leave-one-out cross validation (LOOCV)

• for each manually curated ABC
system
 perform LOOCV on each gene: rank ratio
 plot Receiver Operating Characteristic 

(ROC) curve and consider 
Area Under the Curve (AUC)

sequences

domains

expression

annotations

interactions

fusion

known genes leave one out
for testing How well does it rank?

e.g. rank ratio = 2/8 = 0.25

rank 1st  rank 
last

ROC curve

AUC: x%



Evaluation: global results 17

Gold standard
• ABCdb, manually curated 

ABC systems: 
 135 genomes
 14,450 genes
 4,586 ABC systems

80% of the left out 
genes rank in the 

top 5%

AUC: 
93.1%

53% of the left 
out genes rank 

1st



Prioritization for functional inference 18

from ABCdb
http://www-abcdb.biotoul.fr



Prioritization for functional inference 19

D-ribose pyranase

Ribokinase

SBP of maltose/maltodextrin/maltoologisaccharide ABC transporter

Deoxyribose-phosphate aldolase

Ribose operon repressor

Uridine phosphorylase

NBD of galactose/glucose (methyl galactoside) ABC transporter (same 
subfamily)
Chromosome partition protein mukF



Extension of the method to data poor organisms 20
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Performances: using other organisms data through orthology 21

524 rank 1st

600 ≤ 5th

510 rank 1st

591 ≤ 5th

AUC: 
99.9%

AUC: 
99.9%

Organisms:  
B. subtilis, E. coli, P. 
aeruginosa
192 ABC systems, 635 
genes

# ABC genes    AUC (%)  data sources



Performances: using other organisms data through orthology 22

# ABC genes    AUC (%)  data sources



Base de données orientée graphe (Graph databases) 23

Labeled Property Graph

(EcolA.malE:Gene)<-[:IS_ORTHOLOGOUS]->(EcolE.malE:Gene)-[:ENCODES]->(EolE.malE:Protein)

name: 
EcolA.malE

Gene

name:
EcolE.malE

Gene

ENCODESIS_OTHOLOGOUS

IS_OTHOLOGOUS

name: 
EcolE.malE

Protein

• Principes
• Représenter les données en tant qu’objets reliés par 
des relations

• Chaque objet ou relation peut avoir des attributs qui 
lui sont propres

• Développement d’un langage de manipulation et de 
requête



Base de données orientée graphe (Graph databases)

• Principes
• Représenter les données en tant qu’objets reliés par 
des relations

• Chaque objet ou relation peut avoir des attributs qui 
lui sont propres

• Développement d’un langage de manipulation et de 
requête

24

name: 
EcolA.malF

Gene

name: 
EcolA.malE

Gene

name:
EcolE.malE

Gene

ENCODES

IS_
COEX

PR
ES

SE
D

IS_OTHOLOGOUS

IS_OTHOLOGOUS

name: 
EcolE.malE

ProteinIS_
COEX

PR
ES

SE
D

Labeled Property Graph

(EcolE.malE:Gene)<-[:IS_COEXPRESSED]->(EcolE.malF)<-[:IS_ORTHOLOGOUS]->
(EcolA.malF:Gene)<-[:IS_COEXPRESSED]->(EcolA.malE:Gene)<-[:IS_ORTHOLOGOUS]->(EcolE.malE:Gene)

-[:ENCODES]->(EolE.malE:Protein)

IS_
COEX

PR
ES

SE
D

IS_
COEX

PR
ES

SE
D

name: 
EcolE.malF

Gene

IS_OTHOLOGOUS

IS_OTHOLOGOUS



Labeled property graph

Un graphe avec propriétés 
étiquetées est constitué de
sommets, relations, 
propriétés et étiquettes :

• Propriétés des sommets : de type clé/valeur

• Étiquettes des sommets : une ou plusieurs afin de les 
regrouper (Gene, Protein)

• Relations : orientées, peuvent avoir des propriétés 
comme les sommets.
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Langage de requête, exemple : Cypher

MATCH (g:Gene)-[:ENCODES]->(p:Protein)
WHERE g.name=‘EcolE.malE’
RETURN g,p
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