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PAGE WITH PRETENTIOUS QUOTES

Tee-Tee-Too Tee-Tee-Too

A Great Tit in a backyard in Corrèze

Treatle:
I hadn’t looked at it like that, but you’re absolutely right.
He’s really pushed back the boundaries of ignorance.

They both savoured the strange warm glow of
being much more ignorant than ordinary people,
who were only ignorant of ordinary things.

Terry Pratchett, Equal rites

They say that life’s a carousel
Spinning fast, you’ve got to ride it well

The world is full of kings and queens
Who blind your eyes and steal your dreams

It’s heaven and hell, oh well

And they’ll tell you black is really white
The moon is just the sun at night

And when you walk in golden halls
You get to keep the gold that falls

It’s heaven and hell, oh no

Fool, fool
You’ve got to bleed for the dancer

Fool, fool
Look for the answer

Fool, fool, fool

Black Sabbath, Heaven And Hell

Did I bleed for the dancer?
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RÉSUMÉ EN FRANÇAIS

La bioinformatique est un domaine scientifique visant à expliquer des phénomènes bi-
ologiques grâce à des approches informatiques. Elle est à l’interface entre biologie et math-
ématique et applique différentes méthodes et techniques (programmation par contraintes,
comparaison de séquences, ingénierie des connaissances, etc) à des données provenant de
sciences biologiques, chimiques ou physiques. L’une des applications de la bioinforma-
tique (en relation avec la biologie des systèmes) est le développement de modèles visant
à prédire le fonctionnement de phénomènes biologiques.

Parmi ces phétnomènes biologiques, il y a le métabolisme, l’ensemble des transforma-
tions chimiques menant à la modification de composés pour assurer la vie de la cellule
(en chargeant ou déchargeant l’énergie, en recréant des composés nécessaires au fonction-
nement de la cellule, etc). Certaines des transformations chimiques sont catalysées par
des enzymes. Les enzymes sont issues de la traduction des ARN messagers qui eux-même
sont transcrits à partir des gènes, qui sont des régions précises présentes sur le génome
d’un organisme. Grâce aux nouvelles méthodes de séquençage, il est possible de connaître
la séquence des génomes et ainsi des gènes. De nombreuses analyses sur ces séquences,
couplées à des expériences biologiques ont permis d’associer à certains gènes une fonction
précise et parfois d’identifier quels gènes vont être transcrits puis traduits en enzymes.

La thèse s’inscrit dans ce domaine de la bioinformatique en se mettant à l’interface
de la comparaison des séquences génomiques, de l’ingénierie des connaissances et de la
programmation par contraintes. Elle a permis de développer des méthodes pour inté-
grer et analyser des données et connaissances relatives au fonctionnement de la cellule,
d’organismes et d’interactions entre organismes.

Prédiction de voies métaboliques alternatives à partir
de données métabolomiques

Au sein des bases de données sur le métabolisme, les réactions biochimiques sont
souvent regroupées en des ensembles produisant des composés d’intérêts qui sont appelés
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Résumé en français

voies métaboliques. Ces voies métaboliques ont été décrites à partir d’organismes modèles.
Mais elles ne sont parfois pas adaptées à d’autres organismes (à cause d’un manque de
certains composés). Pour essayer de prédire des voies alternatives pour des organismes non-
modèles, le Chapitre 2 décrit une méthode se basant sur la dérive de voie métabolique et
propose un formalisme de cette dérive en l’implémentant en utilisant une programmation
par contrainte. Cette méthode a été développée en collaboration avec Jacques Nicolas
(INRIA, Rennes) et Gabriel Markov (Station Biologique de Roscoff). La dérive de voie
métabolique est définie comme similaire à la dérive du système de développement (True
et al. 2001). Chez des organismes présentant des similarités en terme de morphologie, des
analyses comparatives ont montré que les systèmes amenant au développement de ces
caractéristiques similaires divergeaient. C’est ainsi qu’a été proposée la dérive du système
de développement à savoir que des changements peuvent être appliqués aux systèmes
gérant le développement de phénotypes sans que le phénotype n’en soit modifié (True et
al. 2001). Il n’y a ainsi pas d’effet de la sélection naturelle mais à la manière de la dérive
génétique, des changements apparaissant par hasard. Une dérive similaire pourrait être
appliquée au métabolisme. Ainsi des changements pourraient avoir lieu au sein d’une voie
métabolique sans que cela n’entraîne un changement dans les composés finaux produits
par la voie métabolique. C’est en se basant sur ce concept que nous avons développé
un prototype visant à prédire des voies métaboliques alternatives à partir d’une voie
métabolique de référence et des données métabolomiques (qui permettent de mesurer la
présence de composés à travers leur masses et leurs charges chez un organisme).

En partant d’une voie métabolique de référence (obtenue depuis des bases de données
métaboliques et/ou de la littérature), des données métabolomiques indiquant la présence
de composés (et permettant de détecter des composés non encore connus et donc seulement
identifiés par un rapport masse-sur-charge) et de la structure des composés métaboliques,
la méthode PathModel va essayer d’inférer de possibles voies alternatives. Pour se faire,
une base de connaissance est créée manuellement. Cette base contient un encodage simpli-
fié des réactions enzymatiques où ne sera encodé que le réactant et le produit particulier
en enlevant les cofacteurs de la réaction. De plus, les structures chimiques des composés
sont encodées de manière consistante, c’est-à-dire que l’atome 1 du composé A correspond
à l’atome 1 du composé B. Cette consistance dans l’écriture permet la comparaison des
structures et l’identification de transformations chimiques qui sont modélisées comme les
changements possibles de structures entre le réactant et le produit. De plus, les ratios
masse-sur-charge des molécules non identifiées sont ajoutés dans la base de connaissance.
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Les voies métaboliques sont enfin décrites avec des composés d’entrée et des composés de
sortie. L’ensemble de cet encodage est fait dans le langage de programmation par con-
traintes Answer Set Programming (ASP). De cette manière, il sera possible d’appliquer
des règles logiques pour explorer la combinatoire des changements possibles amenant à la
production des composés de sortie de la voie métabolique.

La base de connaissance est donnéee comme entrée à une méthode se reposant sur
de la programmation logique (Lifschitz 2008; Gebser et al. 2019) qui va appliquer itéra-
tivement plusieurs raisonnements. Un premier raisonnement vise à prédire de possibles
transformations chimiques entre des composés connus en utilisant des réactions déjà con-
nues provenant de bases de données métaboliques ou de la littérature. Cela permet de
proposer des ensembles de transformations ne se reposant pas uniquement sur les com-
posés présents dans notre voie métabolique. Il sera ainsi possible de rattacher à la voie des
composés connus chez notre organisme d’intérêt. Le second raisonnement vise à chercher
des composés dans la base de connaissance dont la transformation chimique amènerait
à la production d’un composé dont le ratio masse-sur-charge est égal à celui d’un ratio
masse-sur-charge n’ayant pas été identifié. Cela permet de valider par un ratio mesuré
un composé intermédiaire (prédit) à notre voie métabolique. Ces deux raisonnement sont
appliqués pour prédire l’ensemble des transformations alternatives permettant de passer
du composé d’entrée aux composés de sortie.

PathModel a été appliqué sur deux voies métaboliques de l’algue rouge Chondrus
crispus, la voie des stérols et la voie des acides-aminés analogues de la mycosporine. Pour
la voie des stérols cela a permis de prédire une voie alternative avec un renversement
dans l’ordre des enzymes utilisées chez C. crispus. Et pour les acides-aminés analogues
de la mycosporine, il a été possible de rattacher deux ratios masse-sur-charge inconnus
à la voie connue. C’est ainsi que nous avons pu proposer des voies alternatives pour
deux voies présentes chez C. crispus. Cela permet ainsi de compléter les connaissances
sur le métabolisme de l’algue, en ajoutant ces voies aux centaines de voies composant le
métabolisme de l’organisme.

Inférence de réseaux métaboliques comparables à par-
tir de données hétérogènes

La seconde échelle d’analyse examinée dans mes travaux se concentre, non plus une voie
métabolique contenant des dizaines de réactions mais sur l’ensemble du métabolisme d’un
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organisme étant représenté par un graphe contenant des milliers de réactions et de com-
posés. Plus particulièrement, le Chapitre 3 a visé à développer une méthode permettant
d’homogénéiser la reconstruction de graphes métaboliques pour un groupe d’organismes en
vue de comparer leurs métabolismes. Cette comparaison pourra se faire, par exemple, en
comparant la présence ou l’absence de réactions biochimiques dans les réseaux reconstru-
its. Notamment, l’approche vise à être capable de reconstruire des graphes métaboliques
à partir de génomes présents dans des bases de données publiques. Le problème ren-
contré est que les génomes présents dans ces bases de données ont souvent été annotés
avec différents outils amenant à une hétérogénéité dans leurs annotations. Il peut y avoir
des problèmes avec l’annotation structurelle, c’est-à-dire la prédiction de gènes au sein
du génome pouvant amener à l’absence de certains gènes (Ejigu et al. 2020), dont cer-
tains pouvant réaliser une activité enzymatique. Et il peut aussi y avoir des problèmes
avec l’annotation fonctionnelle, qui est l’étape visant à l’association d’un gène avec une
fonction et donc une possible activité enzymatique. Une erreur lors de ces étapes peut
empêcher l’annotation d’une enzyme et ainsi indiquer comme manquante une réaction
pourtant bien présente dans le métabolisme de l’organisme. Ainsi, ces analyses détectent
des différences entre les réseaux métaboliques de plusieurs organismes provenant de biais
d’annotations et non de différences biologiques (Nègre et al. 2019).

Pour répondre à ce problème, nous avons développé AuCoMe, un outil visant à re-
construire de manière homogène le métabolisme de plusieurs organismes en vue de leur
comparaison. AuCoMe est un workflow enchaînant des méthodes de comparaison de
séquences pour réaliser l’homogénéisation des réseaux. La méthode prend en entrée des
génomes provenant de bases de données publiques et pouvant donc être annotés de manière
hétérogène. Puis, une première étape va reconstruire des réseaux métaboliques en se basant
sur les annotations présentes dans les génomes en utilisant l’outil Pathway Tools (Karp
et al. 2002a; Karp et al. 2019; Karp et al. 2021). Une recherche de gènes orthologues
est réalisée avec OrthoFinder (Emms et al. 2015; Emms et al. 2019) pour trouver des
groupes d’orthologues entre les différents génomes étudiés. En se basant sur ces groupes
d’orthologues, AuCoMe va propager les réactions prédites avec Pathway Tools suivant un
score de robustesse. Le score dépend du nombre d’orthologues dans le groupe et des ortho-
logues au sein du groupe ayant la réaction selon Pathway Tools. Une réaction est propagée
à un groupe d’orthologues si le gène ayant la réaction selon Pathway Tools est aussi or-
thologue à un autre gène ayant cette réaction ou si le nombre d’orthologues présent dans
le groupe est inférieur à un seuil. Cela vise à limiter les propagations de réactions pour
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les groupes contenant de nombreux orthologues et peu de réactions prédites par Pathway
Tools. Puis, une troisième étape va comparer les réseaux deux à deux pour identifier les
réactions absentes dans les réseaux. Pour ces réactions manquantes, une recherche dans
le génome de l’organisme concerné est réalisée avec les outils blast (Altschul et al. 1990;
Camacho et al. 2009) et exonerate (Slater et al. 2005), avec en entrée les séquences des
protéines étant associées à cette réaction. De cette façon, AuCoMe vérifie s’il n’y a pas
eu un problème lors de la prédiction structurelle pour le gène associé à cette réaction
dans l’organisme d’intérêt. Une dernière étape est réalisée durant laquelle AuCoMe va
chercher à compléter les voies métaboliques en ajoutant les réactions spontanées. Après
ces différentes étapes, des réseaux homogénéisés à partir de leurs annotations respectives
sont reconstruits.

AuCoMe a été appliqué à 3 jeux de données sur différents groupes taxonomiques (29
bactéries, 36 algues et 74 champignons). Les réseaux reconstruits avec la première étape
sont extrêmement hétérogènes dus à des différences dans leurs annotations fonctionnelles.
Certains réseaux sont vides alors que d’autres contiennent des milliers de réactions. La sec-
onde étape en propageant les réactions parmi les orthologues permet une homogénéisation
des contenus en réactions et de créer des réseaux ayant des nombres similaires de réactions
(autour de quelques milliers). La troisième étape cherchant à vérifier si l’absence de réac-
tions n’est pas due à une erreur dans la prédiction structurelle n’a eu un effet significatif
que pour 2 génomes (un du jeu de données algue et un du jeu de données champignon).
L’effet de cette troisième étape est ainsi limité sur les jeux de données testés. Puis l’étape
finale de l’outil a permis de compléter une vingtaine de voies métaboliques en ajoutant
des réactions spontanées.

Pour valider la méthode une seconde expérience a été réalisée sur le jeu de données bac-
tériens. Le génome de la souche Escherichia coli K–12 MG1655 a été dégradé de plusieurs
façons, soit en enlevant les annotations fonctionnelles des gènes soit en supprimant com-
plètement les gènes du génome. De cette façon, 31 réplicats ont été créés. Chaque réplicat a
été associé à 28 autres génomes (non dégradés) de bactéries et donné en entrée à AuCoMe.
Cela a permis de montrer que si l’annotation fonctionnelle est dégradée (les annotations
associées aux gènes) l’étape de propagation à travers les orthologues permet de récupérer
la majorité des réactions. Si les gènes sont supprimés du génome c’est alors la troisième
étape vérifiant l’absence des réactions en alignant des protéines aux génomes qui permet
de récupérer les réactions. Et si les deux dégradations sont appliquées, la combinaison
des deux étapes permet de récupérer les réactions perdues lors de la dégradation. De
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cette manière, l’expérience indique la complémentarité des deux étapes suivant l’état des
génomes donnés en entrée.

Finalement, une comparaison des réseaux métaboliques des algues a été réalisée. En
réalisant un clustering des algues suivant l’absence ou la présence de réactions, il a été
possible d’étudier la similarité des réseaux métaboliques. Les réseaux reconstruits après
la première étape présentent une grande variabilité et ne sont pas regroupés suivant les
groupes phylogénétiques auxquels ils appartiennent mais plutôt suivant leurs niveaux
d’annotations. C’est notamment le cas pour les génomes peu annotés qui se retrouvent
regroupés ensembles. Après l’ensemble des étapes d’AuCoMe, le clustering sur les réseaux
métaboliques crée des groupes qui sont cohérents avec les groupes connus de la phylogénie.
Une analyse plus fine compare l’arbre phylogénétique des algues et l’arbre obtenu à par-
tir du clustering suivant la présence ou l’absence de réactions. Cette analyse montre de
nouveau la cohérence des groupes suivant la phylogénie ou le métabolisme. Par contre sur
des échelles plus fines des divergences entre les arbres sont présentes notamment pour des
espèces. Ces résultats sont assez proches d’autres résultats montrant une cohérence entre
les groupes connus phylogénétiquement et des regroupements suivant le métabolisme et
plus de divergences dans des granularités plus fines comme le placement des espèces.

AuCoMe permets ainsi l’étude du métabolisme à partir de génomes hétérogènes pour
permettre la comparaison à grande échelle de réseaux métaboliques. Il a été appliqué et
validé sur 3 jeux de données et a permis l’exploration de la diversité du métabolisme chez
les algues. Cette exploration a permis d’explorer le métabolisme d’un groupe d’organismes
à partir de leurs génomes.

Estimation des capacités métaboliques à partir d’une
affiliation taxonomique

Les analyses réalisées par l’outil précédemment décrit s’appuient sur les génomes
des organismes. Mais pour de nombreux organismes, il n’y a pas de génome disponible.
Pour la majorité des expériences en métagénomique seuls certains gènes marqueurs sont
séquencés. Ces séquences peuvent être associées à des affiliations taxonomiques, c’est
à dire l’appartenance du gène marqueur à un groupe d’organismes apparentés (taxon).
Pour analyser ces données d’un point de vue métabolique, il faudrait pouvoir estimer le
métabolisme, non pas d’un organisme mais d’un groupe d’organisme (taxon). Des méth-
odes existent déjà pour prédire des profils fonctionnels à partir de séquences de gènes
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marqueurs (Langille et al. 2013; Douglas et al. 2020; Bowman et al. 2015; Aßhauer et al.
2015; Wemheuer et al. 2020). Mais les profils fonctionnels ne permettent pas d’obtenir
des réseaux métaboliques. D’autres méthodes ont été développées qui vont chercher les
réseaux métaboliques des espèces les plus proches des séquences des gènes marqueurs
pour avoir des réseaux métaboliques mais cela peut être problématique si le marqueur
diverge fortement des plus proches espèces connues (Cardona Uribe 2019; Mendes-Soares
et al. 2016). De plus, l’affiliation taxonomique ne correspond généralement pas au niveau
de l’espèce mais à des rangs taxonomiques plus élevés (genre ou famille)à des rangs tax-
onomiques plus élevés (genre ou famille). Pour cela il y a besoin d’une méthode pour
prédire les capacités métaboliques à partir d’une affiliation taxonomique et de proposer
des réseaux métaboliques associés à des taxons.

C’est pour répondre à ce besoin qu’une nouvelle méthode (EsMeCaTa) se basant sur
l’ingénierie des connaissances et la comparaison des séquences a été développée et est
présentée dans le Chapitre 4. Cette méthode vise à prédire un ensemble de protéines
annotées à partir d’une affiliation taxonomique. La première étape parcourt l’affiliation
taxonomique et les taxa qu’elle contient. En partant du rang taxonomique le plus bas pos-
sible (par exemple le genre) et en remontant jusqu’au rang taxonomique le plus élevé (par
exemple le royaume), EsMeCaTa va interroger la base de données de protéines UniProt
(The UniProt Consortium 2021) pour trouver s’il existe des protéomes associés à cha-
cun des taxa. Puis, le taxon associé à au moins un protéome (ou N protéomes en fonction
d’une option) et ayant le rang taxonomique le plus bas est sélectionné. Durant la deuxième
étape, un clustering est réalisé sur les protéines contenues dans l’ensemble des protéomes
associés à un taxon en utilisant MMseqs2 (Steinegger et al. 2017). Cela permet de créer
des groupes de protéines homologues provenant des différents protéomes. Ces groupes de
protéines sont filtrés suivant un seuil de représentativité des protéomes. Ainsi pour chaque
groupe de protéines, EsMeCaTa compte combien des protéomes trouvés pour le taxon sont
représentés par des protéines dans le groupe et calcule un ratio de représentativité. Puis
suivant le ratio sélectionné par l’utilisateur (de base il est à 0.95 ce qui implique que 95%
des protéomes du taxon ont une protéine dans le groupe) les groupes de protéines ayant un
ratio de représentativité supérieur à ce seuil sont conservés. EsMeCaTa va ensuite annoter
ces groupes de protéines aves des requêtes sur la base de données UniProt. Ces annota-
tions permettent de connaître les fonctions réalisées par les groupes de protéines. Au sein
de ces fonctions il est possible de connaître les fonctions enzymatiques. Cela permet de
repérer les enzymes associées à un taxon et d’ainsi avoir une estimation des capacités
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métaboliques.

EsMeCaTa a été utilisée dans le cadre d’une expérience de métagénomique réalisée
par Patrick Dabert (UR OPAALE, INRAE) visant à comprendre le fonctionnement d’un
méthaniseur au cours du temps et suivant le traitement de différents déchets (lisier,
pomme, beurre). Une première utilisation d’EsMeCaTa sur le jeu de données est réalisée
en utilisant les options par défaut de l’outil. La première étape d’EsMeCaTa a montré
que le nombre de protéomes trouvé par l’outil dépend du rang taxonomique sélectionné
par EsMeCaTa. Ainsi, les rangs taxonomiques bas (genre, famille) sont associés à des pe-
tits nombres de protéomes associés à un taxon (10-20) alors que des rangs taxonomiques
plus élevés (ordre, phylum) amènent à trouver plus de protéomes (entre 80 et 120). Cela
a un impact sur les étapes ultérieures car avec une petite diversité de protéomes, il y
aura plus de protéines partagées et donc conservées après l’étape de clustering quand
on se base sur le seuil de représentativité par défaut à 0.95. Ce qui amène à avoir plus
d’annotations quand le rang taxonomique est au niveau du genre ou de la famille et à peu
d’annotations quand le rang taxonomique est élevé. Ces résultats ont ensuite été donnés
à des méthodes de Machine Learning pour essayer de comprendre les différences entre les
phases dans lequel le méthaniseur était considéré comme étant fonctionnel et les phases
où le méthaniseur n’était plus fonctionnel. La méthode de Machine Learning appliquée
aux abondances des taxa a permis de trouver les groupes microbiens discriminant un
méthaniseur fonctionnel et inversement ceux discriminant un méthaniseur non fonction-
nel. Pour les méthaniseurs fonctionnels, il y a un groupe contenant à la fois des bactéries
et des archées méthanogènes. Alors que pour les méthaniseurs non fonctionnels il n’y a pas
d’archées méthanogènes et que des bactéries. Une seconde approche de Machine Learning
a été appliquée pour trouver les annotations fonctionnelles différenciant le fonctionnement
des méthaniseurs. Cette approche a permis de séparer les 2 états des méthaniseurs et de
détecter les annotations associées à la méthanisation.

Une seconde expérience a été réalisée sur le jeu de données. Cette expérience a pour
but d’étudier l’impact du seuil de représentativité des protéomes sur les prédictions. Pour
cela, 5 seuils ont été sélectionnés (0, 0.25, 0.5, 0.75 et 0.95) et différentes options de
sélection des protéomes par EsMeCaTa ont été utilisées (au moins 5 protéomes par taxon
et un rang taxonomique inférieur ou égal à la famille). En moyenne 33 protéomes ont
été retrouvés par taxon. Plus le seuil de représentativité des protéomes est bas et plus le
nombre de groupes de protéines sélectionnés est grand. Inversement, plus ce seuil augmente
et plus le nombre de groupes conservés diminue. La même dynamique est présente pour les
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annotations fonctionnelles retrouvées par EsMeCaTa suivant les seuils de représentativité.
A partir de ces données des réseaux métaboliques associés aux taxa ont été reconstruits
et le nombre de réactions dans les réseaux suit une dynamique similaire.

Ainsi, EsMeCaTa permet de prédire des fonctions métaboliques associées à des taxa.
Cette méthode propose des estimations des capacités métaboliques pouvant être utilisées
pour étudier le métabolisme d’organismes n’ayant été identifiés que par des assignations
taxonomiques. Obtenir des réseaux métaboliques pour ce type de données permet d’essayer
d’identifier des coopérations métaboliques au sein des communautés étudiées.

Identification d’espèces clés au travers de la complé-
mentarité métabolique

Ainsi, avec les résultats d’EsMeCaTa il est possible de prédire le métabolisme de
taxa associés aux organismes détectés dans le milieu. Cela ouvre la voie à l’analyse de
complémentarité métabolique possible entre groupes d’organismes identifiés qui est le
quatrième niveau du métabolisme étudié dans cette thèse, la communauté. Un problème
rencontré dans les simulations du métabolisme de communauté est en particulier le passage
à l’échelle pour tester les interactions possibles au sein de communautés à grande échelle.

Pour résoudre ce problème, une méthode (présentée dans le Chapitre 5) a été dévelop-
pée en collaboration avec Clémence Frioux (INRIA, Bordeaux) pour prédire les in-
teractions métaboliques potentielles au sein de communautés contenant des centaines
d’organismes. Cette méthode prend en entrée des génomes ou des réseaux déjà reconstruits
puis prédit des complémentarités métaboliques en résolvant des problèmes d’optimisation
combinatoire avec des approches de programmation par contraintes. La première étape
(pouvant être optionnelle) vise à reconstruire des réseaux métaboliques à grande échelle.
Pour cela un outil a été développé pour utiliser plusieurs processus de Pathway Tools en
parallèle sur différents coeurs d’un processeur. Cela permet un passage à l’échelle pour
l’obtention des réseaux métaboliques. Ensuite, les capacités de production individuelles
des réseaux métaboliques reconstruits sont calculées à partir d’un ensemble de métabolites
appelé graines (qui représentent les nutriments présents dans le milieu de culture). Pour
ce faire l’outil se repose sur une analyse topologique des graphes métaboliques grâce à de
la programmation par contraintes avec l’outil MeneTools (Aite et al. 2018). En partant
des métabolites graines, les réactions utilisant les graines comme réactant sont activées
amenant à la production de leurs produits. Ces produits deviennent ainsi utilisables pour
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d’autres réactions qui peuvent être activées à leur tour. Cela amène à une expansion des
métabolites productibles et permet de voir les métabolites productibles dans le graphe du
réseau métabolique. Puis, une méthode similaire est appliquée pour trouver les métabolites
productibles par l’ensemble de la communauté. Cette étape se repose sur l’outil MiSCoTo
(Frioux et al. 2018a) pour calculer la production de la communauté en autorisant les
échanges entre organismes sans coût. Il est ainsi possible de voir les métabolites pro-
ductibles par la communauté. Ensuite, Metage2Metabo utilise MiSCoTo (Frioux et al.
2018a) pour calculer les communautés minimales (c’est-à-dire les plus petites commu-
nautés possibles) permettant de produire soit des métabolites cibles soit les métabolites
uniquement productibles par des échanges entre membres de la communauté. L’analyse
des communautés minimales ainsi produites permet de détecter des espèces clés dans les
interactions métaboliques avec des organismes apparaissant dans toutes les communautés
minimales (appelés symbiote essentiel) et des organismes apparaissant dans certaines des
communautés mais pas toutes (symbiote alternatif). L’ensemble de ce workflow permet
de détecter les interactions métaboliques potentielles entre organismes et d’identifier les
acteurs clés de ces interactions. La méthode est présentée avec un exemple réalisé sur
un microbiote de l’intestin humain contenant 1520 génomes pour montrer le potentiel de
coopération métabolique entre ces organismes.

La méthode a ensuite été appliquée aux données du méthaniseur et notamment aux
réseaux prédits. Une première étape a été de tester les réseaux obtenus sans les filtres
sur les protéomes pour identifier les espèces clés pour la production du méthane et de
quelques autres métabolites clés (acétate, dioxyde de carbone, etc). Cette première anal-
yse a donné peu de résultats car les communautés minimales n’étaient composées que de
2 organismes une archée méthanogène et un taxon bactérien (le genre Alcaligenes). L’un
des problèmes étant que le taxon Alcaligenes était associé à un unique protéome et avait
donc accès à toutes les protéines et les annotations de ce protéome. Pour résoudre ce
problème, nous avons ensuite utilisé les résultats de la seconde expérience d’EsMeCaTa
avec les filtres demandant au moins 5 protéomes par taxon et un rang taxonomique in-
férieur ou égal à la famille. De plus, nous avons testé les 5 seuils de représentativité. Plus
le seuil de représentativité diminue et plus le nombre de métabolites productibles par la
communauté augmente. La même tendance s’observe pour les productions individuelles.
Par contre le nombre de métabolites uniquement productibles par la communauté ne varie
pas. Les tailles des communautés minimales diminuent avec la diminution des seuils. Mais
le nombre d’espèces clés est variable avec plus de 20 espèces clés pour les seuils à 0.95 et
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0 alors qu’il y a environ 5 espèces clés sélectionnées pour les autres seuils. L’analyse des
communautés minimales permet d’identifier des espèces clés de la méthanogénèse comme
des archées méthanogènes (Methanosarcina, Methanobacterium) et des bactéries connues
pour leurs implications dans les méthaniseurs (comme les Ruminiclostridium, Enterococ-
cus). Cela permet aussi d’observer l’évolution au cours du temps de ces communautés.

Conclusion

Cette thèse a permis le développement d’un ensemble de méthodes pour avoir une
meilleure compréhension du métabolisme à plusieurs échelles : les voies métaboliques, les
génomes, les taxa et les communautés d’organismes. Les données mesurant le métabolisme
provenant de différentes approches (génomique, métabolomique) et en grande quantité
(génomes séquencés, données de métagénomiques) peuvent rendre la compréhension de
celui-ci complexe. Pour cela, la thèse a visé à déveloper des approches d’aide à la décision
pour l’analyse du métabolisme en proposant des candidats (voies métaboliques alterna-
tives, métabolisme de taxon, espèces clés) qui pourraient être analysés plus précisément.
Cela est possible en combinant plusieurs domaines. L’informatique en proposant des méth-
odes de passage à l’échelle au travers de programmation par contraintes, de parallélisation
et d’ingénierie des connaissances. La bioinformatique en développant des méthodes de fil-
trage des données et de workflow. Cela a permis de proposer des candidats potentiels pour
chaque échelle analysée: des voies métaboliques alternatives chez Chondrus crispus, une
comparaison du métabolisme des groupes d’algues et l’identification d’espèces clés dans
une communauté microbiennes d’un méthaniseur.

Publications

Cette thèse est basée en partie sur des travaux déjà publiés. Ainsi le Chapitre 2 est
associé à une publication réalisée en collaboration avec la Station Biologique De Roscoff
(abrégée en SBR, LBI2M UMR8227) et publiée dans le journal iScience (Belcour et al.
2020b). Le Chapitre 5 a été créé à partir d’une publication du journal eLife (Belcour et al.
2020a). De plus des parties de la thèse correspondent à des articles en cours de soumission.
Le Chapitre 3 est fait à partir d’un article écrit en collaboration avec une équipe de la
SBR et en cours de soumission. Le texte associé est déposé sur un serveur de preprint 1. La

1. https://www.biorxiv.org/content/10.1101/2022.06.14.496215v1
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méthode présentée dans le Chapitre 4 est décrite dans un article et le texte est disponible
sur un serveur de preprint 2. Et les sous-sections 4.3 et 5.3 correspondent à un article en
cours d’écriture en collaboration avec Patrick Dabert (UR OPAALE, INRAE).

De plus, durant ma thèse des articles dont je suis co-auteur ont été publiés. Parmi
ces articles, certains ont un lien avec le sujet de la thèse comme un article publié dans
Antioxidants (Nègre et al. 2019) écrit en collaboration avec une équipe de la SBR, un
article publié dans PeerJ (Karimi et al. 2021) écrit en collaboration avec une équipe de la
SBR et un dernier publié dans Frontiers in Plant Science (Girard et al. 2021). D’autres
ne sont pas cités comme un article publié dans Journal of Phycology (Xing et al. 2021),
un article publié dans Genomics (Daval et al. 2019) et un article publié dans Microbial
Biotechnology (Daval et al. 2020).

Logiciels

Tous les logiciels développés durant cette thèse sont accessibles en open-source. Les
codes sont déposés sur le site GitHub dans différents répertoires accompagnés de readme
et de documentation. Pour le chapitre 2, le code de la méthode développée (PathModel)
est présent sur le github pathmodel/pathmodel. Pour le Chapitre 3, le code d’AuCoMe
est accessible dans le répertoire github AuReMe/aucome. Le code de la méthode présen-
tée dans le Chapitre 4 (EsMeCaTa) est accessible dans le répertoire AuReMe/esmecata.
Pour le Chapitre 5, plusieurs outils ont été développés. Metage2Metabo se repose sur
plusieurs autres outils qui ont été dévelopés comme le package mpwt ou optimisés
comme MeneTools et MiSCoTo. Le code du workflow Metage2Metabo est accessible à
AuReMe/metage2metabo.

2. https://www.biorxiv.org/content/10.1101/2022.03.16.484574v1
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INTRODUCTION

Metabolism, the set of biochemical reactions converting compounds for multiple goals,
is a vital process for the cell. Increasing the knowledge of metabolism is very important
as numerous applications (such as drug design, organism comparison, or disease under-
standing) can benefit from it. Several scientific domains study metabolism with various
methods, from direct measures to predictive methods.

Among these domains, Bioinformatics is a scientific field aiming at explaining bi-
ological phenomena through computational approaches. It is at the interface between
biology and mathematics, seeking to apply different methods and techniques (constraint
programming, sequence comparison, knowledge engineering, etc.) to biological, chemical
or physical science data. One of the applications of bioinformatics (concerning systems
biology) is the development of models to predict the functioning of biological phenomena.

These predictions often rely on biological experiments. With the rise of the -omics
methods, it is possible to study the global content of the cell. Numerous methods can
be used to measure the metabolism activity by identifying genes (through genomics and
transcriptomics), enzymes (with proteomics), metabolites (with metabolomics) and the
reaction rate (with fluxomics). These methods create numerous complementary data al-
lowing the study of the metabolism at different levels.

This thesis aims at developing a set of methods to better understand metabolism at
multiple levels (metabolic pathways, genome, taxon and community). It is at the interface
of sequence comparison, knowledge engineering and constraint programming. It shows the
development of decision support approaches for metabolic analysis by proposing candi-
dates (alternative metabolic pathways, taxon metabolism, symbiotic species) that could
be analysed more precisely. Chapter 1 presents the modelling of metabolism and the level
of metabolism studied in the following chapters.

A first level can be the synthesis or degradation of specific metabolites, essential for
designing metabolic pathways. Metabolomics allows for the identification of the metabo-
lites present in a sample. Knowing the metabolites present in an organism can give insight
into how the metabolites are processed and the underlying reactions. Numerous methods
have been developed to predict metabolic pathways from known metabolism. But there
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are issues as several of these methods rely on metabolic modelling but do not consider
metabolite identification from metabolomics. Furthermore, they often proposed the path
of molecules predicted from mathematical modelling, reflecting the rules behind such ap-
proaches. But metabolic pathway inference could benefit from adding knowledge such
as biological rules. In Chapter 2, we propose a method to predict alternative metabolic
pathways by combining metabolomics data and metabolic modelling under the metabolic
pathway drift assumption.

A second level is the metabolic network associated with all the enzymes contained in
a genome. This network allows for studying all the metabolic capabilities of an organism.
Comparing these sets of enzymes between different organisms could get insight into the
organism’s metabolic differences. But there are issues due to how the genomes are anno-
tated, especially in public databases. Genomes are annotated by various tools leading to
heterogeneity in genome annotation. The metabolic comparison of these heterogeneously
annotated genomes will identify differences resulting not from biological signals but het-
erogeneous annotations. To avoid this issue, we have developed a method (presented in
Chapter 3) to homogenise the annotation by using sequence comparison (with orthol-
ogy propagation and structural verification). In this way, it is possible to compare the
metabolism of these homogenised metabolic networks.

A third level is the metabolism associated with groups of related organisms (taxon).
Numerous approaches do not give access to genome information; this is often the case in
metagenomics which studies the genetic elements in environmental samples. For example,
in metabarcoding, only the gene markers’ sequences are retrieved. Aligning this sequence
to specific databases allows for identifying the corresponding organism. But there is an
uncertainty in the assignation of the gene marker, preventing the identification of the
lowest taxonomic rank (such as the species). Methods exist to find the function associated
with gene markers (especially the 16S ribosomal RNA gene). But there is a lack of a
method to estimate the metabolic capabilities of the associated organisms from any gene
markers. To solve this issue, we present in Chapter 4 a method to estimate the metabolic
capabilities of a taxonomic affiliation.

The last level this thesis studies is the community level, where we try to understand
the metabolic interactions between several organisms. Exploring these interactions is of
great interest for environmental study as it allows for creating hypotheses on the sym-
biosis between the organisms. But there is a significant issue, the community identified
in metagenomics often contains hundreds or thousands of organisms. There is a need for

28



Introduction

tractability to handle these large-scale. Furthermore, there is multiple possible input, ei-
ther genome (complete genome or Metagenome-Assembled genome) or metabolic models
such as the one produced in the previous paragraph. To handle this, we have developed
a workflow to reconstruct the metabolism from genomes and compute the individual and
community production capabilities to infer the possible metabolic interactions for the
production of metabolites of interest.
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Chapter 1

STATE OF ART

Bioinformatics is a scientific field developing computational methods for manipulating
biological data to solve biological problems. Furthermore, it can rely on knowledge that
can be represented in multiple ways (such as databases). Bioinformatics is also highly
connected with systems biology as it tries to combine different information to model
complex biological systems. Among these systems, metabolism is essential as it is used to
produce and store energy and handle metabolic wastes.

The metabolism consists of the set of biochemical reactions occurring in a cell to
perform various tasks such as stocking and producing energy and modifying compounds
necessary for the cell. A biochemical reaction transforms a set of reactants into a set of
products. The biochemical reactions are divided into enzymatic and spontaneous reac-
tions. First reactions are the enzymatic reactions which are catalysed by an enzyme. And
the second type is the spontaneous reaction which occurs without an enzyme.

Multiple methods have been developed to study metabolism, especially by represent-
ing it as a graph (where nodes or edges represent metabolites and biochemical reactions).
This representation can be used for different purposes. The first purpose is to describe and
explore the knowledge of an organism’s metabolism. Using methods from the mathemat-
ical field of graph theory, it is also possible to analyse these graphs. Multiple algorithms
are available to perform these tasks. A third purpose is to simulate the dynamics of the
metabolism with methods such as Ordinary Differential Equation (ODE) or Flux Bal-
ance Analysis (FBA). Furthermore, new research opportunities in system biology rise
with the latest sequencing technologies allowing for sequencing a high number of genes
and genomes. Developments in other fields, such as metabolomics (allowing to identify
metabolites), also help to model the metabolism better.

This thesis combines logic programming and knowledge engineering to answer multi-
ple problems associated with the modelling of metabolism. These contributions occur at
different levels of metabolism. The lowest level studied is the metabolic pathway, where
the thesis explores the possible alternative pathways from a drift perspective in Chapter 2.
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Then, it compares the metabolism at the genome level for multiple organisms in Chapter
3. Chapter 4 predicts the metabolism associated with a group of akin organisms (taxon).
And in the final Chapter 5 identifies key species among a community using metabolic
complementarity.

1.1 Modelling the metabolism in systems biology

Metabolism is defined as "the chemical reactions in living organisms by which energy
is provided for vital processes and activities, and new material is assimilated" (PubMed
MeSH Term 68008660 on 19 July 2022). The biochemical reactions are either in the
catabolism or anabolism (Judge et al. 2020). Catabolism is the degradation of complex
molecules into smaller molecules. Anabolism is the biosynthesis of complex molecules
(such as nucleic acids). Some of the chemical reactions are catalysed by enzymes, which
are specific proteins having the ability to bind to substrates and decompose them into
products. These reactions are often called enzymatic reactions. Other reactions can occur
without enzymes, and they are called spontaneous reactions.

The metabolism is a vital system of the cell. It is featured among the three subsystems
used in minimal cell experiments (with informational and compartment-forming subsys-
tems). The metabolism seems so essential that it was hypothesised (for a time) that it
could be the first system to emerge from abiogenesis (the process from which life emerged
from non-living matter). But this claim is controversial as it was shown that the three
subsystems could emerge at the same time (Patel et al. 2015). Studying metabolism allows
us to understand better life, the processes occurring in a cell, and the exchanges within
and between organisms. The application of the metabolism is detailed in subsection 1.1.5.
Before this, we will look into more details on how we can study metabolism and especially
how we can measure it.

Multiple fields arose to study metabolism in the era of omics approaches (Figure
1.1). Each of these approaches examines specific parts of the metabolism, making them
complementary to the global understanding of metabolism.
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Figure 1.1 – Different -omics approaches.

— Genomics sequences the genomes of an organism (Giani et al. 2020) and can help
to find gene sequence coding for specific enzymes. The results from these analyses
make it possible to decipher which enzyme is present in a genome.

— Transcriptomics reveals the expression of genes, which can be an indicator of
the production of enzymes (Z. Wang et al. 2009). But it has to be taken into
account that gene expression can not be considered a one-to-one prediction of
enzyme production as other processes are involved in the production of a protein.
The genomics approaches indicate which enzyme is present, and transcriptomics
identifies which enzyme-coding genes are active in a given condition.

— Proteomics identifies and quantifies the protein in a sample thus allowing to find
enzyme (Aslam et al. 2017). Proteomics can identify the presence and quantity of
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an enzyme and then indicates if an enzyme-coding gene is really translated into a
protein.

— Metabolomics estimates the metabolites present in the sample. It can be un-
targeted to quantify the maximum of metabolites (thus allowing to detect new
metabolites), semi-targeted to get metabolite assignment and quantification or
targeted to have quantitative analysis of known metabolite (Liu et al. 2017). It is
then possible to identify new metabolites.

— Fluxomics measures the metabolite rates of biochemical reactions in the cell (Win-
ter et al. 2013).

These fields produce different types of data, which will be analysed differently and
in complementarity. With genomics, it is possible to reconstruct the genome sequence of
an organism and detect genes. Then by mapping data from transcriptomics it is possible
to identify the expression of the genes. The protein from the translation can be identi-
fied through Proteomics. Among these proteins, enzymes catalyse reactions that convert
metabolites into other metabolites. Metabolomics finds the metabolites present in an or-
ganism. Lastly, Fluxomics can compute the metabolite rates of the conversion between
the metabolites performed by the enzyme.

These data acquisition can be used for different goals from a metabolic perspective
(description, representation, exploration or prediction). First, the knowledge inferred from
the genes identified with genomics and transcriptomics can help to describe the function
of a group of genes. Secondly, the knowledge of all the genes of an organism can be used
to describe or visualise all the possible functions present in the organism. It can also be
explored to identify new functions. Lastly, it is possible to create dynamic modelling of the
metabolism at different scales (compartment, cell or a community of organisms) to make
predictions. Then depending on these goals, multiple ways to model the metabolism exists.
In the following section, we will see the possible graph representations of the metabolism.

1.1.1 Graph representation

Metabolism can be modelled as a graph-based network. There is multiple ways to
represent metabolism as a graph (Figure 1.2).

— A compound graph, where compounds are nodes, and there is an edge between
two nodes if a biochemical reaction occurs between the compounds. Then the same
biochemical reaction will occur multiple times in the network if there are multiple
possible reactants or products for that reaction. These graphs are of interest to
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link metabolic networks with metabolomics data. Indeed in this field, the focus
is more on the metabolite than the biochemical reactions. Then these compound
graphs can be associated with experimental networks constructed by looking at
the metabolic relatedness found during metabolomics experiment (Amara et al.
2022). In the cited review, the compound graph is called a knowledge network. We
will use this graph in Chapter 2 to associate metabolomics data with a metabolic
network.

— A reaction graph contains nodes representing reactions, and an edge links them
if they share metabolites. These graphs can be used to identify critical enzymes.
Indeed as biochemical reactions are represented as nodes, the effect of an enzyme
loss can be tested by deleting the reactions catalysed by the corresponding enzymes
(Kim et al. 2019). In the previously cited article, they are called reaction-centric
graphs.

— A bipartite graph contains reactions and metabolites. Nodes represent both reac-
tions and metabolites. An edge is drawn between a metabolite node and a reaction
node if the metabolites are the reactants of the reaction. And an edge is drawn
between a reaction node and a metabolite node if the metabolites are the prod-
ucts of the reaction. This representation will be used in Chapter 5 to estimate the
metabolic production of organisms.

— An hypergraph contains edges linking more than two nodes. The hypergraph can
contain compounds as nodes (and reactions as hyperedges) or reactions as nodes
(and then compounds are hyperedges). This method is used to compute network
measures for the metabolism (Yeung et al. 2007; Pearcy et al. 2014; Pearcy et al.
2016; Klamt et al. 2009).

Compound 1

Compound 2

Reaction 1

Compound graph

Reaction 1

Reaction 2

Compound 2

Reaction graph

Reaction 1

Compound 1

Compound 3

Compound 2

Bipartite graph

Reaction 1

Compound 1

Compound 3

Compound 2

Metabolic hypergraph

Figure 1.2 – Different representation of metabolism as a graph.
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The graphs are directed as the reactions are directed (from the reactant to the prod-
uct). But a reaction can be reversible, and then both directions are possible (from reactant
to product and from product to reactant). The reversibility of all reactions is unknown, so
some databases and models use non-directed representation or assume that all reactions
are reversible.

These representations have different roles in the study of metabolism. All of these
representations can be used to compute graph metrics (such as centrality or connectivity
(Wagner et al. 2001)). The hypergraph with its hyperedges is interesting for that purpose.
These representations can also be used to visualize the metabolism of an organism (Paley
et al. 2021; Cottret et al. 2018; King et al. 2015; Hari et al. 2020). But among the graph
representation of the metabolism, the bipartite graph is the most used, especially in
dynamic modelling of the metabolism (presented in Subsection 1.1.4). Indeed, the bipartite
graph allows to identify which reaction nodes can be activated by available metabolite
nodes, thus allowing to compute the metabolic producibility.

This thesis will mainly focus on the bipartite graph to represent the metabolism (in
Chapters 3, 4 and 5). A simplified version of this type of graph is used in Chapter 2. Also,
the term metabolic network will be used to describe the graph-based representation of
the metabolism.

1.1.2 Metabolic databases

Knowledge of the metabolism are stored inside databases. In these databases, reactions
and metabolites are labelled by a set of identifiers. Most often, the metabolic databases
are constructed from the literature. Multiple databases have been created such as BioCyc
(Caspi et al. 2016), KEGG (Kanehisa et al. 2022), BiGG (King et al. 2016), ModelSeed
(Seaver et al. 2021), MetaNetx (Moretti et al. 2021), Rhea (Bansal et al. 2022).

BioCyc (Caspi et al. 2016) is a collection of databases which contains 20,005 Path-
way/Genome DataBases (PGDB) at the date of the 18 July 2022. A PGDB contains an
organism’s genes, proteins, and metabolic network information. Among these databases,
there is MetaCyc (Caspi et al. 2020), a universal curated database containing compounds,
enzymes, biochemical reactions across all domains of life. Reaction direction is indicated
if there is information about it in the literature. Other databases in BioCyc contain
metabolism associated with specific Archaea (470 databases), Bacteria (19,416 databases)
or Eukaryota (37 databases). It is associated with Pathway Tools, a tool to reconstruct
draft metabolic networks from annotated genomes (Karp et al. 2002a). This method al-
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lows for the reconstruction of the PGDB of an organism using its genome. It has been
widely used to create metabolic networks for multiple species with different levels of man-
ual curation. It is divided into 3 tier databases, the first one being curated for at least one
year, the second tier undergoing between 1-4 months of manual curation and the third
tier having no manual curation.

KEGG (for Kyoto Encyclopedia of Genes and Genomes) is a knowledge base with mul-
tiples databases containing genomes, genes, orthologs, functional annotation, biochemical
reactions and metabolic maps for 392 Archaea, 7,072 Bacteria and 770 Eukaryotes (at the
18 July 2022). It is associated with a suite of tools to visualise and map metabolic infor-
mation for organisms. Despite showing reaction direction in their representation, KEGG
does not give reaction direction in its file. The direction needs to be extracted from the
map file.

Bigg is a database containing metabolic networks for 108 models (as the 18 July
2022) for 87 Bacteria, 1 Archaea and 20 Eukaryota. These models have been manually
created mainly by the group of Dr B. Palsson at the University of California San Diego
(Schellenberger et al. 2010; King et al. 2016). Being manually reconstructed, the models
are of high quality. They are used as references to reconstruct other metabolic networks
(Machado et al. 2018).

ModelSeed is a metabolic database built by integrating and merging reactions and
compounds from MetaCyc, KEGG and internal models.

MetaNetx is a database trying to reconcile information from multiple other databases
(such as KEGG, Bigg, MetaCyc). This is performed by an automated reconciliation pro-
cedure and manual curation.

Rhea is a knowledge base using the ChEBI (Chemical Entities of Biological Interest)
database to specify the metabolites and is associated with the UniProt database.

These databases contain knowledge that can be queried to extract information for
research purposes. But despite the effort made by MetaNetx, mapping the data between
these multiple databases remains difficult. Thus combined analysis can be performed but
is at a high cost. This mapping difficulty has an impact on the study of metabolism.
A model created with a given metabolic database could not easily be used with models
from other databases. This difficulty is especially an issue when comparing metabolic
networks such as what is presented in Chapter 3 and is often corrected by working on the
same metabolic databases or by performing mapping (by mixing automatic and manual
procedures).
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These multiple databases can also question how the metabolic community work
and lack sufficient interaction to develop a general database. Indeed, now sequenced
genome can be deposited on the International Nucleotide Sequence Database Collabo-
ration (INSDC), handled by three partners (NCBI, ENA and DDBJ). A general database
combining metabolic networks and storing data from different experiments (such as pro-
teomes or metabolomics) could increase the prediction possibilities.

Combining information is growing as presented in the development of MetaNetx or
Rhea. By using semantic web technologies, the latter gives more possibility to connect
data from multiple databases (ChEBI or UniProt). This could lead to combining the
results from numerous analyses (metabolomics, proteomics, transcriptomics) and their
incorporation.

1.1.3 Inferring metabolism for organism

In the modelling of metabolism, these metabolic databases serve as a reference to
estimate the metabolism of organisms. Different methods can perform this task. Most of
them use as input the annotated genome of the organism to reconstruct the metabolic
network. More details on the process of reconstructing an organism’s metabolism will be
presented in the subsection 1.3.3.

Combined with the sequencing methods, the reconstruction methods open the door
to the functional analysis of less studied organisms, such as non-model organisms. Using
genome sequences from the environment makes it possible to reconstruct draft metabolic
networks of such organisms (often by relying on the homology of sequences, which is that
two sequences are similar and can have similar functions).

This analysis can be extended to the environment with environmental research. It is
possible to study the functions present in an environmental sample. This is, for example,
the case of the functions identified in the microbiome of different ocean stations (Sunagawa
et al. 2015). The metabolism can help to describe the functions present in unknown
organisms. But the metabolic networks can go further than being descriptive as they can
simulate the activity of the metabolism.

1.1.4 Dynamic modelling of metabolism

The metabolic network created for an organism can be used in multiple ways, such as
describing the function of the genes and exploring the metabolic capabilities. Thanks to
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numerous methods, it is also possible to model the activity of the organism’s metabolism
to make predictions.

Kinetics Model. A first one is the kinetic model. These modelling use thermodynamics,
reaction stoichiometry and enzyme kinetics to elucidate the reaction fluxes (Srinivasan et
al. 2015; Kumar et al. 2019). Thus these models need precise knowledge of the enzymatic
rate equation. Enzymatic rate is associated with the formation of an enzyme-substrate
complex, the decomposition of the substrate into a complex and the enzyme release.
Kinetic models were developed with different assumptions. One of the most used is the
Michaelis–Menten kinetics with assumptions such as the enzyme concentration being lesser
than the substrate concentration.

Ordinary Differential Equation (ODE) is used to compute the parameter. For the
Michaelis–Menten kinetics, there are two parameters to fit (Km and vmax) for each reac-
tion. This lead to computational tractability in identifying and estimating the equation
parameters. It is also complicated as there is a need for experimentally measured pa-
rameters. These tractability issues make these models unusable, with metabolic networks
containing thousands of reactions. Other models have been used to handle such metabolic
networks.

Constraint-Based Modelling. To scale with the thousands of reactions in an organ-
ism’s metabolic network, methods such as Constraint-Based Modelling, also called sto-
chiometric models, have been developed (Nielsen 2017). Compared to the kinetic models,
it will use the steady-state assumption (metabolites are produced and consumed in mass
balance, such as the metabolite concentration does not change over time) and constraints
(Bordbar et al. 2014). Optimality will be searched in the solution space for the organism’s
growth (with the production of defined biomass).

Numerous methods have been developed, such as Flux Balance Analysis (FBA). These
methods are applied in multiple situations, for example, to predict the growth and product
secretion of a strain of Escherichia coli (Varma et al. 1994). It is possible to reconstruct
a multi-organ metabolic model from the metabolic model reconstructed from a genome
to study organism responses to perturbations (Gerlin et al. 2022).

But this modelling approach has several issues. It often relies on biomass production,
but it can be challenging to estimate for wild organisms which are not cultivable (Frioux
et al. 2020a). Furthermore, the gap-filling method used to complete metabolic networks
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to ensure biomass production can add enzymes, whereas no gene encodes these enzymes.

Topological Analysis. A third method relies on the producibility of a metabolic net-
work by using a boolean abstraction of the network. Compared to the previous methods,
this one does not use stochiometry or the enzymatic rate of the reaction. This method
relies on the connectivity of the metabolic network. From a set of initial metabolites called
the seeds (which simulates the growth medium), an expansion algorithm will search for
all the producible compounds. A compound is produced if it is the product of a reaction
in which substrates are either produced or belong to the seeds. All the producible com-
pounds and the seeds are called the scope (Ebenhöh et al. 2004). This method has been
demonstrated to produce the same set of compounds as the one found with FBA method
(Kruse et al. 2008). Thus it can be used to estimate the production of some metabolites
qualitatively. But it can not quantify these productions.

Conclusion. As presented above, these methods have benefits and caveats. Kinetic
models allow a precise metabolism analysis on a specific model with a low number of
reactions. Constraint-Based Modelling allows quantification analysis for GSMN and com-
munity interactions (especially in pair comparison). The topological analysis permits qual-
itatively analysing metabolite production for large-scale metabolic networks. Following
these indications, part two of this thesis will study a large-scale microbiota to estimate
the producibility of a specific set of metabolites. It will use a topological analysis approach
(more details in Chapter 5).

1.1.5 Current challenges in metabolism

The reconstructed metabolisms can be used in various applications such as (1) predict-
ing the production of metabolites, (2) effect of drug target on pathogens, (3) discovering
enzyme functions, (4) comparing the metabolism of organisms, (5) predicting interactions
between organisms and (6) study disease (Gu et al. 2019). With each of these applications,
different challenges arose, needing different levels of study of the metabolism (Figure 1.3).
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Figure 1.3 – The different levels of metabolism studied in this thesis.

There is a growing interest in predicting the production of metabolites (such as a
drug) by modifying known organisms. Indeed metabolic engineering has been applied to
make some organisms able to produce compounds. For example, yeast has been modified
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to produce opioids (Galanie et al. 2015). This organism modification was performed by
engineering a biosynthetic pathway thanks to enzyme discovery and pathway optimisation.
In this goal, metabolic pathways can be tested in silico by using metabolic pathways
prediction. Furthermore, with the rise of -omics approaches, there is a high number of
genomes and metabolites identified for non-model organisms, which are organisms less
studied than model organisms but with features or adaptations of interest (Russell et al.
2017). Identifying metabolic pathways in these organisms by taking into account their
metabolites could be useful (Figure 1.3 level Pathway). This is developed in section 1.2
and Chapter 2.

The metabolic pathway level gives an insight into the set of reactions for metabolites
production. With the metabolic networks reconstructed, it is also possible to compare the
entire metabolism of multiple organisms (Vieira et al. 2011; Bauer et al. 2015; Prigent et al.
2017) to identify metabolic changes according to phylogeny and environmental conditions.
The comparison of metabolisms brings several issues, especially when using genomes from
public databases as input (Figure 1.3 level Genome-Scale Metabolic Network). This
question is discussed in subsection 1.3 and in the Chapter 3.

As discussed in the previous paragraph, the study of organism metabolisms is eased
when genomes are available. But without sequenced genomes, there is a need to estimate
the metabolism. This need is often observed in metagenomics, the study of genetic ele-
ments in an environmental sample. Indeed several methods in metagenomics output only
taxonomic information (which taxonomic groups are present in the sample). Then there
is a need to estimate the metabolism of these taxonomic groups. This could help study
the microbiota in different environments such as ocean (Sunagawa et al. 2015), soil (Wei
et al. 2019) or humans (Cho et al. 2012). As most of these results from metagenomics
indicate the composition of functions associated with a microbiota, the research on the
metabolic potential of these microbiotas could help decipher their metabolic capabilities
(Figure 1.3 level Taxon metabolism). This is studied in the section 1.4 and in Chapter
4.

Then having the metabolism of multiple organisms can help decipher the metabolic
interactions between these organisms, giving insight into the environment and diseases.
Indeed gut microbiota can impact the host metabolism (Martin et al. 2019), then inves-
tigating the microbiota metabolism can help elucidate these relations. Numerous tools
have been developed to study their metabolisms (Kumar et al. 2019) but there is still
issue especially with large-scale microbiota (Figure 1.3 level Community). This will be
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looked in more details in section 1.5 and Chapter 5.

1.2 Pathway level: inferring alternative metabolic
pathways for non-model organisms

In Subsection 1.1.5, we saw that metabolism representation could be used to identify
drug targets or predict metabolite production. Multiple approaches allow for making those
predictions, and one of these methods uses the metabolic pathway level. These methods
often rely on metabolic databases to make new inferences or compare their predictions.

1.2.1 Definition: metabolic pathways

Metabolic pathways. Multiple definitions have been proposed for a metabolic path-
way. A simple definition can be described as a series of biochemical reactions leading to
the production or degradation of metabolites of interest. But this definition excludes some
known metabolic pathways (Figure 1.4) such as branched pathways (a pathway in which
multiple branches of reactions are split from an intermediate metabolite) or cyclic path-
ways (where each metabolite in the pathway is a substrate for a reaction of the pathway).
Another possible definition of a metabolic pathway is a subgraph inside the metabolic
graph (Faust et al. 2011).

Linear Branched Cyclic

Figure 1.4 – Different metabolic pathway structures.

Some metabolic databases conceptualized literature knowledge and biologically in-
spired rules into metabolic pathways (Caspi et al. 2020; Kanehisa et al. 2022). A second
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definition uses the properties of the metabolic network graph to identify metabolic path-
ways (Papin et al. 2003).

Reference metabolic pathways. The metabolic pathways are differentially concep-
tualized depending on the metabolic databases. Indeed, a comparison between KEGG
and MetaCyc showed a vast difference in how the metabolic pathways are conceptualized
(Altman et al. 2013; M. L. Green et al. 2006). MetaCyc and KEGG rely on their set of
reference pathways and apply their own definitions to infer metabolic pathways for an
organism.

— MetaCyc metabolic base pathways are designed from a set of rules: (1) the se-
ries of reactions in the pathway participates in a common biological process, (2)
pathway input and output correspond to high-connectivity metabolites, (3) input
and output of pathways are stable metabolites, (4) enzymes in the pathway have
a common regulation, (5) pathways are evolutionary conserved thus often being
specific to a group of organisms (M. L. Green et al. 2006). MetaCyc base pathways
are also regrouped in super-pathways.

— KEGG reference map incorporates reactions from multiple organisms and can
contain multiple biological processes (Altman et al. 2013; M. L. Green et al. 2006).
The KEGG maps are also divided into KEGG module (Kanehisa et al. 2008),
which are consecutive reactions. These consecutive reactions were obtained with
genome comparison. The KEGG modules are closer to the MetaCyc base pathway
(Altman et al. 2013).

— ModelSeed Subsystems contain collections of functionally related proteins that
are created by scientific expert (Overbeek et al. 2014). These subsystems can rely
on other databases’ metabolic pathways, such as the pathways from MetaCyc.

These differences in definition lead to differences in the metabolic pathways and the
database content, thus impacting the possible predictions. MetaCyc base pathways are
more numerous than KEGG maps but have fewer reactions (Altman et al. 2013). For
example, the representation of pathways associated with methane metabolism in KEGG
and MetaCyc pathways are shown in Figure 1.5.
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Figure 1.5 – Metabolic pathways for methane metabolism. KEGG methane metabolism
map (left), KEGG modules are shown in red. MetaCyc group of pathways manually
selected as associated with methane metabolism (right). MetaCyc pathway names are
shown in blue.

1.2.2 Available data: reference pathways, metabolomics data

Multiple methods rely on the reference pathways from the metabolic databases (such
as KEGG map or MetaCyc base pathways) to infer metabolic pathways. The knowledge
in these databases are often used either as an input for prediction or as a gold standard
for comparison.

These reference pathways can be inferred for an organism from its genome. But by
using reference pathways from model organisms, it is possible that these pathways are not
a good representation of the metabolic pathway present in the studied organism. Thus
there is a need to find more accurate metabolic pathways for these organisms, possibly
with new predictions.

Another input from the metabolic pathways inference is the metabolites found in an
organism. This can be achieved thanks to metabolomics, allowing to identify (1) known
metabolites by using analytical standards, which are compounds added in the analysis to
identify their corresponding peak and (2) unknown metabolites associated with a Mass-
To-Charge ratio. With this direct measure of the metabolite presence, it is possible to
identify which metabolic pathways can occur in an organism.
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1.2.3 Inferring metabolic pathways

There are multiple ways to perform metabolic pathway prediction. Some methods try
to identify new metabolic pathways among a known metabolic network, thus creating new
series of linked biochemical reactions. Other approaches try to predict the presence of a
biochemical structure in a metabolic pathway, thus allowing to link unidentified molecules
to a known metabolic pathway.

They can rely on graph-based methods, stoichiometry-based (constraint-based mod-
elling) and retrosynthesis-based methods (L. Wang et al. 2017). Another way to identify
metabolic pathways is emerging, relying on machine learning and especially deep learning.

The first type of methods is the subgraph extraction from a graph network. Numerous
methods rely on graph traversal to identify metabolic pathways (Faust et al. 2011). This is
performed using topological algorithms such as Depth-first search or Breadth-first search.

The second set of methods has applied Constraint-Based Modelling to search for opti-
mal pathways that produce specific compounds such as OptStrain (Pharkya et al. 2004),
RetSynth (Whitmore et al. 2019). These methods try to infer possible reactions to produce
targeted compounds.

Retrosynthesis-based methods use target metabolites and try to infer the metabolites
and the reactions that could lead to the production of these target metabolites, such as
RetroPath2 (Delépine et al. 2018). These tools propose novel reactions.

Machine learning and deep learning have arisen in the prediction of metabolic path-
ways. For example, a graph-convolutional network (GCN) and random forest (RF) clas-
sifiers were used to classify metabolites from a SMILES representation to identify KEGG
pathway class associated with the metabolite (Baranwal et al. 2020). These methods allow
for predicting the presence of a metabolite in a metabolic pathway. Other methods rely
on linking GSMN and structural biology (Calhoun et al. 2018) to infer pathways with
candidate enzymes.

Some methods try to infer the potential transformation of a metabolite into other
metabolites by creating metabolic maps. For example, a workflow has been developed
to predict the metabolic map of the degradation of xenobiotic (Conan et al. 2021) by
searching for the potential reaction on a metabolite structure.

Other methods can be used to infer a series of reactions between observed metabo-
lites from metabolomics. A majority of the masses identified in metabolomics can not be
mapped to known metabolites due to a lack of knowledge. To resolve this, an ab initio
method has been developed to reconstruct a metabolic network using the observed masses
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(Breitling et al. 2006). Potential reactions between the compounds were predicted accord-
ing to frequently observed differences in masses between pairs of compounds. But these
metabolic networks are isolated from the ones created by metabolic databases.

1.2.4 Limit: inferring metabolic pathways for non-model organ-
isms

Known metabolic pathways from databases are created from model organisms, but the
metabolic pathways can undergo variations due to changes occurring over time. Due to
this, it can be challenging to study non-model organisms as their metabolic pathways can
vary from model organisms present in metabolic databases. The inference of metabolic
pathways for non-model organisms is complex as the non-model organisms are associated
with very little data. Indeed, the data-driven methods will be limited when applied on
non-model organisms.

A possibility to solve this issue is by adding knowledge and associating it with the
known data. Most of the presented methods relied on the homology, metabolic path-
ways are conserved other time. Multiple hypotheses have been proposed to explain the
evolution of pathways overtime (Scossa et al. 2020). A first one is the retrograde hypoth-
esis, where a pathway is the result of the duplication of the genes catalysing its final
step. This could be the result of the depletion of compounds in the primordial soup. The
Granick’s hypothesis stipulates that a metabolic pathway originates from its first and
simpler metabolites and then expands to more complex molecules. A third hypothesis,
the patchwork hypothesis proposes that ancestral genes were associated with promiscuous
enzymes. Then with duplication and divergence, the activity performed by the promiscu-
ous enzyme could be performed by different paralogs. The shell hypothesis proposes that
metabolic pathways emerged from a consecutive addition of pathways from core central
pathways to more secondary pathway. So biological knowledge and hypothesis could be
used for metabolic pathways inference. Taking this information into account would re-
quire using Knowledge Representation and Reasoning (Levesque 1986) on the biological
knowledge in hypothesis-driven methods.

We could combine the measured data (reference metabolic pathways and metabolomics
data) and the hypothesis-driven approach to elucidate these limits. This could be per-
formed by applying reasoning based on evolutionary hypotheses on data. This is explored
in Chapter 2, which tries to infer metabolic pathways for a non-model organism.
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1.2.5 Contribution: inferring alternative pathways from
metabolic pathway drift

In Chapter 2 we propose to combine metabolic network and metabolomics data to infer
alternative metabolic pathways resulting from metabolic pathway drift. For this, we offer
a formalism of the metabolic pathway drift in the PathModel method. The idea of the
metabolic pathway drift is that even if pathways are evolutionarily conserved, they can
undergo changes that do not modify the pathway input and output. To this end, we used
as a reference MetaCyc metabolic pathway as the input and output of these pathways
are stable metabolites (both in terms of connectivity and decay). Then this formalism
is implemented as a constraint problem and is used to explore the possible alternative
pathways for two metabolic pathways in an alga.

1.3 GSMN level: Annotation heterogeneity in pub-
lic databases impacts GSMNs reconstruction and
comparison

As we have seen in the previous section 1.2, the metabolism can be analysed under the
scale of metabolic pathways. Metabolic pathways are a subnetwork inside the metabolic
network. The method presented in the previous section 1.2 (PathModel) makes it possible
to infer alternative pathways, but it needs a reference pathway. Reference pathways can be
inferred from metabolic databases during the metabolic network reconstruction. From a
genome, multiple methods exist to reconstruct metabolic networks, called Genome-Scale
Metabolic Network (GSMN), giving insight into the metabolism of an organism. And
among them, several approaches also infer the presence of reference metabolic pathways
during this step. With the rise of sequencing technologies, it is easier to sequence an
organism’s genome. With these sequences, it is possible to assess the metabolic potential of
an organism according to its genome annotation. And as we have more and more genomes,
comparing these organisms’ metabolism could help us understand their differences and
equivalences.
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1.3.1 Definition: genome annotations

Genome-Scale Metabolic Networks. Representation of the metabolism can be re-
constructed from the genome annotations. This genome-centric model of metabolism cre-
ates a Genome-Scale Metabolic Network (GSMN). In the first reconstruction of a
GSMN (Haemophilus influenzae), the genome annotation was used to associate genes to
enzymes catalysing biochemical reactions (Edwards et al. 1999). In further reconstruction,
genes are connected to proteins associated with biochemical reactions. The combination
of these three entities have been called a Gene-Protein-Reaction (GPR) association
(Reed et al. 2003).

Gene-Protein-Reaction association. As explained in the previous paragraph, the
association between gene, protein and reaction is defined as a GPR. Multiple types of
GPRs are possible according to the number of genes, proteins and reactions involved
(Machado et al. 2016). The different types are presented in Figure 1.6. The first type
of GPR is the single enzyme, a single gene encodes for a protein, which performs a
single reaction. A second type is the isozymes, where two genes encodes for two different
proteins that catalyse the same reaction. A third type is associated with promiscuous
enzyme, a single gene encodes for a protein that catalyses multiple reactions. Finally, an
enzyme complex which is a set of genes encoding for multiple proteins that assemble into
a complex which catalyses a reaction.

Gene 1 Gene 1 Gene 2

Single
enzyme

Isozymes Promiscuous enzymes

Protein 1

Reaction

Reactant Product

Reaction

OR

Reactant Product

Reaction

Reactant Product

Protein 1 Protein 2

Gene 1 Gene 2

Enzyme complex

ANDProtein 1 Protein 2

Enzymatic complex

Gene 1

Protein 1

Reaction 1

Reactant Product

Reaction 2

Reactant Product

Figure 1.6 – Different types of Gene-Protein-Reaction associations.
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Genome annotation. To link a genome to metabolism, a standard method is to find
the enzyme in the genome. An enzyme is translated from a messenger RNA transcribed
from genes located on the genome. With the rise of genome sequencing, it has been possible
to obtain complete genome sequences. A structural annotation can be performed from
these sequences. The structural annotation will search for specific DNA regions, such as
the genes’ introns and exons (Ejigu et al. 2020). It allows for the identification of gene
sequences. Then a second step named functional annotation can associate biological
information with the genes.

Functional annotation. To annotate the function of a gene, the associated biological
information is often a set of terms from a function database. Multiple function databases
exist such as the Gene Ontology, the Enzyme Commission number and the protein do-
mains (Pfam (Mistry et al. 2021), InterPro (Blum et al. 2021)). As they will often be used
in the thesis, Gene Ontology and Enzyme commission are described in more detail in the
following paragraphs.

— Gene Ontology. One of the most known annotations is the Gene Ontology (GO)
an ontology describing the function associated with a gene and a gene product (Ash-
burner et al. 2000; Gene Ontology Consortium 2021). This ontology is described
with a structure describing the relationships between Gene Ontology Terms. And
a specific Gene Ontology Term is associated with a specific gene, describing the
function performed by the gene. A Gene Ontology Term is identified by a pre-
fix ’GO:’ associated with seven numbers (such as GO:0016860 for ’intramolecular
oxidoreductase activity’).

— Enzyme Commission. Another functional annotation is the Enzyme Commis-
sion number (EC), defining the enzymatic activity associated with the product
of a gene. An EC number is composed of fourth digits (such as 1.1.1.1 for alco-
hol dehydrogenase) describing the corresponding enzymatic activity (McDonald
et al. 2014). An enzymatic activity can catalyse multiple reactions. The first digit
indicates the general class of chemical transformation performed (such as Oxi-
doreductases for 1.x.x.x meaning a transfer of proton between a reductant and
an oxidant). The second and third digits (subclass and sub-subclass) describe the
group, the reaction centre, or the chemical bond modified in the reaction. The
third digit (sub-subclass) details the reaction, and a fourth digit is a serial number
identifying the substrate specificity. Numerous databases stored the nomenclature
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of the Enzyme Commission numbers such as ExploEnz (McDonald et al. 2009),
ExPASy ENZYME database (Bairoch 2000). Metabolic databases link the Enzyme
Commission number and their reactions.

1.3.2 Available data: annotated genome

The input data to reconstruct a GSMN is the sequenced genome of an organism
(Figure 1.7). It consists of the nucleic acid sequences of the genomes. Often the sequences
have been assembled into scaffolds (and chromosomes, if possible). Then using structural
annotation, gene positions are predicted on the sequences to find the gene structure and
predict the protein sequence. This prediction creates a set of protein sequences that can
be used for the functional annotation. The functions associated with the genes are then
used to estimate the enzymatic functions present in the organism.
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Figure 1.7 – Simplified genome assembly and reconstruction step.

1.3.3 GSMN reconstruction

A protocol has been defined to reconstruct a GSMN from a genome (Thiele et al. 2010a)
focusing on creating functional GSMN, meaning that they can produce biomass in FBA
experiment. First, a draft network is reconstructed from the genome annotation. Then
the network is refined through manual curation (verification of the automatic prediction,
adding multiple reactions (such as biomass, transport), compartment location, etc). The
curated network is then converted into a computable format. The model is tested to ensure
its growth capability; if not, missing reactions are added through gap-filling.

Multiple methods have been developed to perform this first step automatically. Two
main approaches have emerged, a first called bottom-up, where metabolic networks are
reconstructed from a genome, and a second called top-down, where the metabolic networks
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are reconstructed from a universal metabolic network (Figure 1.8).

Annotated genome

Reaction database

Draft network

Bottom-up reconstruction

Top-down reconstruction

Gap-filling

Universal network
(manually curated)

Carved networkGap-filled network

Carving

Figure 1.8 – The two approaches in GSMN reconstruction, bottom-up reconstruction or
top-down reconstruction.

The bottom-up methods use the genome and the annotation to reconstruct a metabolic
network. These methods are, for examples, Pathway Tools (Karp et al. 2002a; Karp et al.
2019; Karp et al. 2021), RAVEN (Agren et al. 2013; H. Wang et al. 2018), merlin (Dias
et al. 2010; Dias et al. 2015; Capela et al. 2022), modelSEED (Henry et al. 2010; Seaver
et al. 2021) in the Kbase framework (Arkin et al. 2018). These methods are impacted
by the available knowledge associated with these annotations. For example, the Gene
Ontology terms are incomplete and biased (Gaudet et al. 2017). This can impact the
GSMN reconstruction by avoiding the prediction of reactions. Indeed, some reactions can
not be retrieved from the annotations. But there is some possible gap in these metabolic
networks due to missing reactions. These methods rely on applying gap-filling to solve
these issues. Gap-filling is defined as the completion of missing reactions limiting the
biomass production after the reconstruction, such as fastGapFill (Thiele et al. 2014) or
meneco (Prigent et al. 2017).

The top-down method uses genome annotation and taxonomic information to remove
reactions from a universal metabolic network (this step is called carving). The gap-filling
part is also included in these tools. This has been designed especially for Bacteria and
Archaea such as CarveMe (Machado et al. 2018) or gapseq (Zimmermann et al. 2021).

Toolboxes were also designed to ease this step, such as AuReMe (Aite et al. 2018).
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Some of these toolboxes try to help the curation by providing a set of possible candidate
reactions using a reference metabolic network template.

It has been shown that these tools do not outperform one another; instead, they have
different strengths or weaknesses. CarveMe, gapseq or ModelSeed reconstruct functional
metabolic networks ready to be used in Constraint-Based modelling. Still, there is a cost
as gap-filling methods are used to ensure biomass production, possibly introducing false
positive reactions within the organism’s metabolism. Pathway Tools uses genome anno-
tation and performs a gap-filling process to fill incomplete metabolic pathways. Thus, the
predicted GSMNs are not functional and can need manual curation after their prediction.
For more details, the benchmark in Mendoza et al. 2019 gives more information.

1.3.4 Limit: annotation heterogeneity biases GSMN comparison

Comparison of the metabolism of multiple organisms can be helpful as it can give
insight into the phenotypes and lifestyles of organisms (Gu et al. 2019). This can be
achieved by reconstructing GSMNs from genomes. But using different tools to annotate
the genomes or to reconstruct GSMN will lead to differences in the metabolic networks
produced. Various annotation tools for the genomes will induce differences between the
GSMN reconstructed (Karimi et al. 2021).

These differences are one of the issues when comparing GSMNs, as the comparison
will identify differences due to annotation and not real biological differences. During a
collaboration with the Station Biologique de Roscoff, the comparison between the GSMN
of Saccharina japonica (Nègre et al. 2019) and the GSMN of Ectocarpus siliculosus (from
Prigent et al. 2014) highlighted differences only due to annotation issues (Nègre et al.
2019).

These differences are increased with genomes from public databases as they can dis-
play heterogeneity in their annotations (Lobb et al. 2020) because they were annotated
by different teams and with various methods. This heterogeneity is often solved by re-
annotating the genomes with the same tools. But this method can lead to the loss of
annotations from the genomes.
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1.3.5 Contribution: homogenisation of metabolic networks from
public genomes

To solve these limits, we propose a new workflow called AuCoMe that propagates anno-
tations from heterogeneously annotated genomes, thus creating homogeneous annotations
and GSMN without information loss. This method allows for comparing the metabolic
networks with fewer biases in their annotations. It has been tested on three groups (one
bacterial, one fungal and one algal) to test the method and search for metabolic differ-
ences in algal groups. These issues and the proposed solution are presented in Chapter
3.

1.4 Taxon metabolism level: estimate the
metabolism of a taxonomic affiliation

The previous section presents a method to compare the metabolism of organisms by re-
constructing GSMN from their genomes. But how can we define an organism’s metabolism
when no genomes are available? A possible solution could be to look at the metabolism
of closely related organisms. The same issue arises when the only information about a
specific organism is that it belongs to a given group of akin organisms. This issue is often
encountered in metagenomics (analysis of the genetic elements present in an environ-
mental sample). These issues put us at a new level compared to the metabolism of a single
organism. How can we estimate the metabolism of a taxonomic group, and what can it
represent?

1.4.1 Definition: taxonomics, cladistics and metagenomics

We first need to define how organisms are classified to answer these questions. The
classification of organisms is called taxonomy. It is the first attempt to name and group
organisms according to their similarity.

This first approach comes from the Linnean taxonomy developed by Car Linnaeus.
It regroups organisms into taxon (a set of organisms sharing similarities and present-
ing differences with other organisms). This approach relies on comparing morphological
characters. Organisms are classified into embedded groups: species, genus, families, order,
class, phylum and kingdom. These terms are still used for convenience and are largely
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extended in modern taxonomies.
A second approach is to group organisms according to their common ancestors by

regrouping them into clade (a set of organisms sharing a common ancestor). This ap-
proach relies on phylogenetic analysis, especially by comparing the genome sequences of
the organisms. In this manuscript, the three terms taxon, clade or taxonomic group
will be used interchangeably to describe group of related organisms.

With the sequencing of numerous genomes, there was an increasing need to classify
these genomes. Taxonomic databases have been developed such as the NCBI (National
Center for Biotechnology Information) Taxonomy database (Federhen 2012; Schoch et
al. 2020). The structure of the NCBI Taxonomy database tries to follow a phylogenetic
taxonomy by classifying organisms according to the evolutionary history of life. But to
achieve this, it relies on expert knowledge from the literature and not on the phyloge-
netic comparison of sequences of organisms. Other taxonomic databases, such as GTDB
(Genome Taxonomy Database) relies on phylogenetic comparison of marker proteins for
Bacteria and Archaea (Parks et al. 2018; Parks et al. 2020; Rinke et al. 2021; Parks et al.
2022).

The taxonomies regroup organisms into clades from a lower taxonomic rank, such as
the species, to a higher taxonomic rank, such as the phylum.

In metagenomics, it is possible to extract the sequence (either genome or gene marker
sequence) of the organism in a sample. To identify these organisms, these sequences are
compared to known sequences in databases such as SILVA (Quast et al. 2013), RDP
(Cole et al. 2014) for ribosomal RNA (rRNA) sequences. This method called taxonomic
assignment allows to classify sequences into taxonomic group (for example the genus
Escherichia). Furthermore, it permits obtaining the classification of a sequence from the
higher taxonomic rank to the lower taxonomic rank, which will be called taxonomic
affiliation in this thesis. For example, it is ’cellular organisms; Bacteria; Proteobacteria;
Gammaproteobacteria; Enterobacterales; Enterobacteriaceae; Escherichia’ for the genus
Escherichia. Following a tree representation, the taxonomic rank is the depth of a
taxon in the taxonomy, with species and genus corresponding to the lowest ranks and
kingdom and phylum to the highest. In the example, the higher taxonomic rank is ’cellular
organisms’, and the lower taxonomic rank is ’Escherichia’. There is a different taxonomic
diversity according to the taxonomic rank. Higher taxonomic ranks correspond to older
common ancestors and more diverged and diverse organisms. Taxonomic affiliation may
not have identified lowest ranks (such as species or genus) for wild organisms highly
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diverging from any known species (this is referenced as uncertainty). Instead, it could
only have identified high taxonomic ranks (such as the order). This limitation reflects
uncertainty in the assignation of a gene marker.

1.4.2 Available data: metagenomics and taxonomic affiliation

Multiple methods have been developed to study the organisms present in environmen-
tal samples. The genetic analysis of such samples is performed by analysing the environ-
mental DNA (eDNA). This DNA from an environmental sample (containing cell DNA
and exterior DNA) is sequenced in a process called metabarcoding (Ruppert et al. 2019).
The idea is to use a primer (barcode or gene marker) to identify the taxa present in the
environmental sample. The primer used will differ according to the coverage or the taxa
studied. For example, the primer associated with the gene Cytochrome oxidase-I (COI )
is most used for metazoans, whereas 16S ribosomal RNA is used for Bacteria and Achaea
(Ruppert et al. 2019). These methods are cost-effective and often used.

Other methods are used, such as shotgun metagenomics. This method retrieves the
sequences in the environment without any target (Quince et al. 2017). This can be used
to obtain the organism’s genomes in the sample with methods such as Deep whole-
metagenome shotgun. By sequencing at a shallower depth (Shallow whole-metagenome
shotgun), it is impossible to obtain genomes, but it is possible to identify taxa in the
sample with a less expensive method (Hillmann et al. 2018).

Metabarcoding and Shallow whole-metagenome shotgun produce different data but
are often used to produce similar results, the taxonomic affiliation of the organisms in
the sample. These are also often referred to as OTUs (operational taxonomic units), a
cluster of gene markers with high identity identified with a representative sequence. Thus
a possible input for studying the results of these methods is to work on these taxonomic
affiliations.

1.4.3 Functional profile and metabolism estimation

From the metabarcoding data, numerous methods have been developed to study the
function present in an environmental sample. Methods have been developed to produce
functional profiles to give insight into the metabolic pathways that can be produced
from the sequence of a specific gene marker (Bowman et al. 2015; Douglas et al. 2020;
Wemheuer et al. 2020). They rely on databases, either their own or reference databases
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(such as SILVA (Quast et al. 2013) or RDP (Cole et al. 2014)) to align the gene marker
sequence to known sequences. These methods provide information on what function is
present in an environmental sample. Still, they cannot produce metabolic networks that
can be used for dynamic modelling of the community’s metabolism.

Then different methods have been developed to create metabolic networks for metabar-
coding results. For example, such methods searches for the closest genome to infer GSMN
(Mendes-Soares et al. 2016) or use already inferred GSMN (Patumcharoenpol et al. 2021).

1.4.4 Limit: gene marker specificity and metabolism estimation

Functional profile prediction and metabolism inference methods have some caveats.
First, most rely only on metabarcoding data as inputs and sometimes are only asso-

ciated with one specific gene marker (such as the 16S rRNA gene). Thus, if an analysis is
performed on another gene marker or with another technology, they can be more complex
to use. For example, the gene ITS for fungi (Schoch et al. 2012) or other gene markers
for bacteria such as rpob gene (Ogier et al. 2019).

A second issue is that the metabolism estimation associated with a single organism
can be biased due to the lack of knowledge of a taxonomic group. This bias is especially
prevalent if the chosen organism is highly diverging from the wild organism associated
with the gene marker sequence. Then a better estimation could be through comparative
genomics of the closest known organisms (such as the closest taxonomic group).

Furthermore, from these comparisons, it could be of interest to produce several esti-
mations of the various metabolisms within a taxonomic group according to the available
knowledge. Among these estimations, the first could be the most conserved functions in
the taxon, a method used by numerous functional profile prediction methods. But it could
also be of interest to estimate all the possible functions the taxonomic group can achieve.
In this way, we could have an idea of all the functions present in the taxon, which the
wild organism associated with the taxon could perform.

1.4.5 Contribution: metabolism estimation through shared pro-
teins

I have developed a method to estimate the metabolic capacities from a taxonomic
affiliation to resolve this issue. Using taxonomic affiliations makes it possible to use input
results from different sequencing methods. The method predicts a set of protein clus-
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ters and their associated functions. The protein clusters can be filtered according to the
conservation of the proteins from a given cluster. This is performed by looking at the
representation of the member of the protein clusters among the known proteomes of the
taxonomic group. This threshold can create different estimations of the metabolism and
different view of what an unknown species from a taxonomic group can perform. This
method is presented in Chapter 4.

1.5 Community level: Investigating metabolic inter-
actions in community

From the two previous sections 1.3 and 1.4, there is a possibility to reconstruct
metabolic networks from sequenced genomes or from data of metagenomics. So with
these methods, it is possible to study the metabolism of a group of organisms living in an
environment. This section explores the estimations of the metabolic interactions between
community members. The metabolic networks of the community members can be created
from genomes or taxonomic affiliations. As hundreds of organisms can be found in an
environmental sample, there is a need for a large-scale method to identify key species
involved in metabolic interactions.

1.5.1 Definition: microbiota and interactions

Metagenomics provides data to study a microbial community, which can be defined
as a group of microorganisms living in the same space. The term microbiota designs the
range of microorganisms in this community. And the set of genomes associated with
these microbiotas is called the microbiome. Among these organisms, numerous possible
interactions can be analysed by looking at the metabolites exchanged. It is possible to
rely on known basic ecological interactions (García-Jiménez et al. 2021) to identify these
interactions.

— Neutralism is a neutral interaction between organisms where no negative or pos-
itive outcomes happen between the two organisms.

— In Commensalism interaction, one organism benefits from the interaction,
whereas the second organism has no positive or negative impact from the interac-
tions.

— For Amensalism, one species has a negative impact on the other species in the
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interaction. Still, the second organism has no negative or positive impact on the
first organism.

— In Mutualism, there is a positive impact for the two organisms in interaction.
— In Predation, one organism benefits from the interaction, whereas the other has

a negative outcome. Due to the analogy of the impact of predation and parasitism,
it has been proposed to unify these two notions (Raffel et al. 2008).

— For the Competition both organisms in interaction suffer from a negative out-
come. Among competition, it is possible to separate two types of competitions: di-
rect and indirect (Birch 1957). In a direct competition for a resource (interference
competition, the two organisms compete directly for a resource leading to aggres-
sion displays between them. An indirect competition (called exploitation compe-
tition) impacts the organisms as they use the same resource leading to a depletion
of the resource without interactions between the organisms.

Among these interactions, there is the syntrophy (or cross-feeding), defined as an ‘ob-
ligately mutualistic metabolism’. In this type of interaction, the product of the metabolism
of a microorganism can be used by another (B. E. Morris et al. 2013). Multiple types of
syntrophy have been identified according to the processes used to share the metabolites
and depending on the organism benefiting from it (Smith et al. 2019). Thus depending
on these criteria, syntrophy can be either mutualism, commensalism or parasitism (B. E.
Morris et al. 2013).

To investigate the ecological interactions within an environmental sample, it could be
of interest to use the metabolic networks and method relying on dynamic modelling of
the metabolism.

1.5.2 Available data: metagenomics genome and metabolic net-
works

It is possible to extract either complete genomes or Metagenome-Assembled Genomes
(MAG) through metagenomics. A MAG is a genome reconstructed by binding one or more
metagenome sequences that are supposed to represent an individual genome. From these
genomes, it is possible to predict a corresponding GSMN.

But as explain in section 1.4, in some metagenomics experiments, only taxonomic
affiliations are available as no genomes were sequenced. But thanks to methods such as
the one described in Chapter 4, it is possible to estimate the metabolic capabilities of the
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wild organism identified by the taxonomic affiliation. Then we have metabolic networks
for our organisms.

In this way, there are two types of data when studying metagenomics: genomes or
already reconstructed metabolic networks.

1.5.3 Estimating metabolic interactions in community

Numerous Constraint-Based modelling methods have been developed to study the
metabolic interactions between species and especially cross-feeding (Chan et al. 2017;
Zomorrodi et al. 2012; Khandelwal et al. 2013; Bauer et al. 2017; Mendes-Soares et al.
2016). But most of these methods work for small communities as they do not scale with the
hundreds of organisms in a microbiota. More recent methods scale to bigger community
(Zelezniak et al. 2015; Diener et al. 2020; Baldini et al. 2019).

But as these methods rely on Constraint-Based modelling, they require functional
metabolic networks. These networks need time to be created depending on the organism
studied. For Bacteria and Archaea, fast reconstruction methods have been developed (such
as CarveMe or gapseq), but they rely on a top-down reconstruction and gap-filling.

A method relying on topological analysis has been developed to predict metabolic in-
teractions in large-scale communities (Frioux et al. 2018b). From the metabolic networks
of the community members, it selects minimal community producing metabolites of in-
terest. It has been applied to the microbiota of the brown algae Ectocarpus siliculosus to
establish consortia among ten Bacteria. The selected consortia provide an increase in the
growth of the algae shown by co-culture experiments (Burgunter-Delamare et al. 2020).

1.5.4 Limit: scalability for predicting metabolic interactions in
community

Multiple scalability issues can be identified when inferring metabolic interactions in
communities from metagenomics data.

The first issue lies in the size of the GSMNs used for metabolic modelling. For Bacteria,
GSMNs can contain up to thousands of reactions. Then, interactions between multiple sets
of thousand reactions can be challenging to compute. But the Constraint-Based modelling
methods have been able to cope with this issue and predict interactions between pairs of
GSMNs.
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A second scalability issue is the size of the community from metagenomics experiments.
Indeed such community can contain hundreds or thousands of organisms (Pasolli et al.
2019; Forster et al. 2019; Zou et al. 2019; Stewart et al. 2018; Almeida et al. 2021). With
this community size, most Constraint-Based modelling methods have a scalability issue.
Furthermore, as these methods rely on testing metabolic interactions two by two, this
limits the potential metabolic interactions as more complex interactions can be missed.
But methods have addressed this issue, such as one using topological modelling (Frioux et
al. 2018b). This method can predict metabolic interactions for communities with hundreds
or more organisms. But it requires an already reconstructed metabolic network.

This reconstruction issue is the third scalability issue. As we have thousands of genome
sequences, there is a need to reconstruct the corresponding GSMNs. Some tools have been
developed to scale with these numbers, but they have often been designed for Bacteria and
Archaea and use gap-filling to create functional GSMN. So there is a need for a method
to reconstruct GSMN at a large scale for different organisms. With such methods, it
could be possible to estimate the metabolic interactions between organisms using already
developed methods.

But these methods produce the fourth issue of scalability; the results from such anal-
yses can be difficult to analyse. For example, an analysis between the human metabolic
network and the 773 human gut microbiota networks produced 381 minimal communities
(Frioux et al. 2018b). These minimal communities were the group of interacting organ-
isms that could produce metabolites of interest. But analysing this number of minimal
communities can be difficult, so there is a need for a method to help understand these
results.

1.5.5 Contribution: identification of key species in large-scale
community

To answer these issues, we proposed a workflow in Chapter 5 called Metage2Metabo.
This method reconstructs draft metabolic networks from genomes (either Metagenome As-
sembled Genomes or complete genomes). It can also use already metabolic networks. Then
it computes individual and community production to estimate the potential of metabolic
cooperation. Finally, it identifies key species thanks to metabolic complementarity among
large-scale microbiota.
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1.6 Thesis contribution

Metabolism is a central biological process and, as such, of fundamental interest in life
science. Metabolic functions can be studied at different levels raising specific problems and
investigation methods. Considered at the metabolic pathway level, a series of enzymatic
functions lead to the production of a metabolite of interest. The metabolic functions at
the cell or organism level allow the organisms to grow in specific ecological conditions. At
a taxonomic level, akin organisms share functions inherited during their evolution, and
some of the metabolic functions appear redundant within a taxonomic group. Finally, at
a community level, organisms interact, and the metabolic functions of all the individual
organisms can achieve individual and collective production of metabolites.

This thesis will present four contributions to studying metabolic functions and their
diversity among organisms at all four levels. The metabolic diversity corresponds to all the
different metabolites, reactions and pathways of the organisms and communities main-
taining their activities along their evolution.

First, the pathways shared among related organisms could undergo neutral variations,
or pathway drift, which can be predicted to explore the diversity of metabolism in non-
model organisms. I present a method to predict the alternative pathways which might
have diverged through a pathway drift evolution (Chapter 2).

Second, understanding how species metabolisms have diverged over time is a crucial
problem in evolutionary biology. I present a method to homogenise the annotations of
multiple input genomes from public databases when reconstructing GSMNs. Then it is
possible to compare those GSMNs to describe their differences and equivalences (Chapter
2).

Third, wild species are described only with a taxonomic affiliation (and without se-
quence data) in several metagenomics approaches. I present a method to estimate their
metabolic capabilities based on the proteins shared among their taxonomic groups (Chap-
ter 4).

Fourth, synthetic community design selects several candidate organisms according to
their predicted interactions in their environment. I present a method to estimate the
metabolic interactions within an organism community and to predict the minimal com-
munities that possibly collectively achieve some targeted metabolite productions (Chapter
5).

These approaches aim to predict candidates of interest, alternative metabolic path-
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ways, comparable GSMNs, taxonomic-based metabolic networks and key species in com-
munity interactions. Biological questions drive the predictions, and they could be helpful
in testing hypotheses. Further biological experiments could be performed to test the pro-
posed candidates.

Publications This thesis is based in part on previously published work. The Chapter
2 is associated with a publication written in collaboration with a team from the Station
Biologique de Roscoff (abbreviated in SBR, LBI2M UMR8227) and published in the
journal iScience (Belcour et al. 2020b). The Chapter 5 was created from a publication in
the journal eLife (Belcour et al. 2020a). Furthermore, the methods presented in Chapter
3 and 4 are extracted from submitted articles. Chapter 3 is created from an article written
in collaboration with a team from SBR (LBI2M UMR8227) and has been submitted. The
corresponding text is available in a preprint 1. The method presented in the Chapter 4
is in part coming from an article which has been submitted and the corresponding text
is available as a preprint 2. The subsections 4.3 and 5.3 correspond to an article being
written with Patrick Dabert (UR OPAALE, INRAE).

Furthermore, multiple articles in which I was a co-author have been published during
this thesis. Among these articles, some are linked to the subject of this manuscript such
as the article published in Antioxidants (Nègre et al. 2019) written in collaboration with
SBR, the article published in PeerJ (Karimi et al. 2021) written in collaboration with
SBR and the article published in Frontiers in Plant Science (Girard et al. 2021). Other
articles are not cited such as an article published in Journal of Phycology (Xing et al.
2021), an article published in Genomics (Daval et al. 2019) and a last article published
in Microbial Biotechnology (Daval et al. 2020).

Software All the software developed during this thesis are open sources. Their codes
(with readme and documentation) have been released on the GitHub website in different
repertories. For Chapter 2, PathModel’s source code is available at pathmodel/pathmodel.
The AuCoMe tool presented in Chapter 3 is in the repository AuReMe/aucome. The
code of EsMeCata, the method presented in Chapter 4 is available at AuReMe/esmecata.
Finally, the method developed in Chapter 5 (Metage2Metabo) used multiple tools that
were developed such as AuReMe/mpwt or optimised such as MeneTools and MiSCoTo.
The code of the workflow of Metage2Metabo is available at AuReMe/metage2metabo.

1. https://www.biorxiv.org/content/10.1101/2022.06.14.496215v1
2. https://www.biorxiv.org/content/10.1101/2022.03.16.484574v1
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Part I

Predicting metabolic diversity from
heterogeneous data

I present in this part, the exploration on the metabolic diversity of non-model
organisms. As explained in the introduction, a growing number of genomes
are sequenced for non-model organism and the analysis of their metabolism is
a key to better understand them. But these analyses are complicated by the
annotation of the genomes and the lack of knowledge about these organisms.
Chapter 2 will focus on the diversity of metabolic pathways in non-model or-
ganisms. I will present a method to model the evolutionary drift of a metabolic
pathway and to infer the possible alternative pathways. This work has been
achieved in collaboration with the Station Biologique de Roscoff.
Chapter 3 will analyse the diversity of metabolisms inside group of organisms.
In this chapter, I will describe my work on AuCoMe a method to create ho-
mogenized metabolic networks of a set of genomes in order to compare the
metabolism of different taxonomic groups. The method was developed as a
follow-up of the collaboration with the Station Biologique de Roscoff per-
formed in Chapter 2.
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Chapter 2

ALTERNATIVE PATHWAYS PREDICTION

FROM GSMN AND METABOLOMICS

In this chapter, I will present PathModel, a prototype to predict alternative metabolic
pathways from a reference pathway, genomics and metabolomics data. It has been devel-
oped in collaboration with Jacques Nicolas (INRIA, Rennes) and Gabriel Markov (Station
Biologique de Roscoff, Roscoff). PathModel implements a method predicting alternative
metabolic pathways resulting from Metabolic Pathway Drift. From a data knowledge
base, Pathmodel will predict alternative metabolic pathways with new reaction orders
and possibly include data from metabolomics. The knowledge base contains metabolic
pathways, biochemical reactions and metabolomics data. By using incremental logic pro-
gramming, PathModel will propose a set of biochemical reactions and metabolite struc-
tures associated with the metabolomics data. PathModel was applied on two metabolic
pathways (sterol and Mycosporine-like Amino Acid (MAA)) of the red alga Chondrus
crispus.

This chapter has been extracted from the article published in the journal iScience
(Belcour et al. 2020b).

2.1 Metabolic Pathway Drift

2.1.1 Developmental System Drift

An important research topic in developmental and evolutionary biology was under-
standing the homology of morphological features between species. Especially how con-
served were the molecular pathways leading to the development of these features? Indeed,
one could expect that similar molecular pathways produce similar morphological features.
But it has been shown that developmental pathways could diverge through time without
impact on the outcome of the morphological feature. These changes seem to be determined
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not by natural selection (as the phenotypic outcome is not modified) but by chance. This
led to the definition of the Developmental System Drift (True et al. 2001; Haag et al.
2018). This drift explains how similar morphological similar structures in different species
can stay similar even if the molecular mechanisms underlying their formations undergo
variations.

Similar drift phenomenons have been described in other fields, such as protein evolution
(Hart et al. 2014). In this article the author explored the thermodynamic system drift
of the protein ribonuclease H1 from Thermus thermophilus and Escherichia coli. Especially
they found that the melting temperature is stable over time, but the mechanism underlying
this fluctuates over time.

Another description of Developmental system drift was also made in gene expression of
molar development in rodents (Sémon et al. 2020). Upper molars in rodents show a drastic
change in morphology, whereas the lower molars display little morphological variations.
But the authors found that gene expressions display a lot of variation across rodents in
both upper and lower molars during molar development. So despite a similar structure
in lower molar shared across rodents, developmental gene expression of these teeth shows
variation.

In metabolism, multiple metabolic pathways are shared between species. Many varia-
tions can occur in these metabolic pathways. Thus we proposed that drift can also occur
in metabolic pathways. Metabolic pathways of related organisms can produce the same
output metabolite from the same input metabolite. This "phenotype" is under selective
pressure and remains conserved. However, changes in the cascade of biochemical reactions
and intermediate products can be neutral and subject to evolutionary drift.

2.1.2 Metabolic Pathway Drift

Starting from an ancestral promiscuous pathway (Figure 2.1 main pathway in teal;
the upper part, alternative pathway in olive green), changes can occur either by non-
orthologous gene displacement (in orange, left side) or by changes in reaction order, leading
to a different intermediate metabolite (in olive green, right side). Substrate promiscuity
enables the same molecular transformation on different molecules, enabling the enzyme to
catalyze two different reactions. Promiscuity can be secondarily lost, as shown on the left
side, leading to the impossibility of observing the star-shaped metabolite in contemporary
metabolic pathway 1.
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PathModel

Figure 2.1 – The hypothesis of metabolic pathway drift is based on two possible elementary
mechanisms. The first possible drift is the displacement of a gene by a non-orthologous
one. The second drift is a change in the enzyme order, and it it is this context that is
used for the alternative pathway prediction by PathModel.

2.1.3 Problems related to the formalism of the Metabolic Path-
way Drift

As explained in the previous subsection, a Metabolic Pathway Drift can occur for
a metabolic pathway by changing the reaction order. This change creates the context
of our formalism: a metabolic pathway conserved in multiple species that can undergo
a drift. We will also need additional information to propose this drift for a species of
interest by combining different knowledge (metabolites present in the organism). Then
we must create a method to explore the possibility of drift from these data. This raises
four problems (Figure 2.2).
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A. Problem 1: knowledge encoding
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Figure 2.2 – PathModel problems. A. Encoding of the reference pathway and the known
metabolites. B. Inference of reactions according to metabolites with known structures.
C. Inference of reactions according to metabolites with only Mass-To-Charge ratio. D.
Inference of new enzyme orders by using the inferred reactions. Metabolites and reactions
in green are from the reference pathway, and the metabolites in purple are metabolites
identified through metabolomics.

Knowledge representation. This is the first element of our formalism, how the
metabolic pathway will be encoded (Figure 2.2 A). This way, we can rely on expert
knowledge from metabolic databases (such as KEGG or MetaCyc), which often contain
reference metabolic pathways from model species. And as metabolic pathways are sets of
biochemical reactions, we also need enzyme information to know which biochemical reac-
tions occur in the organism. It is possible to infer this information from genomics data by
reconstructing GSMN. Biochemical reactions transform metabolites (reactants) into other
metabolites (products). We also need to identify metabolites known to be present in our
organism that could be substrates or products. Metabolomics can identify the presence
of these metabolites in the organism. When using metabolomics, it is possible to detect
known molecules using analytical standards. Analytical standards are known metabolites
created with high purity that can be used to measure the presence of the corresponding
metabolite in an organism. But not all metabolites have available standards and can not
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be identified and measured with them. Then it is only possible to identify these molecules
with a Mass-to-Charge ratio (m/z ratio).

To test Metabolic Pathway Drift, we will have to handle data coming from different
inputs such as metabolic databases, metabolite structure, identified or unknown
metabolite.

Problem 1: Knowledge encoding

Using the previous information, we will have to assess if drifts are possible, meaning
if there are possible changes in enzyme order according to the known metabolites in the
organism. This test can be decomposed into three problems.

Inferring reactions between known metabolites. We have known reactions inside
our metabolic pathways with known metabolites. Before we search for change in enzyme
order (meaning how the pathway is structured), we need to test if these reactions can occur
on other metabolites known in our organism but not present in the reference metabolic
pathway (Figure 2.2 B).

From known reactions and metabolites, we have to check if known biochemical re-
actions can occur on known metabolites of our organism identified thanks to
metabolomics approaches.

Problem 2: inferring reactions between known metabolites

Inferring reactions with unidentified metabolites. As explained earlier, thanks to
analytical agents, metabolomics can identify known metabolites. But it is also possible
that unassigned peaks were found during the analysis leading to unknown m/z ratios.
We have a third problem: we have to handle these data and map them to the reference
metabolic pathway (Figure 2.2 C).
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From known reactions and metabolites, we have to formulate a reasoning checking if
known biochemical reactions can occur between a known metabolite and a m/z
ratio identified through metabolomics.

Problem 3: reactions involving unidentified metabolite

Inferring alternative pathways. Finally, we have to combine the two previous
methods to infer a possible alternative pathway from the reference metabolic pathways.
From the input to the output of the metabolic pathway, we will have to see if a change
in enzyme order using known metabolites from our organism can occur (Figure 2.2 D).
Combining and solving these problems make it possible to infer alternative metabolic
pathways satisfying the metabolic pathway drift. Problems 2 and 3 infer the set of alter-
native reactions that can be used, and Problem 4 identifies the order of these reactions
to produce the target metabolites.

From the encoded knowledge of Problem 1 and the reasoning of Problems 2 and 3, we need
a method to infer possible alternative pathways. These alternative pathways have the
same input and output metabolites as the reference pathway but have different reaction
orders inside them.

Problem 4: inferring alternative pathway

From a reference metabolic pathway, we have to encode multiple information:
metabolite structure, biochemical reactions, m/z ratio of unknown metabo-
lite. Using these knowledge, we have to apply reasoning to test if changes in enzyme
order are possible. So we need to predict reactions involving known metabolites or con-
gruent measured m/z ratio for the species of interest. The goal is to infer a set of reactions
composing the possible alternative pathways according to the Metabolic Pathway
Drift.

Section summary
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2.2 PathModel implementation

2.2.1 PathModel formalism

Pathway We define a pathway as a directed compound graph P = (M, R), where M

stands for metabolite nodes. A reaction R links two metabolites nodes. When (m1, m2) ∈ r

with m1 ∈ M , m2 ∈ M and r ∈ R, the metabolite m1 is called the reactant and the
metabolite m2 is called the product of the reaction r.

Metabolites Metabolites are defined by a name, atoms (which have a number and a
type type(a) such as carbon, oxygen, etc.) and bonds linking atoms (we also know the
bond type bond(r) such as single or double bond). To handle the stereochemistry, it is
possible to add to the bond type the corresponding configuration (R or S) such as singleS.
The set of atoms and bonds describes the structure of a metabolite. This structure makes
it possible to compute the m/z ratio associated with the metabolite m/z ratio(m).

Reaction Reactions are defined by a name, their reactant (reac(r)) and their product
(prod(r)). In this formalism, reactions have been simplified as the cofactors of the reaction
have been removed and focusing on a pair of reactant and product in the reaction. This
way, a reaction is associated with only one reactant and one product. This formalism
limits the use of this approach on reaction associated with one reactant and one product.
But it is not possible to use it on reactions with multiple reactants and multiple products.

Molecular transformation A molecular transformation mt is inferred from a reaction.
It is defined by the substructures modified by the reaction. To identify the substructures
sub, PathModel compares the atoms and bounds of the reactant to the ones of the prod-
uct. The differences between the two are identified as the substructure impacted by the
reaction. For a molecular transformation, two substructures sub are identified and consist
of a set of atoms and bonds (either added, removed or modified by the molecular trans-
formation). From these substructures, it is possible to compute the m/z ratio difference
diff(mt) between the reactant and the product.

Known molecules We defined a set of known molecules K that are (1) molecules (with
the same definition of a metabolite m of the pathway) or (2) molecules only known from
a m/z ratio as they have not been identified.
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Metabolite production In a pathway P = (M, R) and with a set of seed metabolites
S ∈ M , a reaction r ∈ R is reachable from the seeds S if its reactant in reac(r) is reachable
from S. Pushing forward this definition, a metabolite m ∈ M is reachable from the set
of seeds S if m ∈ S or if m ∈ prod(r) is the product of a reaction r ∈ R that is itself
reachable from S.

Pathway production There is a path in a pathway P from the seed metabolites S to
target metabolites Tp, which are the outputs of the pathway.

Alternative pathway inference From a set of seeds metabolites S, a set of target
metabolites Tap (for which we have Tp ∈ Tap), a reference pathway P containing M

metabolites and R reaction, a set of known molecules K and m/z ratio, PathModel will
perform the following verification.

It will infer the molecular transformation mt from the set of reactions by comparing
the reactant and product of the corresponding reactions.

Then, it will infer a new reaction r according to the molecular transformations found
that satisfy one of the following reasoning: (1) we have a pair of molecules ∈ (M ∪ K) for
which the difference of substructure sub between them correspond to a known molecular
transformation mt (solving Problem 2) or (2) from the m/z ratio difference diff(r) of a
molecular transformation mt, there exists one molecule ∈ (M ∪ K) which m/z ratio is
equal to the addition between the m/z ratio of an unknown molecule and the m/z ratio
difference diff(mt) (solving Problem 3).

PathModel will iteratively apply these rules. Starting from the seeds, it will search for
the metabolite products that can be created from the seed metabolites according to the
known and inferred reactions. Then PathModel will iterate until it reaches all the target
metabolites Tap (solving Problem 4).

2.2.2 PathModel workflow

PathModel will try to infer alternative metabolic pathways from a reference metabolic
pathway according to the possible drift for an organism of interest (Figure 2.3). To achieve
this, Pathmodel relies on a knowledge base which needs to be manually created by the
user. This knowledge base contains an encoding of the reference metabolic pathway,
the molecules known in the organism of interest, the structure of the molecules (bond
and atom) and unassigned m/z ratio.
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PathModel will incrementally use two reasoning (Problem 2 and 3) to infer alternative
pathways (Problem 4).

Figure 2.3 – PathModel workflow. The first step consists of manually encoding the data
into a knowledge base. The knowledge base is a logic format written in ASP. Then the
PathModel reasoning are used to infer new reactions. Then it will output alternative
pathways and a possible structure for Mass-To-Charge ratios.

The output of PathModel is the alternative metabolic pathways and the possible
structures associated with the m/z ratio of unknown molecules.

2.2.3 PathModel workflow application on a pathway in algae

To infer alternative metabolic pathways, we represent the different knowledge to be
interpreted by the reasoning of PathModel. First, we select a metabolic pathway of interest
from a metabolic database. Then the biochemical reactions and the molecules associated
with this pathway are manually encoded. The available metabolomics data, such as known
molecules in the organism and m/z ratios, are also added.
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Application to Mycosporine-like Amino Acids pathway in Chondrus cris-
pus. In this experiment, we want to study the possible pathway associated with the
Mycosporine-like Amino Acids (MAA) for the red algae Chondrus crispus. This study
was performed in collaboration with the Station Biologique de Roscoff (especially Gabriel
Markov (LBI2M, Roscoff)). The tool AuReMe (Aite et al. 2018) was used to reconstruct a
GSMN of C. crispus and meneco (Prigent et al. 2017) was applied to gap-fill the GSMN.

A reference pathway was created containing the MetaCyc pathway called PWY-7751
’shinorine biosynthesis’ and reactions from Brawley et al. 2017; Carreto et al. 2011 (Figure
2.4).

Metabolomics analysis performed at the Station Biologique de Roscoff allowed
the identification of MAA molecules present in Chondrus crispus. Using liquid
chromatography-MS (LC-MS) profiling, they confirmed the presence of six MAA metabo-
lites in C. crispus: asterina-330, palythene, palythine, palythinol, porphyra-334, and shi-
norine. In addition, they identified mycosporine-glycine in C. crispus. They also noticed
that two unknown peaks potentially corresponding to MAAs were detected in the sam-
ples. These peaks exhibit m/z ratios consistent with peaks reported in a study on 40 red
algae by Lalegerie et al. 2019. Specifically, they found a peak at 270,2720 that does not
match any already identified candidate MAA, which they named MAA1, and a second
one at 302.3117, which they called MAA2.
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Figure 2.4 – Reference pathway for Mycosporine-like Amino Acids contains pathway from
MetaCyc database (purple) and from Brawley et al. 2017; Carreto et al. 2011 (blue and
green).

2.2.4 Problem 1: Knowledge representation

Answer Set Programming. To encode these knowledge, PathModel uses the An-
swer Set Programming language (abbreviated ASP, Lifschitz 2008). ASP is a declarative
programming language. Declarative programming describes the problem instead of the
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solution of the problem (compared to imperative programming). Furthermore, ASP is a
logic programming as the problem is described with logical statements.

The base of a logical statement in ASP is the rule:

head :- body.

A rule is separated into a head and a body. The ’:-’ element corresponds to an ’if’,
implying that if all the elements in the body are satisfied, then the elements in the head
are true.

If there is no body, such as in:

head.

This is called a fact, as it is always considered true.
On contrary, if there is no head:

:- body.

This is called a constraint. If the body is true, then nothing can be true as the head
is empty. So to find a solution, the body must be false.

Head and Body are composed of atoms (in italic to differentiate it from
the atom in molecules). An atom is a predicate followed by a set of terms in
parenthesis. For example we represent the reaction between two molecules with
reaction(reaction_1, ”reactant”, ”product”). The predicate reaction is associated to the
terms reaction_1, ”reactant” and ”product”. It is also possible to use variables (beginning
with an uppercase) that can take different values.

A logic program is created to describe the problem by defining rules, facts, and con-
straints. In our case, the problem consists of a way to find alternative metabolic pathways
from known metabolic pathways and metabolomics data. So we encode molecules and
reactions associated with the pathway of interest. Metabolomics data are defined by the
predicate mzfiltering associated with a mzratio (mzfiltering(mzratio)), which is an
integer corresponding to the m/z ratio. All these encoded data consist of the instance of
our logic program.

Then using this instance and the encoding rules (ASP scripts containing the reasoning
of PathModel), a grounder will replace all variables with instantiated terms. Then a solver
will use these terms to compute the answer sets (the stable model satisfying the rules
written in the program).
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2.2. PathModel implementation

The input molecules and reactions are encoded as facts on which the reasoning will
be applied.

Molecules encoding. The chemical formula of the molecules is described by their
atoms (identified by a number and atom types) and bonds (identified by atom numbers
and bond type). Atom numbers are assigned manually to ensure consistency between
molecules from the same family. We tried to follow the IUPAC conventions (such as Bio-
chemical Nomenclature 1989) when existing. The same numbers are associated with the
similar atom in different molecules (consistent numbering across molecules). This
consistency of atom numbering between molecules allows the structure comparison per-
formed by PathModel. Molecules are automatically associated with a theoretical m/z
ratio, calculated using their chemical formula. For example, Figure 2.5 presents the en-
coding of the Z-palythenic acid from the MAA pathway.

atom("z-palythenic acid",1..7,carb). atom("z-palythenic acid",8,nitr). atom("z-palythenic acid",9,oxyg).
atom("z-palythenic acid",10,nitr). atom("z-palythenic acid",11..12,oxyg). atom("z-palythenic acid",13..15,carb).
atom("z-palythenic acid",16..17,oxyg). atom("z-palythenic acid",18..19,carb). atom("z-palythenic acid",21,carb).
atom("z-palythenic acid",22..23,oxyg). atom("z-palythenic acid",24,carb).

bond("z-palythenic acid",double,1,2). bond("z-palythenic acid",single,2,3). bond("z-palythenic acid",single,3,4).
bond("z-palythenic acid",single,4,5). bond("z-palythenic acid",single,5,6). bond("z-palythenic acid",single,1,6).
bond("z-palythenic acid",single,5,7). bond("z-palythenic acid",double,3,10). bond("z-palythenic acid",single,1,8).
bond("z-palythenic acid",singleS,5,12). bond("z-palythenic acid",single,7,11). bond("z-palythenic acid",single,2,9).
bond("z-palythenic acid",single,9,13). bond("z-palythenic acid",single,8,14). bond("z-palythenic acid",single,14,15).
bond("z-palythenic acid",double,15,16). bond("z-palythenic acid",single,15,17). bond("z-palythenic acid",single,10,18).
bond("z-palythenic acid",double,18,19). bond("z-palythenic acid",single,18,21). bond("z-palythenic acid",double,21,22).
bond("z-palythenic acid",single,21,23). bond("z-palythenic acid",single,19,24).
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Figure 2.5 – The upper image is a 2D representation of the Z-palythenic molecule (con-
taining 24 atoms without hydrogens and 23 bonds without counting bonds between atoms
and hydrogens). Atom types are described (C: Carbon (black), O: Oxygen (red) and N:
Nitrogen (blue)) with their numbers. The lower text corresponds to the molecule descrip-
tion in ASP.
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Common substructure. PathModel will apply its reasoning only to metabolites shar-
ing a similar substructure. So we encode a substructure that PathModel will use to check
that two molecules are similar enough to use its reasoning on them. A substructure is
encoded similarly to a molecule with atoms and bonds. And similarly, we keep the con-
sistency of the atom numbering across the molecules and the substructures.

Absent molecules. It is also possible to encode absent molecules, meaning molecules
that Pathmodel will ignore during its reasoning. Because we use reference pathways from
other species, they can contain metabolites that are not present in our organism of interest;
thus, we need to find alternative pathways without using these metabolites.

absentmolecules("z-palythenic acid").

M/z ratio of unknown metabolite. The m/z ratios associated with unknown
metabolites from metabolomics data are encoded with the predicate mzfiltering (and
are multiplied by 10,0000 as ASP does not have float):

% For the mass-to-charge ratio 272.2720
mzfiltering(2702720).
% For the mass-to-charge ratio 302.3117
mzfiltering(3023117).

Enzymatic reactions encoding. The known enzymatic reactions of the reference
pathways are simplified into one reactant/one product reactions. This is performed by
removing the side metabolites (or cofactors) of the reactions (such as energy carrier, ac-
ceptor or donor of protons). Their IDs correspond to the reaction ID in the associated
metabolic database or literature. Then they are encoded by using the predicate reaction,
and it models the link between its reactant and its product:

reaction(decarboxylation,"z-palythenic acid","palythene").

Pathway encoding. The encoding of the pathway is performed using two predicates.
A first predicate (source) defines the input of the pathway (either the reference or the
alternative pathway). Then a goal is defined, corresponding to the source molecule and
the output molecule expected by the pathway.
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% Source molecule for inference.
source("sedoheptulose-7-phosphate").
% Initiation of incremental grounding.
goal(pathway("sedoheptulose-7-phosphate","palythine")).

Using ASP, we manually encoded the information from different sources: metabolic
databases, literature, Metabolomics data. In this way, we created a knowledge base on
which PathModel can reason to infer alternative pathways for the reference pathway.

Subsection summary

2.2.5 Problem 2 and 3: Reasoning on reactions

Using these encoded information, PathModel will use two reasoning to infer possible
reaction between metabolites.

Problem 2: inferring reactions between known metabolites. From known reac-
tions between known molecules, molecular transformations are inferred to identify the
impacted substructure. Then this reasoning searches for molecules to which the molec-
ular transformation can apply. The reactant and product are compared for each known
reaction to identify the molecular transformation. The substructures impacted by the
transformation are identified (for instance, the elimination of the carbon dioxide molecule
as shown in green and purple in Figure 2.6).

PathModel will search for pair of molecules whose structures diverged only by the
molecular transformation. For these pairs, PathModel will infer that this possible molec-
ular transformation can happen between the molecules. An example is shown in Figure
2.6: from a known decarboxylation_1 between Z-palythenic acid and Palythene a pair of
reactant/product is found in the knowledge base. Indeed there is also an elimination of a
dioxide carbon between shinorine and asterina-330. PathModel assumes that a putative
reaction exists between shinorine and asterina-330, similar to the decarboxylation between
Z-palythenic acid and palythene.
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Figure 2.6 – Deductive reasoning from reaction Decarboxylation_1 converting Z-
palythenic into Palythene. PathModel identifies molecular transformation and its asso-
ciated substructures (green and purple). Then it searches for a pair of molecules having
these substructures in the molecule knowledge base. If a pair is found, a reaction is in-
ferred between the two molecules (here Shinorine and Asterina-330).

Problem 3: reactions with unidentified metabolite. In this reasoning, one of the
molecules involved in the potential molecular transformation has no structure as it is only
known with a m/z ratio. So by analogy to a known molecule, the m/z ratio will be used
to infer the transformation.

First, PathModel will compute the difference in m/z ratio between the product and
the reactant for each known reaction. Using this difference, PathModel will apply it to
all the known molecules to compute a m/z ratio corresponding to the selected molecule
after the molecular transformation implied by the known reaction. Then it will compare
this computed m/z ratio to the m/z ratio given as input (representing unassigned peak
in metabolomics). If there is a match, a possible new molecular transformation will be
proposed using the molecule from which the m/z ratio was computed and the new molecule
whose structure is newly created. In Figure 2.7, we search for possible decarboxylation
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2.2. PathModel implementation

in our knowledge database. The reference reaction is the decarboxylation between Z-
palythenic acid and palythene. First, we compute the change in m/z ratio between the
Z-palythenic acid (328.3070) and the palythene (284.2975), which is 44.0095. Then, we
compute the m/z ratio that we will search for to test molecular transformation. Here
we have one unassigned m/z ratio from our metabolomics data (302.3117). By adding
44.0095, we get 346.3212 which is the m/z ratio for the reactant if the product of the
reaction was the unassigned m/z ratio. And in our knowledge base, this equals the m/z
ratio of Porphyra-334. Furthermore, Porphyra-334 contains the carbon dioxide structure
impacted by the reaction. So PathModel infers a decarboxylation between Porphyra-334
and MAA2 (let us recall that it is the name associated with the m/z ratio 302.3117).
Furthermore, PathModel creates the structure for the possible MAA2. Then the MAA2
becomes a molecule in the knowledge base and can be used to infer new reactions.
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Figure 2.7 – Inference of reaction and metabolite structure corresponding to a m/z ratio
of an unknown metabolite. First, PathModel computes the change of m/z ratio made
by the molecular transformation by comparing the reactant and the product. Then, this
number is added to m/z ratio measured by metabolomics to find the potential reactant
associated with the m/z ratio. If this reactant contained the substructure impacted by
the molecular transformation (in green), then PathModel will infer a reaction between the
reactant identified and the m/z ratio. A structure is inferred for the m/z ratio (in purple)
by using the structure of the reactant and applying the molecular transformation on it.

By applying a set of rules to the knowledge base’s encoded molecules, we could infer
reactions between known metabolites and between a known metabolite and a m/z ratio
of an unknown metabolite.

Solving Problem 2 and 3
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2.2.6 Problem 4: Inferring alternative pathway

For the encoding of the reasoning of PahtModel, among the ASP suite, we used clingo
(Gebser et al. 2016). Furthermore, PahtModel uses the incremental mode of clingo (Gebser
et al. 2019), a mode that will repeat grounding and solving until a solution is found. The
idea behind the incremental mode used by PahtModel is to iterate through a metabolic
pathway from a source molecule. Each iteration moves to new possible molecules from this
source molecule according to the known reactions and the possible alternative transforma-
tions inferred from the reasoning (Fig. 2.8). By using this incremental mode, PathModel
is able to monitor the new molecular transformations and the order in which molecules
are reached, allowing for the reconstruction of alternative pathways. This mode uses 3
subprograms base, step and check.

Figure 2.8 – Alternative pathway prediction by PathModel.

The subprogram base corresponds to the static knowledge that is not impacted by
the iteration process. In our case, it is mainly associated with molecules’ atom valence,
input reactions, and metabolites.

The subprogram step defines the cumulative part. In PathModel, this subprogram
contains the main reasoning rules that propose new transformations on molecules accord-
ing to the known reactions. The cumulative part here is the advance in a known metabolic
pathway. During this, the reasoning tries to infer alternative transformations according to
the set of base reactions and the newly inferred transformations from the previous step.

The subprogram check consists of verifying if the goal is reached (the problem to
solve). In our case, it corresponds to a couple of molecules. The first molecule corresponds
to the beginning of the alternative pathway, and the second molecule corresponds to the
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expected output metabolite of this pathway. We describe the beginning and the end of
known metabolic pathways (described by the known reactions) and alternative pathways.

Application to Mycosporine-like Amino Acids pathway in Chondrus crispus.
PathModel was applied to the reference pathway of MAA (Figure 2.4) by giving as input
the encoded pathway, the sedoheptulose-7-phosphate as an input molecule for the path-
way, the palythine as a goal and the two m/z ratios of unknown metabolites (MAA1 and
MAA2). We were able to infer a possible alternative path in the reference pathway (Figure
2.9). From the sedoheptulose-7-phosphate to the mycosporine-glycine the structure of the
pathway is similar to the reference. Then by using the m/z ratio of MAA 2, PathModel
was able to infer a reaction between porphyra-334 and MAA2 (using the reasoning solv-
ing Problem 3). Then a reaction between MAA 2 and Palythene was inferred by using
both known molecules (the reasoning solving Problem 2) as MAA2 structure was known
from the previous incremental step. At the same time, a reaction was predicted between
asterina-330 and MAA1.

For MAA1 and MAA2 PathModel predicted molecule structures according to the
reactant that has been found by the reasoning of Problem 3 (respectively asterina-330 and
porphyra-334). Interestingly, the structure of MAA 2 was identified as the Aplysiapalytine
A after a search in literature (Kamio et al. 2011). And during the writing of the article
of PathModel, an article was published demonstrating the presence of Aplysiapalytine A
in red algae (Orfanoudaki et al. 2019).
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Figure 2.9 – Alternative pathway prediction by PathModel for the Mycosporine-like
Amino Acids. The reactions inferred by PathModel are shown circled in blue. The new
structures for the m/z ratio of unknown molecules (MAA1 and MAA2) appear in purple.
By searching for producible metabolites, PathModel found a new way to produce Paly-
thine (through MAA2) and a way to produce MAA1 (even if it was not a goal metabolite).
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Manual searches performed by Gabriel Markov allow for the identification of a candi-
date gene (CHC_T00008892001) performing decarboxylation and dehydration transfor-
mations in MAA biosynthesis pathways. Further analysis and literature research (Heikin-
heimo et al. 2002), permits to hypothesize that this candidate enzyme may also perform
serine/threonine decarboxylation on a serine/threonine linked to a mycosporine-glycin
thus performing the reaction between porphyra-334 and MAA2. In the possible absence
of Z-palythenic acid in C. cripus, the path using MAA2 instead could be a consistent
alternative.

To combine the input information, we manually created a knowledge base in ASP.
Then we used the incremental mode of ASP to apply the reasoning iteratively on
reactions to infer new reactions either on (i) pair of known metabolites or (ii) a
known metabolite and a m/z ratio of an unknown metabolite. This was done by
comparing the structure of metabolites. PathModel was applied on the MAA pathway
to identify an alternative pathway for the red algae C. crispus and to link two m/z ratios
of unknown molecules to the pathway (and predict their potential structures). It also
proposed an alternative route using the m/z ratio to handle the possible absence of Z-
palythenic acid in the studied organism.

Section summary

2.3 Application on sterol pathway in algae

In this section, I will present the application of PathModel on the metabolic pathway
of cholesterol biosynthesis in C. crispus (using the same GSMN as the one used with
MAA).

Sterol detection in C. crispus. The presence of molecules was assessed by re-
searchers from the Station Biologique de Roscoff. They performed gas chromatography-
mass spectrometry for sterol detection. Standards were used to detect known molecules.
Furthermore, literature analyses were performed to complete this detection of metabo-
lites. Metabolomics analysis conducted by SBR researchers confirmed the presence of eight
previously identified sterols (brassicasterol, campesterol, cholesterol, 7-dehydrocholesterol,
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desmosterol, lathosterol, b-sitosterol, and stigmasterol). They identified an immediate pre-
cursor of sterols, i.e., squalene. However, they did not find evidence for cycloeucalenol,
ergosterol, fucosterol, and zymosterol, which are intermediates present in other eukaryotes
(Desmond et al. 2009; Sonawane et al. 2016). They also did not find cycloartenol, con-
trary to a previous report in C. crispus using thin-layer chromatography (Alcaide et al.
1968). This negative finding is strengthened by the fact that they are able to identify the
cycloartenol standard when added to algal extract.

Data encoding. The reference pathway is the cholesterogenesis pathway (called "early
side-chain reductase" or early SSR) based on the model previously published for tomato
(Sonawane et al. 2016), which was added in MetaCyc (MetaCyc: PWY18C3-1). It also
included portions of the canonical plant sterol biosynthesis pathway (MetaCyc: PWY-
2541) and portions of the animal sterol synthesis pathway (MetaCyc: PWY66-4). These
pathways can be seen in Figure 2.10 marked by a white box. The sterol knowledge base
contained 15 enzymatic reactions involving 24 molecules from the cycloartenol to the stig-
masterol and brassicasterol. This knowledge base included the eight unproducible sterols
by the GSMN of C. crispus. It also contained the orphan molecule 22-dehydrocholesterol,
which was not linked to any reaction in the C. crispus GSMN.

The source metabolite was cycloartenol. The goal metabolites were 22-
dehydrocholesterol, brassicasterol, and stigmasterol. In addition, absent metabolites were
ergosterol, fucosterol, and zymosterol, as these compounds were not detected using tar-
geted profiling with analytical standards. We decided to use cycloartenol even if we did
not find it by gas chromatography (GC)-MS for the following reasons. First, a cycloartenol
synthase from the red alga Laurencia dendroidea was cloned and expressed in yeast cells,
where it can transform squalene into cycloartenol, even if the authors did not report
cycloartenol identification in the whole alga by GC-MS (Calegario et al. 2016). Second,
unambiguous cycloartenol derivatives are known in another florideophyte red alga, Tri-
cleocarpa fragilis (Horgen et al. 2000). Therefore, we considered it more parsimonious to
hypothesise that cycloartenol is present and below the experimental detection limit rather
than considering that this step is performed via an unknown intermediate.

Alternative pathway prediction. For this experiments, we focused on the identified
sterol molecules so only the reasoning for Problem 2 was used by PathModel to infer the
new reactions. PathModel reached all the goal metabolites linking the orphan molecule
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22-dehydrocholesterol to the sterol pathway. PathModel proposed an alternative pathway
from cycloartenol to cholesterol (in blue box in Figure 2.10). So two sterol synthesis
pathways are possible, from cycloartenol to cholesterol, depending on when the side-
chain reductase (SSR) enzyme is acting (Figure 2.10). If C. crispus uses the early SSR
pathway (Sonawane et al. 2016), the metabolic intermediates would be identical to tomato,
but there would be an important difference concerning the enzymes. Indeed, the genes
encoding SSR are duplicated in Solanaceae (tomato and potato) but not in the C. crispus
genome or any red algal and plant genomes, analysed so far. The unduplicated SSR from
nonsolanaceous plants is catalytically promiscuous, and Pathmodel suggested that SSR
could act on all possible intermediates.
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Figure 2.10 – A Model for Sterol Biosynthesis in C. crispus
Early SSR: pathway involving an early sterol side-chain reduction (SSR), also present in
solanacean plants (PWY18C3-1). In the light blue box: late SSR pathway, involving a late
sterol SSR, is only described in C. crispus. Portions identical to the plant sterol biosyn-
thesis pathway (PWY-2541) are also boxed. Ovals indicate molecular transformations.
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Another inference by Pathmodel consists in producing methylated sterols through C24-
methylation on desmosterol (Figure 2.10). This is in agreement with the identification of
a methylated sterol, 24-methylenecholesterol, in C. crispus (Tasende 2000) and builds on
with other reports about methyltransferase catalytic promiscuity across land plants and
green algae (Neelakandan et al. 2009; Haubrich et al. 2015). This option highly reduces
the number of non-identified methylated intermediates. Indeed, in land plants, a first
methylation, involving methyltransferases, occurs directly on cycloartenol. And the second
one occurs later on 24-methylenelophenol, to produce methylated sterols like campesterol
or brassicasterol (Benveniste 2004) with intermediates such as cycloeucalenol or fucosterol,
both compounds for which we did not find any evidence of presence. By specifying the
absence of fucosterol in our model, we naturally omitted this possibility. This model also
seems more relevant from a quantitative viewpoint regarding the formation of cholesterol
as the main sterol because this late methylation step would enable the production of
methylated sterols using the late SSR pathway.

PathModel was applied to the sterol biosynthesis pathway by combining knowledge from
literature, metabolomics data and GSMN. PathModel inferred an alternative pathway
from the one known in tomatoes. The significant change is a modification of the enzyme
order, especially with the enzyme side-chain reductase being at the end of the pathway
instead of at the beginning. Thus PathModel proposed an alternative pathway for sterol
biosynthesis in alga according to the Metabolic Pathway Drift.

Section summary

2.4 Conclusion

Contribution

With PathModel, we developed a prototype predicting alternative pathways resulting
from the Metabolic Pathway Drift. From a reference metabolic pathway containing known
reactions and metabolites, known molecules and m/z ratio from metabolomics data, this
method predicts reactions of an alternative metabolic pathway. The predicted alternative
metabolic pathways help map metabolomics data to known pathways, allowing for the
expansion of the possible knowledge on the metabolism of the studied organism.
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It has been used on the GSMN of C. cripus and were able to predict two alternative
metabolic pathways (for sterol and MAA). Combining chemoinformatics, metabolomics
and system biology with logic programming made these results possible. This combina-
tion allowed us to map m/z ratios on metabolic pathways from GSMN and to associate
m/z ratios of unknown molecules to known metabolites and metabolic pathways. Further-
more, we learned that despite conservative sterol and MMA production in organisms, the
metabolic pathways could undergo substantial modification of their structure.

This highlight the utility of this approach as it can allow for the exploration of al-
ternative metabolic pathways and increase the available knowledge. Indeed the pathways
predicted by PathModel and curated by an expert were incorporated into the MetaCyc
database.

Limits and improvements

Further development can be made. Indeed, as it is a prototype, the creation of the input
is manually made from the metabolomics data and the reference pathway. It is a time-
consuming task which can be difficult. Thus, creating an automated method to create the
input could improve the use of the tool. But this needs to tackle the issue of atom mapping
as PathModel needs that each atom number of the different molecules corresponds to the
same atom. A way to automatise this could be by using atom mapping method such as
RDT (Rahman et al. 2016) to create automatically the input for PathModel.

Also, PathModel defines reaction as a simple transformation from one molecule to
another. But this is a simplification compared to the reality where reactions often have
cofactors, so improvements could be made to handle multiple products and reactants.
These additions could also check that no atoms are lost in the process (between atoms
from reactants and atoms from products).

Perspectives

As a predicting prototype for the Metabolic Pathway Drift, PathModel allowed the
incorporation of unknown molecules into known metabolic pathways. This project high-
lights the importance of relying on biological rules for bioinformatics methods. A per-
spective could be to expand such rules and take them into account directly when recon-
structing a GSMN. In our experiment, we reconstructed the GSMN of C. crispus using
AuReMe, a method relying on model organisms to transfer the annotation. PathModel
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could become a step of such tool to automatically propose alternative pathways from
these model organisms and their reference pathways. It could automatise the increase of
metabolic knowledge. This could benefit from combining the metabolic database, chem-
ical and metabolomics database to explore a wider universe of metabolites and propose
possible new metabolic pathways.

The second perspective could be on the "Drift by non-orthologous gene displacement"
presented in Figure 2.1. In the current chapter, we focused on the change in main enzyme
order, but the method developed could handle the other type of drift. Indeed, by adding
reactions that non-orthologous genes can catalyse, it could be possible for PathModel to
infer this type of drift. But this requires the ability to identify such displacement of genes,
which could be performed with comparative genomics.
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Chapter 3

INFERRING COMPARABLE GSMN FROM

HETEROGENEOUSLY ANNOTATED

GENOMES

In this chapter, I will present AuCoMe, a method to compare the metabolism within
a taxonomic group using publicly available genomes. Several issues arose when trying to
compare the metabolic networks of multiple organisms, especially due to the heterogeneity
of the tools that have been used to annotate their genomes. This heterogeneity can lead
to biases when comparing them, where the main differences correspond to annotation
differences, not biological ones.

With AuCoMe, we developed a method to fix this issue by propagating the annotation
of multiple organisms to other ones divided into four steps. During the first step, draft
Genome-Scale Metabolic Networks (GSMNs) are reconstructed using publicly available
genomes and their corresponding annotations. In the second step, a search of orthologs
is performed. Then using the orthologs, a propagation of reactions is performed to ho-
mogenise the networks using the functional annotations of the genomes. The third step
consists of a structural verification of specific reactions. From the pool of GSMNs created
in the previous step, we compare pairs of GSMNs to ensure that the absence of a par-
ticular reaction is not due to a missing gene prediction. In this way, we homogenise the
reactions according to the structural annotation. Lastly, a final step adds spontaneous
reactions to complement the incomplete metabolic pathways.

To test AuCoMe we have applied it to 3 datasets (bacterial, fungal and algal), having
different taxonomic diversities. We show that using the various steps of AuCoMe; we are
able to obtain a knowledge database of metabolic networks for a taxonomic group that
can be analysed to find differences between species from a metabolic perspective.

95



Part I, Chapter 3 – Inferring comparable GSMN from heterogeneously annotated genomes

3.1 Comparison of Genome-Scale Metabolic Net-
works

3.1.1 Comparison and curation of already reconstructed GSMN

More and more GSMNs are reconstructed, leading to the possibility of comparing
them. Multiple applications can be found for the comparisons of GSMNs. The first is cre-
ating a consensus network when multiple metabolic networks exist for the same organism.

In this scenario, a proposed strategy is the "reconstruction annotation jamboree"
(Thiele et al. 2010b), a community effort to curate pathway discrepancies by examin-
ing reactions, Gene-Protein-Reaction (GPR) associations and metabolites in GSMNs to
create a consensus GSMN for an organism. This strategy is relevant for organisms with
multiple GSMNs to establish a reference. This strategy was successfully applied to Saccha-
romyces cerevisiae (Herrgård et al. 2008) as well as Salmonella Typhimurium LT2 (Thiele
et al. 2011). It was recently extended to multiple organisms to create the pan-metabolism
of 33 fungi from the Dikarya subkingdom (Correia et al. 2020). Although platforms now
facilitate such community efforts (Cottret et al. 2018), these methods are costly in terms of
time and human resources. Another approach proposes to explore variety among multiple
GSMNs.

One of these approaches is the "metabolic network reconciliation", which consists of
comparing multiple GSMNs from different organisms to eliminate errors (Oberhardt et
al. 2011). One key element is finding "reciprocal gene pairs", which are pairs of genes
such that each gene is the best hit of the other gene according to a sequence alignment
tool. This search is similar to the concept of Best-Bidirectional Hit (BBH) presented in
Overbeek et al. 1999. A search for BBH was also used in (Hamilton et al. 2012) to find
ortholog differences between GSMN and then search for differences in metabolic networks
by testing changes in reaction flux between the GSMNs. These two methods have been
applied to a few organisms. But other approaches to GSMN comparison try to explain
the different phenotypes between numerous organisms according to the differences in their
GSMNs.

For example, metabolic networks of 975 organisms from the three domains of life were
created from the KEGG metabolic database with AutoKEGGRec (Karlsen et al. 2018).
Then a binary metabolic network comparison was performed by computing the Jaccard
Index on a matrix containing the reactions for each organism. This comparison showed a
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strong similarity between the metabolic distances and the Tree Of Life, especially domains
that were well-separated in terms of metabolic distance despite some organisms being
misplaced (Schulz et al. 2020).

These methods apply to already reconstructed GSMNs. This approach had advantages
as metabolic networks from the same databases will be homogeneously annotated. But
it is limited by the available GSMNs. So numerous articles performed comparisons from
genomes. These methods often re-annotate the genome before the GSMNs reconstruction
and the comparison.

3.1.2 Re-annotating and propagating annotations to compare
reconstructed GSMN

Reconstructing multiple GSMNs from genomes has been performed to understand the
difference between organisms. But there are numerous caveats in these comparisons. For
example, after the reconstruction of the GSMN of Saccharina japonica and Cladosiphon
okamuranus (Nègre et al. 2019), they were compared to the GSMN of Ectocarpus silicu-
losus (from Prigent et al. 2014): a thorough analysis of the differences between their
genomic contents revealed that heterogeneity of genome annotations may be more im-
portant than genuine biological differences. This heterogeneity showed the impact of the
genome annotation tools used.

How do we discriminate differences resulting from annotation issues from fundamental
biological differences?

Heterogeneous annotation problem

Numerous articles try to solve this issue by re-annotating genomes before the GSMN
reconstruction to compare organisms’ metabolism.

For example, an experiment was performed on the metabolic diversity on Escherichia
coli (Vieira et al. 2011). Genomes were re-annotated using tools from the platform Mi-
croScope (Vallenet et al. 2009). Then the GSMN were reconstructed using Pathway Tools
(Karp et al. 2010). Furthermore, GPRs from EcoCyc (Keseler et al. 2009) were transferred
to the organisms by finding BBH between EcoCyc and the organisms. They identified the
core metabolism (set of reactions common to all strains) and the pan-metabolism (all the
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reactions present in all the strains). Then using these GSMNs, they computed metabolic
distances (computed with the Manhattan distances on reaction vectors) and phylogenetic
distances between Escherichia coli and Shigella strains. The differences were better ex-
plained by the phylogeny than the pathogenic phenotypes except for the Shigella strains.
Indeed these strains were far more distant in terms of metabolic distance than the phy-
logenetic distance. This incongruence could be explained by the parasitic lifestyle of the
Shigella strains and the loss of metabolic functions (Vieira et al. 2011).

Another study on 301 genomes from the gut microbiota used RAST (Aziz et al. 2008;
Brettin et al. 2015; Overbeek et al. 2014) to re-annotate the genomes and reconstructed
the GSMNs with modelSEED (Overbeek et al. 2014; Henry et al. 2010; Seaver et al.
2021). Then they compared the GSMNs and found an overall congruence between the
phylogenetic tree and the metabolic distances tree (Bauer et al. 2015).

A study on 24 Penicillium species used HMM model constructed from MetaCyc to
associate reactions to the proteomes of each organism (Prigent et al. 2018). Then the
reactions from an already known GSMN were propagated to the 24 organisms. After this,
the networks were gap-filled using Meneco (Prigent et al. 2017) and a manual curation for
reactions occurring in specific cell compartment locations (such as the mitochondrial re-
actions). This study found a similarity between phylogenetic clades and metabolic clades,
but the phylogenetic signal was insufficient to explain the differences between the GSMNs
of all the species. Furthermore, no connection was found between the metabolic distances
and the species’ habitat.

This strategy was pushed further and automatised in the tool CoReCo, which was
developed to reconstruct gapless metabolic networks from several non-annotated genomes
(Pitkänen et al. 2014; Castillo et al. 2016). The tool is separated into two phases. The first
phase annotates the protein of the organisms with multiple methods. Three annotation
methods are used to associate EC number and sequence, one by using Blast on Swissprot,
a second with Global Trace Graph (Heger et al. 2007) and a third using InterProScan
(Zdobnov et al. 2001). A Bayesian network model is created using all these results to score
the enzymes probabilities for the input organism and hypothetical ancestral species. Also,
the ECs are associated with KEGG reaction (Kanehisa et al. 2008). The second phase will
reconstruct metabolic networks by using the enzyme probabilities and nutrients to create
biosynthetic pathways validated by the transfer of the atoms in the nutrients among the
metabolite of the pathway. CoReCo permits studying the evolution of metabolic networks
by predicting enzyme probabilities in hypothetical ancestral species.
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These methods rely on the re-annotation of the genomes. Still, as genomes in public
databases are already annotated, one could want to use these annotations to see how these
predictions could be analysed for metabolic network comparisons.

3.1.3 Is it possible to find relevant information from GSMN
comparisons using available knowledge from public
genomes?

As we have presented in the previous subsection 3.1.2, numerous studies compared
GSMNs, especially by re-annotating genomes. In this chapter, I propose to explore the
question of using the annotation of genomes already present in public databases to recon-
struct GSMNs and compare them. But annotations of genomes in public databases can
show disparities. For example, an analysis of the annotation coverage of bacterial genomes
in the Genome Taxonomy Database indicates a variation of coverage ranging from 14% to
98% (Lobb et al. 2020). Thus, directly using these annotated genomes can cause issues,
as some differences observed will only be associated with the annotation disparity.

A wide variety of methods exists to perform the structural (DNA features prediction
such as a gene) and functional (association of biological information to genes) annotation
steps (Ejigu et al. 2020). It has previously been shown to induce direct effects on the re-
constructed GSMNs of bacterial symbionts (Karimi et al. 2021). Then comparing GSMNs
reconstructed from different tools will introduce biases in the comparison.

The structural annotation can lead to differences if genes’ structures are not correctly
predicted or if different prediction tools are used. For example, let’s look at a group of 40
public genomes, among them 36 being associated with species related to algae. We have
to deal with high heterogeneity of the number of genes (Figure 3.1). How can we ensure
that this heterogeneity comes from biological signals?
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Figure 3.1 – Distribution of the number of genes (representing structural annotation
results) across 40 genomes (with 36 organisms closely related to algae).

Biological signals can explain differences in the number of predicted genes in the genomes,
but they can also result from issues during the genome annotation. Contamination can
impact the prediction by adding unrelated genes. Also, it is possible that some genes
were not predicted, thus leading to missing annotations and, as the genes are absent to
missing functions associated with the genes. This impacts organism comparison as we
have artefactual differences.

Structural annotation problem

Once the genes are predicted, the functional annotation will associate biological in-
formation with the genes by predicting the functions they perform. Such function can
describe, for example, the role of an enzyme for a protein-coding gene. The function can
be represented by specific terms described in numerous databases (such as the GO Term
from the Gene Ontology (Ashburner et al. 2000) or the EC number from the Expasy
ENZYME (Bairoch 2000)). This step can introduce another bias with a disparity in the
functional annotations among the organisms. This can be illustrated for the group of 40
organisms by looking at the Enzyme Commission numbers (Figure 3.2). There are a lot
of variations between genomes, some having 0 EC numbers and others thousands of EC.
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Figure 3.2 – Distribution of the number of redundant Enzyme Commission numbers giving
an example of the available functional annotation across 40 genomes (with 36 organisms
closely related to algae).

Disparities in functional annotation of the genomes can lead to issues when comparing
organisms. Indeed, if a gene encoding a known enzyme is not (correctly) annotated, we
could miss this annotation for the GSMN, thus leading to an artefactual difference.

Functional annotation problem

We propose a method to reconstruct comparable GSMNs from genome annotations by
using the annotations of the publicly available genomes. To achieve this, we must decipher
the biological signal (some organisms have more genes than others) from the noise (issues
with annotations and GSMN reconstruction methods).

From the available public genomes having potential heterogeneous structural and func-
tional annotations, is it possible to create comparable GSMN suitable to identify differ-
ences of metabolism across the studied organisms?

Section summary
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3.2 AuCoMe: Create comparable GSMN from het-
erogeneously annotated genomes

AuCoMe is a python package that aims to build homogeneous metabolic networks
starting from genomes with heterogeneous functional and/or structural annotations lev-
els. AuCoMe propagates annotation information among organisms through a four-step
pipeline (Fig.3.3).
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Orthologs (OG)

B. Orthology propagation

A. Draft reconstruction

Genome 1

Genome 2

GSMN 1

MPWT

C. Structural verification

D. Spontaneous completion

BlastP
Tblastn
Exonerate

Genome 3

Gene or Protein Functional annotationGenome Metabolic reactionGene-Protein-Reaction relationship
and metabolic reaction

GSMN 2 GSMN 3

OrthoFinder GSMN 1 GSMN 2 GSMN 3

GSMN 1 GSMN 2 GSMN 3

GSMN 1 GSMN 2 GSMN 3

Robust OG à GPR propagation Non-robust OG à no GPR propagation
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Pairwise alignments
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Metabolic pathways

Spontaneous reactions

Figure 3.3 – Reconstruction and homogenisation of metabolisms with AuCoMe.
Starting from a dataset of available public genomes, the AuCoMe pipeline performs the
following four steps. A. Draft reconstruction. The reconstruction of draft genome-scale
metabolic networks (GSMNs) is performed using Pathway Tools in a parallel implemen-
tation. B. Orthology propagation. OrthoFinder predicts orthologs by aligning protein
sequences of all genomes. The robustness of orthology relationships is evaluated, and
GPRs of robust orthologs are propagated. C. Structural verification. The absence of a
GPR in genomes is verified through pairwise alignments of the GPR-associated sequence
to all genomes where it is missing. If the GPR-associated sequence is identified in other
genomes, the gene is annotated, and the GPR is propagated. D. Spontaneous comple-
tion. Missing spontaneous reactions enabling the completion of metabolic pathways are
added to the GSMNs. GSMN: Genome-scale metabolic network. OG: orthologs. GPR:
Gene-protein-reaction relationship.

103



Part I, Chapter 3 – Inferring comparable GSMN from heterogeneously annotated genomes

3.2.1 Inferring pan-metabolism from the genomes functional an-
notations

The input files of AuCoMe are GenBank files. It is a file format that can contain the
nucleic sequence of the genome and the results of the structural annotation (DNA features
such as genes with their positions and the amino-acid sequence of the protein associated
with the gene). It also contains the results of the functional annotations (such as GO
Terms associated with genes).

The first step, the draft reconstruction step, consists in reconstructing draft
GSMNs according to the set of available genome annotations. During this step, the pipeline
first checks the input GenBank files using Biopython (Cock et al. 2009). Then using the
mpwt package (Belcour et al. 2020a), AuCoMe launches parallel processes of the Patho-
Logic algorithm of Pathway Tools (Karp et al. 2019). Pathway Tools creates one "Path-
way/Genome Database" (PGDB) for each genome. The reaction inference of Pathway
Tools relies mainly on Gene Ontology Terms, Enzyme Commission numbers and descrip-
tions of genes (such as gene name and gene product). The inference of Pathway Tools is
divided into several steps: it begins with the reaction inference, then performs a pathway
inference where Pathway Tools filters the pathway according to the number of reactions
inferred in them, the taxonomic ID of the input organism and the threshold given by the
user. In all the experiments, we used the default threshold. During the pathway inference,
if the organism seems to lack an enzyme for a pathway (if the pathway score is above the
rejection threshold), then this reaction is kept and is called a pathway hole reaction.

The resulting PGDBs are converted into PADMet and SBML files (Hucka et al. 2003;
Hucka et al. 2019) using the PADMet package (Aite et al. 2018). During this conversion,
pathway hole reactions predicted by Pathway Tools are removed as they are not associated
with a gene and are not spontaneous reactions. For example, in Fig. 3.3 A, the draft
reconstruction step generates 6 GPRs in total for the 3 considered genomes.

This step will produce the significant part of reactions inferred by AuCoMe, the other
being the spontaneous completion step. Indeed, Pathway Tools will predict for each or-
ganism a set of reactions. And by taking all of these reactions, we get all the enzymatic
reactions (reactions catalysed by an enzyme different from the spontaneous reaction, which
is a reaction occurring without an enzyme) inferred for our group of organisms. This set
of reactions is defined as the pan-metabolism of the group.

Definition 3.2.1 (Pan-metabolism) Following the definition of pan-metabolism pro-
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posed in Vieira et al. 2011, we denote as pan-metabolism the set of all reactions of all the
organisms of a taxonomic group.

The genomes input (in GenBank file format) were processed by a parallel implemen-
tation of Pathway Tools, we were able to reconstruct draft metabolic networks of
multiple organisms thus creating the pan-metabolism of the studied group.

Subsection summary

3.2.2 Propagating Gene-Protein-Reaction associations using or-
thology

The second step, the orthology propagation step, complements the previous draft
GSMNs with GPR associations whose genes are predicted by propagating reaction be-
tween orthologs (Fig. 3.3 B). To that purpose, the pipeline relies on OrthoFinder (Emms
et al. 2015; Emms et al. 2019) for the inference of orthologs. To identify orthologs, Or-
thoFinder first searches for the orthogroup (group of genes descending from a single gene
in the last common ancestor of the studied organisms). Among the orthogroup, it is pos-
sible to find either paralog (gene emerging from a duplication event) or ortholog (gene
emerging from a speciation event). For each orthogroup, an unrooted gene tree is recon-
structed. From all the gene trees, a species tree is inferred, and then it will be used to
infer a rooted gene tree and identify duplication events and orthologs.

For each orthologous gene shared between species, the pipeline checks whether one of
the genes is associated with an existing GPR association (named annotated GPR), a GPR
inferred during the draft reconstruction step. In that case, a putative GPR association
with the orthologous genes is added to the GSMN (named ortholog GPR). At the end
of the analysis of all genomes, a robustness score is computed to assess the confidence of
each ortholog GPR association based on the number of annotated GPRs associations in
the group of orthologous genes. If the group of orthologs contains two or more annotated
GPRs then the annotated GPRs in the group are considered robust (Figure 3.4 A). If
there is only one annotated GPR in the orthologous genes, then we will check the number
of orthologs to which the annotated GPR propagates the reaction (Figure 3.4 B and C). If
this number exceeds a robustness threshold, we will consider the ortholog GPR non-robust
(Figure 3.4 B).
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GPR 1
Number of organisms in groups: 6
Filter threshold = round(max(20/6, 0.05*6))
                        = 3
NB organisms <= Filter threshold
                    6 <= 3 
False, no propagation

Input threshold = 0.05
Inversed threshold = 1/0.05=20

More than one GPR for the reaction
Propagation

Only one GPR for the reaction

Number of organisms in groups: 3
Filter threshold = round(max(20/3, 0.05*3))
                        = 7
NB organisms <= Filter threshold
                   3 <= 7 
True, propagation

GPR 1

GPR 2

GPR 1

A.

B.

C.

Figure 3.4 – Example of the filtering of method of AuCoMe on group of orthologs.

The robustness threshold is computed as the maximum between two formulas. The
first took the inverse of an input threshold (by default, it is 5%) and divided it by the
number of organisms involved in the orthologous genes. The second formula multiplies the
input threshold (5% by default) by the number of organisms involved in the orthologous
genes. The maximum between these two formulas defines the robustness threshold. If the
total number of orthologs GPR associated with the reaction is superior to this robustness
threshold, the ortholog GPR is considered non-robust. Having only one gene annotated
for a large group of orthologs could be hazardous. Non-robust putative GPR associations
are not integrated into the final GSMNs. If there are multiple reactions in the orthologous
genes, each of them will be tested according to the filtering procedures separatly with the
idea of function promiscuity.

In the example shown in Fig. 3.3 B, applying the robustness criteria leads to generating
a putative new GPR association to the GSMN 2 (see the green orthologs as there is
two annotated GPR among the orthologous genes). In this example, the pipeline does
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not validate the GPR association related to the blue orthologs because of insufficient
annotation support (one annotated GPR in the orthologous genes).

The goal of this step is to resolve the issue with the missing functional annotation (see
the Functional annotation problem). To achieve this, we propagate reactions from
the different organisms over the group of orthologs, and we filter the propagated GPR
according to robustness criteria.

In this section, we have seen that from the pan-metabolism associated with the draft
GSMNs produced in the Draft reconstruction step, AuCoMe propagated the annotated
GPRs by using orthology. This step complemented the GSMN by adding reactions that
could be absent due to missing functional annotation. This results in the homogenisation
of the GSMN and solves the functional annotation problem.

Subsection summary

3.2.3 Structural verification of the absence of GPRs

The third step, the structural verification step, identifies GPRs associated with
missing structural annotations in the input genomes. Suppose an enzymatic reaction is
present in the pan-metabolism but absent in a GSMN. In that case, this pipeline step
tries to complement the GSMN according to protein-against-genome alignment criteria
using the sequences from the GSMNs containing the reaction. This search enables the
identification of reactions associated with gene sequences absent from the initial structural
annotations of the input genomes.

The GSMNs created in the previous step are taken as input. Pairwise comparison of
the reactions in these GSMNs is performed (Fig. 3.3 C). In this comparison, if a reaction
is missing in an organism (named missing GSMN ), a structural verification is performed
using the organism having that reaction (named reference GSMN ). For each protein
sequence associated with a GPR relation in a reference GSMN and if that GPR is absent
in the missing GSMN, a blastp (Altschul et al. 1990) with Biopython (Cock et al. 2009)
is performed on the proteome of the missing GSMN. The goal is to ensure whether or not
a related protein could be found in the proteome of the missing GSMN. If no match with
an evalue inferior to 1e-20 is found, no protein in the proteome of the missing GSMN can
be associated with the reaction according to sequence alignment. Then AuCoMe searches
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for possible gene candidates in the genome of the missing GSMN. This is performed by
using a tblastn search (Altschul et al. 1990; Camacho et al. 2009) with Biopython (Cock
et al. 2009) against the genome of the missing GSMN. If a match (evalue inferior to 1e-
20) is found, the gene prediction tool Exonerate (Slater et al. 2005) is run on the region
linked to the best match (region +- 10 KB). If Exonerate finds a match, then the reaction
associated with the protein sequence is assigned to the missing GSMN. In Fig. 3.3 C, one
reaction is added to the GSMN 2.

This step aims to solve the structural annotation issues, defined as the Structural
annotation problem. This problem is solved by searching for each missing reaction if
there is a homologous location on the organism genome that can perform the reaction.

From the GPRs found during both the Draft reconstruction and the Orthology prop-
agation, the Structural verification searched for missing reactions in organisms that
resulted from structural annotation problem. By using protein-against-genome align-
ment between the protein sequences associated with the reaction and a genome se-
quence, AuCoMe tried to identify a homologous sequence corresponding to a missing
gene prediction.

Subsection summary

3.2.4 Spontaneous completion

The last step, the spontaneous completion step fills incomplete metabolic path-
ways with spontaneous reactions to complement each GSMN obtained after the structural-
completion step with spontaneous reactions, i.e. reactions that do not need enzymes to
occur. For each pathway of the MetaCyc database (Caspi et al. 2020), which was found
incomplete in a GSMN, AuCoMe checks whether adding spontaneous reactions of the
MetaCyc database could complete the pathway. When this is the case, spontaneous re-
actions are added to the GSMN. In Fig. 3.3 D, two spontaneous reactions are added to
the GSMN 1 and GSMN 3. Then the final PADMet and SBML files are created for each
studied organism.
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Using the metabolic pathways of MetaCyc, AuCoMe searched for spontaneous reac-
tions that could fill incomplete metabolic pathways obtained after the structural
verification.

Subsection summary

From heterogeneously annotated genomes (in GenBank format), AuCoMe recon-
structed draft GSMNs with Pathway Tools. To solve the issues in functional anno-
tation, reactions were propagated according to orthology predictions made by Or-
thoFinder. Then to cope with missing genes that could be omitted in the previous step, a
structural verification was performed to search for genome positions matching known
enzymes using blast and exonerate. After resolving these issues, the metabolic networks
were complemented with spontaneous reactions.

Section summary

3.3 Validation of AuCoMe on public datasets

The AuCoMe pipeline was validated on three datasets composed of genomes offer-
ing different levels of phylogenetic diversity and genome annotation heterogeneity. The
datasets were used to assess the efficiency of the steps of AuCoMe to resolve the various
annotation issues.

3.3.1 GSMN from available public genomes

Input dataset. The bacterial dataset includes the 29 bacterial Escherichia coli and
Shigella strains studied in Vieira et al. 2011, downloaded from the NCBI GenBank
Database (Sayers et al. 2019).

The fungal dataset includes 74 fungal genomes which were selected according to H.
Wang et al. 2009 as representative of the fungal diversity, together with 3 outgroup
genomes: C. elegans, D. melanogaster, and M. brevicollis. The genomes were downloaded
from the NCBI GenBank Database (Sayers et al. 2019).
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The algal dataset contains 36 algal genomes. These genomes represented a wide diver-
sity of photosynthetic eukaryotes and were downloaded from public databases. The dataset
includes 16 viridiplantae (green algae), 5 phaeophyceae (brown algae), 5 rhodophyceae
(red algae), 4 diatoms, 3 haptophytes, 1 cryptophyte (Guillardia theta), 1 eustigmato-
phyceae (Nannochloropsis gaditana), 1 glaucophyceae (Cyanodophora paradoxa). The
genomes of C. elegans (Witting et al. 2018), M. circinelloides (Vongsangnak et al. 2016),
N. crassa (Dreyfuss et al. 2013), and S. cerevisiae (Lu et al. 2019) were selected as out-
group genomes.

Resulting GSMNs. AuCoMe was used on the three datasets. The number of reac-
tions in each GSMN can be seen in Figure 3.5.
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Figure 3.5 – Application of the AuCoMe pipeline to the bacterial, fungal and al-
gal datasets of genomes. The figure depicts the number of reactions identified for each
species at each step of the AuCoMe pipeline: reactions recovered by the draft reconstruc-
tion step (blue), non-robust reactions predicted by orthology propagation and removed
by the filter (gray), robust reactions predicted by orthology propagation that passed the
filter (orange), additional reactions predicted by the structural verification step (green),
and spontaneous completion (red). The final metabolic networks encompass all these re-
actions except the non-robust ones. The pan-metabolism (all the reactions occurring in all
organisms after the final step of AuCoMe) is presented in brown.

After the draft reconstruction step, draft GSMNs from the three datasets exhibited a
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3.3. Validation of AuCoMe on public datasets

highly heterogeneous range of reactions (blue in Fig. 3.5 A, B, C, D). This heterogeneity
was particularly visible for the fungal dataset, demonstrating the variability of the original
genome annotations. In this dataset, no reaction was inferred from annotations in seven
species, and for 12 of them, draft GSMNs contained less than ten reactions. For the
latter, their respective genome annotations included no EC number, and eleven genomes
did not have any GO term. Pathway Tools relies mainly on these two annotations to infer
reactions, so this absence impedes the reconstruction process. Similar observations were
also made, although to a lesser extent, for the algal genome dataset, with seven genomes
having more than 2,000 reactions and seven genomes with less than 500 reactions. At
this step, high heterogeneity in the number of reactions could be attributed mainly to
differences in the quality and quantity of the genome annotations provided, precluding
biologically meaningful comparisons of the GSMNs obtained at the draft reconstruction
step.

After the orthology propagation step, we observed an homogenisation of the number
of reactions in the datasets (orange in Fig. 3.5). GSMNs with few reactions after the
draft reconstruction recovered more reactions during the orthology propagation step than
GSMNs with thousands of reactions. This observation was supported by the negative cor-
relation between the number of reactions added at the draft reconstruction step and the
orthology propagation step (Spearman’s rs -0.82 p<0.001). The fungal dataset exhibited
an outlier at this step. The GSMN of Encephalitozoon cuniculi contained only 681 reac-
tions compared to the thousands of reactions in the other fungal GSMNs. This difference
is consistent with the fact that this species is a microsporidian parasite with a strong
genome and gene compaction (Katinka et al. 2001). Among the reactions propagated by
the orthology, a few hundred were removed from all datasets because they did not fulfil
the robustness score criterion. A striking result in the bacterial dataset was the difference
in reactions removed by the robustness score criterion between the strain E. coli K–12
MG1655 and the other strains. Indeed for this strain, 172 reactions were removed by the
robustness criterion, less than the 333-447 reactions removed for the other strains. A possi-
ble explanation could be that the strain E. coli K–12 MG1655 is one of the best-annotated
organisms, so it had the most reactions in the bacterial dataset. But as it was the only
one to propagate these reactions, the robustness criterion removed them. These results
indicated that most of the heterogeneity presented in the previous step could be solved
by propagating reactions among orthologs, thus fixing issues with functional annotation.

Compared to the orthology propagation, the structural verification step had a more
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Part I, Chapter 3 – Inferring comparable GSMN from heterogeneously annotated genomes

negligible impact on the size of the final networks (green in Fig. 3.5). Ninety-five per cent
of the GSMNs received less than 28 reactions during this step, and the maximum was
209. In the bacterial dataset, the six Shigella received an average of 76.2 reactions which
was more than ten times the average of the other strains (7.4). We manually examined
these differences and found that most genes in the GPR associations added at this step in
the Shigella’s GSMNs corresponded to pseudogenes. For the fungal dataset, 209 reactions
were added to the species Saccharomyces kudriavzevii. These reactions were associated
with 192 sequences recovered during the structural step. These sequences were linked
to transcripts from a previously published transcriptome dataset (Blevins et al. 2021).
As for the algal dataset, 86 reactions were added to Ectocarpus subulatus. Likewise, we
validated the presence of 59 out of 65 genes (83 out of 86 reactions) by associating them
with existing transcripts. The remaining six genes (three reactions) corresponded to valid
plastid sequences that had remained in the nuclear genome assembly. These genes lacked
transcription data because plastid mRNA lacks the PolyA tail used to prepare most
RNAseq libraries. In both outlier cases, the structural completion step was, therefore, able
to recover sequences translated into mRNA and thus likely correspond to functional genes.
This step showed mixed results as there was the detection of false positives (pseudogenes)
in the bacterial dataset but found probable GPRs for the algal and fungal datasets.
Furthermore, results showed that issues with structural annotation were far less present
in the three datasets than issues with the functional annotation.

Lastly, the spontaneous completion step added spontaneous reactions to each metabolic
network if these reactions complete BioCyc pathways (red in Fig. 3.5). This step added
between 2 and 23 spontaneous reactions for the fungal dataset, leading to 2 to 27 ad-
ditional MetaCyc pathways that achieved a completion rate greater than 80%. As for
the algae, the same step added between 4 and 36 spontaneous reactions, leading to 2
to 31 additional pathways to reach a completion rate greater than 80%. Generally, we
observed that the fewer reactions were inferred at the draft reconstruction step, the more
spontaneous reactions were added to complete pathways (Pearson R = -0.83 and -0.84
for the fungal and algal datasets, respectively). This difference in completion could be
explained by the fact that the only other possibility to introduce spontaneous reactions in
the GSMNs was the draft reconstruction step because Pathway Tools infers GSMN with
both enzymatic and spontaneous reactions.
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3.3. Validation of AuCoMe on public datasets

Two steps (draft reconstruction and orthology propagation) created most of the GPRs
in the networks. The draft reconstruction produced highly heterogeneous draft GSMN,
which were mostly homogenised by the orthology propagation and to a lesser extent by
the structural verification. Following these results, the datasets contained genomes with
high functional annotation variability but little structural annotation variability.

Subsection summary

3.3.2 Complementarity of the AuCoMe steps to recover reac-
tions using a bacterial dataset

In the following section, we characterised the efficiency of the pipeline for recovering
missing reactions from genomes with randomly degraded annotations.

Input datasets. The complementarity between the orthology propagation step and the
structural verification step was tested using replicate genomes of E. coli K–12 MG1655
modified by a simulated degradation of its annotations. Degraded replicates were then
provided as input to the AuCoMe method. The resulting GSMNs were finally compared
to the non-degraded dataset and the ground truth EcoCyc metabolic network (Karp et al.
2002b; Karp et al. 2018; Keseler et al. 2021) to estimate the precision and recall of the
method.

To that goal, the non-degraded GSMN for E. coli K–12 MG1655 obtained from the
run of the previous subsection was used to find the genes associated with the reactions.
It allowed us to detect 2267 genes that were the target of the degradation.

Then, the E. coli K–12 MG1655 genome was modified to generate replicates with ran-
domly degraded annotations chosen among the GPR of the non-degraded E. coli K–12
MG1655 GSMN. Two degradation types were simulated, (i) degradation of the functional
annotations of the genes, where all the annotations like GO Terms, EC numbers, gene
names, etc. associated with a reaction were removed, and (ii) degradation of the structural
annotation of the genes, where gene positions and functional annotations were removed
from the genome annotations. The third type of replicate was considered, including the
degradation of structural and functional annotations. Replicates with increasing percent-
ages of degraded annotations were generated for each of the three types of degradation.
Furthermore, the taxonomic ID associated with the E. coli K–12 MG1655 genome was
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Part I, Chapter 3 – Inferring comparable GSMN from heterogeneously annotated genomes

degraded to cellular organism to focus on the impact of genome annotations on GSMN
reconstructions by AuCoMe, rather than on the effect of the automatic completion by the
EcoCyc source performed by Pathway Tools when analysing E. coli K–12 MG1655 .

Each degraded replicate was associated with the 28 other unmodified E coli and
Shigella genomes, producing a synthetic dataset which was analysed by the AuCoMe
method. This procedure, therefore, generated 31 synthetic bacterial datasets, plus the
dataset with non-degraded E. coli K–12 MG1655 genome, which was called dataset 0 and
already commented on in the previous subsection.

Impact of genome degradation on AuCoMe steps. First, we looked at the
number of reactions predicted at each step. Then we performed the first validation by
comparing the different output GSMNs obtained from the degraded genomes of E. coli
K–12 MG1655 to the GSMN of the non-degraded dataset 0 (Figure 3.6).
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3.3. Validation of AuCoMe on public datasets

Dataset of 29 bacteria 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

Structural annotation of K12 MG1655 (%) 100 100 100 100 100 100 100 100 100 100 100 90 80 70 60 50 40 30 20 10 0 95 90 85 80 75 70 66 65 60 55 50

Functional annotation of K12 MG1655 (%)
also impacted by the degradation
of the structural annotation
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Figure 3.6 – (A) Number of reactions in E. coli K–12 MG1655 degraded net-
works after application of AuCoMe to 32 synthetic bacterial datasets. Each
dataset consists of the genome of E. coli K–12 MG1655 to which degradation of the func-
tional and/or structural annotations was applied, together with 28 bacterial genomes.
Each vertical bar corresponds to the result on the E. coli K–12 MG1655 within a syn-
thetic dataset, with the percentages of degraded annotations indicated below. The dataset
labelled 0 was not subject to degradation of the E. coli K–12 MG1655 annotations. Three
types of degradation were performed: functional annotation degradation only (left side,
datasets labelled 1 to 10), structural annotation degradation only (right side, datasets
labelled 22 to 31) and both degradation types (middle, dataset labelled 11 to 21). The
coloured bars depict the number of reactions added to the degraded network at the dif-
ferent steps of the method (the blue, orange, green, grey, and red colour legends are as
described in the figure 3.5). The table shown as an axis indicates the dataset number and
the percentage of functional or structural annotation impacted by the degradation for the
corresponding column in both subfigures. (B) F-measures after comparison of the
GSMNs recovered for each E. coli K–12 MG1655 genome replicate with the
non-degraded dataset 0. Reactions inferred by each AuCoMe step for each replicate
were compared to the GSMN of the non-degraded dataset 0. For each comparison, the
F-measure was computed. F-measures obtained after the draft reconstruction step, the
orthology propagation step or the structural verification step are shown as blue circles,
orange triangles, and green crosses, respectively.

Fig. 3.6 A illustrates the number of reactions predicted by the pipeline steps and each
step’s importance in the homogenisation of the GSMN sizes for each of the 32 synthetic
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bacterial datasets. As expected, increasing degradation led to the recovery of fewer GPR
associations in GSMN draft reconstructions (blue bars). When only functional annota-
tions were degraded in the E. coli K–12 MG1655 genome (dataset labelled 1 to 10), the
orthology propagation step enabled the recovery of a large number of reactions (orange
bars) nearly up to the size of the GSMN associated with the non-degraded genome. In
datasets where only structural annotations of the E. coli K–12 MG1655 genome were al-
tered (datasets labelled 22 to 31), the structural verification step was the most important
step to recover GPR associations (green bars). Finally, when both structural and func-
tional annotations were degraded (datasets 11 to 21), combining the second and third
AuCoMe steps recovered the discarded reactions. Notably, even when 100% of the E.
coli K–12 MG1655 functional and structural annotations were degraded, the information
from the other 28 non-altered genomes enabled the recovery of 2244 reactions (Fig. 3.6 A,
dataset 31). These 2244 reactions represented 87% of the reactions in the non-degraded
dataset 0.

According to the level of structural and functional annotations of the genomes, these
results showed the complementarity between the orthology propagation step and the struc-
tural verification step.

F-measure for internal and external validations. These reactions were compared
to two networks (1) in an internal validation, to the final GSMN of AuCoMe from the
non-degraded dataset 0 and (2) in an external validation, to the literature-based curated
network EcoCyc (Karp et al. 2002b; Karp et al. 2018; Keseler et al. 2021). In the following
paragraph, we will refer to these networks as the reference networks.

We considered the reactions in a GSMN produced by AuCoMe and in a reference
network as True Positives (TPs). False Positives (FPs) were reactions that were present
in the GSMN produced by AuCoMe but not present in a reference network, and False
Negatives (FN) were reactions present in a reference network but not present in the GSMN
produced by AuCoMe. There were no True Negative reactions because each considered
reaction either belonged to the GSMNs produced by AuCoMe or to a reference network.

The F-measure of each AuCoMe dataset is defined as F = 2P R
P +R

, where P = T P
T P +F P

is
the precision (number of reactions inferred by AuCoMe and present in a reference network
among all the reactions predicted by AuCoMe) and R = T P

T P +F N
is the recall (number of

reactions inferred by AuCoMe and present in a reference network among all the reactions
in a reference network). The F-measure value is between 0 and 1. Values close to 1 indicate
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3.3. Validation of AuCoMe on public datasets

that both precision and recall are high.

Internal validation. For the networks of the non-degraded dataset 0, the F-measure
was 1 after the orthology propagation and structural verification steps. This was expected
as the reference network here was the network from the final step of AuCoMe.

For the degradation on the functional annotations, the orthology propagation step
helped to recover a F-measure greater than 0.9 (Fig. 3.6 B, dataset 1 to 10) after the
degradation functional annotations.

The complementary of the two steps was demonstrated when both the functional and
the structural annotations were degraded (Fig. 3.6 B, dataset 11 to 21). In these situations,
the combination of the orthology propagation and the structural verification allowed to
reach a F-measure around 0.9.

When degrading the structural annotation, it was the structural verification that
helped to recover a F-measure around 0.9 (Fig. 3.6 B, dataset 22 to 31).

External validation. A padmet file containing the metabolic network of EcoCyc was
created using the PGDB files from EcoCyc 23.5 and the padmet package. One thousand
nineteen reactions contained only in EcoCyc and absented from all the metabolic networks
of the 29 bacteria of dataset 0 were removed from the ground truth reactions as AuCoMe
could never infer them. Indeed their absences from the pan-metabolism of the 29 Bacteria
implies that Pathway Tools could not infer them from the genome annotations. Therefore
they were not considered false negatives.
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Dataset of 29 bacteria 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31
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Figure 3.7 – F-measures after comparison of the GSMNs recovered for each
E. coli K–12 MG1655 genome replicate with the gold-standard network Eco-
Cyc 23.5. Reactions inferred by each AuCoMe step for each replicate were compared to
the gold-standard EcoCyc GSMN, allowing for F-measures’ computation. F-measures ob-
tained after the draft reconstruction step, the orthology propagation step, or the structural
verification step are shown as blue circles, orange triangles, and green crosses, respectively.
The hashed rectangle from F-measure 0.79 to 1 highlight the values of F-measure that
are unreachable as 1019 reactions in EcoCyc were not present in the pan-metabolism of
the 29 non-degraded Bacteria.

After the draft reconstruction step, the F-measure of non-degraded dataset 0 was 0.67.
The F-measure remained at the same score for the other steps of AuCoMe. Therefore we
considered 0.67 as the reference F-measure for this experiment.

As expected, increasing degradation of the genome annotations led to decreased F-
measures after the draft reconstruction step (Fig. 3.7 B, blue circles). Furthermore, the
F-measure consistently dropped to 0 when all functional annotations were degraded
(datasets 10, 21 and 31). The F-measures then increased after the orthology propaga-
tion step in datasets where the degradation was performed on functional annotations
(datasets 1 to 21, orange triangles). When only functional annotations were degraded, the
orthology propagation step alone enabled the recovery of F-measures close to the reference
F-measure of 0.67 (dataset 0). Regarding the datasets degraded in both functional and
structural annotations, the structural verification step was additionally needed to reach
F-measures close to 0.67 (datasets 11 to 31, green crosses). When all structural annota-
tions of the genes associated with metabolism were depleted (dataset 31), the F-measure
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obtained after the structural verification step was 0.60.

Altogether, these results demonstrated that, by taking advantage of the annotations
present in the other genomes of the considered dataset, AuCoMe built GSMNs with
comparable amounts of reactions even for genomes completely missing functional and
structural annotations. Furthermore, the internal and external validations showed the
quality of the reactions inferred by AuCoMe.

Subsection summary

In this section, we have shown the results of AuCoMe on three public datasets of
genomes. First, we highlighted a high variability of annotations in these genomes by
looking at the results of the draft reconstruction. By combining the orthology propagation
and the structural verification, we were able to homogenise the GSMN contents. Quality
and quantity of recovered reactions were validated using multiple datasets with degraded
genome annotations.

Section summary

3.4 Application to algae

Using the algal dataset presented in the previous section 3.3, a more precise analy-
sis was performed to compare the metabolism of the organisms in this group, yielding
biological conclusions.

3.4.1 Phylogenetic consistency of the GSMNs clustering accord-
ing to metabolic distances

To further assess the predictions of AuCoMe and to explore the distance between
the metabolism of the algae, we performed a clustering. We clustered the GSMNs of all
the organisms of the algal dataset according to the presence or absence of reactions in
their GSMNs. Clustering obtained after the draft reconstruction and at the end of the
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pipeline is firstly examined using multidimensional scaling (MDS, Fig. 3.8). The MDS was
computed using the vegan package (Oksanen et al. 2020), and the distance matrix was
created with the euclidian distance. We observed that the metabolism clusters obtained
from the initial draft GSMNs produced from the annotations had a very low consistency
with the phylogenetic relationships among the algae. Even well-established groups like
red algae or brown algae were not recovered. An ANOSIM test supported this as it could
not differentiate any known groups (R=0, P-value=0.4514). Furthermore, species from
very different groups clustered together (circled in black in Figure 3.8) because they
only had tens of reactions, compared to the hundred or thousand of reactions for the
other organisms. So for GSMNs obtained after the draft reconstruction step, the principal
factor leading to the GSMNs distribution in the MDS was the heterogeneity of genome
annotations. However, in the GSMNs obtained after the final step of AuCoMe, we can see a
clear separation of the organisms according to their known phylogenetic group (ANOSIM,
R=0.811, P-value=1e-04).
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ANOSIM R=0, P=0.4514

ANOSIM R=0, P=0.4514

GSMNs after draft reconstruction

GSMNs after AuCoMe final step

ANOSIM R=0.811 , P=1e-04

Diatoms
Green algae
Haptophytes
Nannochloropsis
Brown algae
Opistochonts
Red algae
Glaucophytes
Cryptophytes

GSMNs with tens of reactions

A.

B.

Figure 3.8 – MDS showing the metabolic distance between GSMNs of the differ-
ent groups of organisms in the algal dataset. Subplot A represents the GSMN
distances after the draft reconstruction step, and subplot B shows the GSMN
distances after the final step of AuCoMe. The metabolic distances were computed
using a presence-absence matrix of reactions among species in the algal dataset. ANOSIM
values indicate the difference in variance between different groups. Close to 0, it is not
possible to differentiate the group and close to 1, it is possible to differentiate the group.
MDS and ANOSIM were computed using the vegan package (Oksanen et al. 2020).

In summary, AuCoMe reconstructed GSMNs from heterogeneously annotated genomes
which display evolutionary consistent reaction contents. The GSMN clustered according
to the presence/absence of reactions regrouped into clusters corresponding to the major
phylogenetic groups.

Subsection summary
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3.4.2 Comparison between algae phylogeny and algae
metabolism

A tanglegram was created (Fig. 3.9) to compare the clustering of GSMNs to the
known organisms’ phylogeny. The tree on the left was made by Gabriel Markov (Station
Biologique de Roscoff, Roscoff) using clades compiled from the literature (Strassert et
al. 2021). The tree on the right was made using pvclust (Suzuki et al. 2006). To create
the dendrogram, pvclust used a Jaccard distance on a matrix containing the presence or
absence of reactions in the GSMNs obtained after the AuCoMe final step. The GSMNs
generated using the complete AuCoMe pipeline were broadly consistent with the reference
species phylogeny (Fig. 3.9). As illustrated in the previous section, the main phylogenetic
groups were correctly clustered together. There were only three higher-order inconsisten-
cies. It concerned the position of Guillardia theta, which is controversial (Strassert et al.
2021), the position of Cyanidiophora paradoxa, for which the genome version deposited in
Genbank was lacking annotations (Price et al. 2012), and the position of Nannochloropsis
gaditana which was the only representative of eustigmatophycean stramenopiles. The two
other stramenopile groups (diatoms and brown algae) were represented by multiple species
which likely minimises errors linked with single genome peculiarities. There were also mi-
nor inconsistencies in intra-group relationships in green algae, diatoms, brown algae, and
opisthokonts.
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Figure 3.9 – Tanglegram comparing phylogeny (left) and dendrogram of GSMNs
reconstructed by AuCoMe (right). Tanglegram evaluating the taxonomic consistency
of AuCoMe dendrogram based on metabolic distances created with the pvclust package
(Suzuki et al. 2006) using the Jaccard distance (right side) in comparison with reference
phylogeny (left side), compiled from literature (Strassert et al. 2021). Full lines join species
for which the position in the AuCoMe dendrogram is consistent with the reference phy-
logeny. Dotted lines join species for which the metabolic dendrogram and the reference
phylogeny diverge. A/C: Archeplastids/Cryptophytes, A: Archeplastids, R: Rodophytes,
Gr: Green algae, M: Mamiellales, Chla: Chlamydomonadales, Sph: Sphaeropleales, T:
Trebouxiophyceae, Chlo: Chlorellaceae, St: Streptophytes, Gl: Glaucophytes, C: Crypto-
phytes, H: Haptophytes, I: Isochrysida, D: Diatoms, S: Stramenopiles, B: Brown algae,
E: Ectocarpales, Ec: Ectocarpaceae, Ch: Chordariaceae, Op: Opistochonts, F: Fungi, As:
Ascomycetes.

A first illustration of the efficiency of AuCoMe was the de novo reannotation of the
conserved enzyme-encoding genes from the glaucophyte Cyanophora paradoxa. To recon-
struct this GSMN, we used the initially published genome sequence, which contained
only two functionally-annotated genes (Price et al. 2012). The final GSMN created by
AuCoMe enabled us to retrieve 2,664 reactions, a number within the same range as the
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other species from the dataset. Accordingly, C. paradoxa branched at the basis of the
dendrogram after the draft reconstruction step, whereas it clustered with the archeplas-
tids after AuCoMe final step. Even if the grouping of C. paradoxa with the streptophytes
Chara brauni and Klebsormidium nitens does not reflect the phylogenetic relationships,
this shows that AuCoMe provides a reasonable proxy for handling almost fully unanno-
tated genome sequences.

The consistency between the metabolic dendrogram computed from AuCoMe final
step and the reference species phylogeny agrees with the literature. Indeed, numerous
studies have compared GSMNs by computing a metabolic distance and clustering them
into a dendrogram. These experiments allowed to cluster organisms into groups close to
the ones known by phylogenetic analysis, but the position of species inside these groups
were often different from the one of the phylogenetic groups (Vieira et al. 2011; Bauer
et al. 2015; Prigent et al. 2018; Schulz et al. 2020). This difference could be explained by
the large amount of the metabolism shared by most organisms. But for some specialised
metabolic pathways, potential variations could occur. This chapter was focused on the
analysis of genomics data, but combining other data (such as metabolomics) could help
to explore this metabolic diversity, as we have shown in Chapter 2.

We examined the impact of the GSMN homogenisation made by AuCoMe by clus-
tering them according to their reaction contents. We have shown similarities between
the metabolic clusters and the known phylogeny major groups. Inconsistencies in the
metabolic dendrogram for some species might be investigated in further detail.

Section summary

3.5 Conclusion

Contribution

We have developed a method to compare GSMNs by homogenising their contents. This
homogenisation is performed through orthology propagation and structural annotation
verification. These methods allowed for the homogenisation of GSMNs according to the
genome annotations so that comparable GSMNs can be reconstructed and compared. It
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has been validated on a degraded dataset of E. coli with internal and external validations
showing the quantity and quality of reactions retrieved by AuCoMe. Then we used it
on an algal dataset to explore the relationship between phylogeny and distances between
the inferred metabolisms. This comparison indicated an overall consistency between the
phylogenetic groups and the clustered metabolisms, which was confirmed by the literature.
We also explored the metabolism of algae and the position of organisms of interest.

This research aimed to explore the possibility of studying the metabolism from publicly
available genomes. Especially to identify the impact of the heterogeneity in the genome
annotations and how to solve it. Especially to determine which among the structural or
functional annotations was the more impacting in such comparison. We have seen that
the orthology propagation step seemed sufficient to retrieve most of the missing reactions
resulting from the heterogeneity in original genome annotations. Thus, most issues in
heterogeneity seemed to be associated with problems in functional annotations.

But for two eukaryotes genomes (Saccharomyces kudriavzevii and Ectocarpus subula-
tus), the structural verification allowed to retrieve probable reactions (respectively 209 and
86). This result implied that for some genomes, it could be helpful to handle the possibil-
ity of missing gene predictions. It is especially true for eukaryotes as the assembly of their
genomes is more complex. For example, the NGS technologies have difficulties sequenc-
ing repeats regions, multicopy genes and other complex regions (Peona et al. 2021). So
this advocates for caution when comparing the metabolism of eukaryotes if their genomes
come from public databases.

Limits and improvements

The structural annotation step could be improved: the annotation of pseudogenes in
Shigella species would have been avoided by considering the annotations as pseudogenes
available for the identified loci.

Running AuCoMe on the bacterial dataset highlighted the impact of a single highly-
annotated genome on metabolic inference. This dataset included the reference genome of
the E. coli K–12 MG1655 strain, which is better annotated than most of the other genomes
considered. Consequently, a certain number of reactions initially propagated by orthology
from the E. coli K–12 MG1655 genome to others were discarded by the AuCoMe filter
due to a lack of support, following the rationale that a single genome supporting an anno-
tation propagation is not robust enough. Reasoning on ortholog clusters, the filter implies
that several congruent genome sources are mandatory to achieve annotation propagation
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confidently. While the relevance of the filter was demonstrated on the algal dataset by
avoiding the propagation of annotations related to photosynthesis to non-photosynthetic
organisms, it may be too stringent in some applications and lead to discarding relevant
reactions (such as the ones with the E. coli K–12 MG1655 strain).

The difference observed in the tanglegram 3.9 between phylogeny, and metabolic dis-
tances could be explored. One possibility could be to look at different similarity measures
for the clustering. The Jaccard distance has been used in this work, but other measures
could be used. For example, let’s consider that an absence of reactions in two organisms
could be considered to be a similarity (to represent the loss of a function). Then measures
such as the Simple Matching Coefficient could be envisaged. Indeed this measure could
count the missing reactions between organisms as a similarity (in a hypothesis of specific
metabolic loss).

Another limitation is the use of a metabolic database. In this work we used MetaCyc
(Caspi et al. 2020) as a reference metabolic database. But our results will also be limited
by the knowledge present in the database. Despite a significant amount of work made on
the manual curation of the database, it represents only what is known at a specific time.

Perspectives

With the reconstruction of tens of GSMNs for eukaryotes, it is possible to explore the
metabolism of taxonomic groups. This exploration permits the study of the diversity of the
metabolism at the genome scale by comparing GSMNs. Furthermore, it gives a foundation
to identify differences among organisms. And by combining with other data (such as
metabolomics data), it could be used to increase the known diversity of metabolism.
Indeed, by connecting this approach with the PathModel approach developed in Chapter
2, it could be possible to find the metabolic pathways associated with specific metabolites
in a family. Using these pathways, we could find possible alternative pathways for each
organism of the taxonomic groups. And by performing a comparison, it should be possible
to explore the evolution of metabolic pathways in these groups.

Furthermore, by reconstructing the metabolisms of akin organisms, it becomes pos-
sible to study the evolution of metabolism. Indeed, the apparition or loss of specific
metabolic pathways can be analysed by comparing these pathways’ presence or absence
in the GSMNs. This is similar, at a lower scale, to the analysis of the ancestral metabolic
network of bacteria (Xavier et al. 2021). By comparing thousands of genomes, the authors
identified a set of protein families that could be contained in the last bacterial common

126



3.5. Conclusion

ancestor. With the method presented in this chapter, the sequence comparisons and the
inferred GSMN could be used to determine the evolution of the metabolic pathways in
the group.
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Part II

Inferring metabolic complementarity
between taxonomic groups

This part explores the methods developed during my thesis in order to study
the metabolic complementarity between organisms from an environmental
sample. One of the very general motivation behind these kind of analyses
is the understanding of the ecosystem. In Chapters 4 and 5, I present the
application of the developed methods to a biogas reactor ecosystem, in a col-
laboration with Patrick Dabert (UR OPAALE, INRAE). The diversity of the
organisms herein was estimated using 16S rRNA gene sequencing and the
corresponding taxonomic affiliations.
The Chapter 4 will present EsMeCaTa, the method developed to estimate
metabolic capabilities from such taxonomic affiliations. The main issues lies
in the uncertainty related to the taxonomic affiliations and the knowledge
biases over taxa.
In Chapter 5, I will present Metage2Metabo, a method to identify the
metabolic complementary between the organisms of the samples and the min-
imal communities which can collectively achieve the production of metabolites
of interest.
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Chapter 4

ESTIMATING METABOLIC CAPABILITIES

FROM TAXONOMIC AFFILIATIONS

In Chapters 2 and 3, I have presented methods to analyse the metabolism of organ-
isms by inferring metabolic networks and pathways from genomes to study the metabolic
diversity of organisms. But genomes are not always available, especially when working
on data from environmental samples. Thus, we need to use other methods to study the
metabolic diversity within an environmental sample.

This issue is present in metabarcoding, where gene markers will be sequenced from
an environmental sample to identify the taxonomic groups present in the sample. One
of the most widely used gene markers is the 16S rRNA gene, which identifies taxonomic
affiliations associated with a 16S amplicon using taxonomic assignment methods. It is
possible to find functional profiles using already developed tools from the 16S rRNA gene
sequence. But these tools do not provide metabolic networks that can be used to study
the metabolic complementarity between the sample organisms.

That’s why I developed a new method called EsMeCaTa (Estimating Metabolic Capa-
bilities from Taxonomic affiliations) to fulfil this need. Several bottlenecks are solved by
this method. First, the taxonomic affiliations of wild organisms taken as input are anal-
ysed to determine which clade from this taxonomic affiliation provides enough proteomes
to be interpreted. Second, complete proteomes from the clade are clustered into groups of
shared proteins, determining which enzymes are shared and thus likely present in the wild
organisms. As a third bottleneck, one needs to find the functional annotations associated
with the groups of clustered proteins. These annotated protein clusters are provided as
outputs. Then it is possible to reconstruct the metabolic networks associated with the
taxon.
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4.1 Predicting metabolism from metagenomics and
taxonomic affiliations

4.1.1 Inferring functional profiles from gene markers

Sequencing community from the environment. To study community from the en-
vironment, multiple methods have been developed, such as metabarcoding or shotgun
sequencing. The first method uses a barcode, a region associated with a gene presenting
variations. These genes are called gene markers. One of the most known gene markers
is the 16S ribosomal RNA gene used for bacterial community analysis. It is one of the
first markers used to analyse environmental community diversity (Giovannoni et al. 1990).
Other gene markers have been analysed to study different groups, such as the ITS for
fungi (Schoch et al. 2012). 16S rRNA gene sequencing is widespread as this method is
cost-effective. The gene marker sequenced is then aligned to gene sequences in databases
to find the closest sequences and the group of related organisms (taxon) associated with
the gene marker. This way, it is possible to associate a taxonomic group to the sequenced
gene marker (its taxonomic affiliation). But the gene marker sequence can highly di-
verge from known genes and then is assigned to a taxon with high taxonomic ranks (e.g.
unknown bacteria). This divergent assignation is the uncertainty in the taxonomic af-
filiation. Until recently, it allowed a resolution of the taxonomic group present in the
sample up to the genus level (Yarza et al. 2014). This taxonomic resolution is improved
by analysing the entire gene thanks to advances in long-read sequencing (Johnson et al.
2019; Curry et al. 2022), allowing a resolution at the species level.

The second method, shotgun sequencing, consists of sequencing the genomes in the
environment. Multiple analyses can be performed but will require different costs. It is
possible to produce Metagenome-Assembled Genomes (MAG), but this can be quite ex-
pensive for large-scale microbiota analysis as it needs to sequence a genome region many
times. The goal is to have a high depth (’average number of times a particular nucleotide
is represented in a collection of random raw sequences’ (Sims et al. 2014)), which allows
assembly of the sequences into genomes. Sequencing with a low depth (reading the same
sequence only a few times) does not allow reconstructing the genome. Still, it can be
enough to identify the taxonomic groups of the organisms in the sample. This method
(called Shallow shotgun sequencing) can be used to infer taxonomic groups in the
environment at a lesser cost (Hillmann et al. 2018).
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But the choice of the methods will impact the metabolism modelling (Frioux et al.
2020b). Indeed, by sequencing the genomes, it is possible to find metabolic functions
present in the sample. Whereas disposing of only taxonomic affiliations, it is only possible
to estimate the present function using available knowledge. In the following chapter, we
will focus on the less cost-expensive sequencing methods: metabarcoding and Shallow
shotgun sequencing.

Predicting functional profiles. Once the gene markers have been sequenced; methods
are commonly applied to characterise the diversity of organisms in environmental samples
(especially for 16S rRNA gene sequencing). From these data, taxonomic affiliations, such
as Operational Taxonomic Units (OTUs), can be used to estimate the potential environ-
mental functions. Multiple methods have been developed to predict functional profiles
from 16S rRNA gene sequencing.

Some of these methods uses a phylogenetic placement of the sequence according to a
database reference, such as PICRUSt and PICRUSt2 (Langille et al. 2013; Douglas et al.
2020), Paprica (Bowman et al. 2015).

Other methods uses a sequence alignment to find the closest sequences such as Tax4Fun
and Tax4Fun2 (Aßhauer et al. 2015; Wemheuer et al. 2020), piphillin (Iwai et al. 2016;
Narayan et al. 2020). Web servers using this method have also been developed with
MicFunPred (Mongad et al. 2021) and MG-RAST (Keegan et al. 2016).

Another group of methods uses the taxonomic affiliations from taxonomic assignment
methods to analyse them. Panfp (Jun et al. 2015) analyses the taxonomic affiliations to
find the closest genomes and perform comparative genomics. FAPROTAX (Louca et al.
2016) maps prokaryotic taxon to its database to infer functional profiles.

But there are multiple issues with these methods. First, most of these tools support
only 16S rRNA sequences. Whereas other gene markers can be considered for metabar-
coding (such as rpob gene (Ogier et al. 2019)). Apart from gene markers, taxonomic affil-
iations can be obtained from shallow whole genome sequencing data, but the association
of function with these data remains uneasy.

Secondly, they do not predict metabolic networks used in metabolism modelling. Thus
system biologists working on these types of data have tested multiple methods to obtain
metabolic networks associated with these data.
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4.1.2 Metabolism and metabolic networks from gene markers
and their taxonomic affiliations

Several works have been performed to predict metabolic networks from metabarcoding.
For example, MACADAM, a database of metabolic networks of microbial taxonomic

groups (Le Boulch et al. 2019), has been constructed using PGDB reconstructed with
Pathway Tools.

Other attempts to infer metabolic networks from metabarcoding data used either the
closest known genomes and reconstruct the associated GSMN or already reconstructed
GSMNs.

The first approach retrieves the closest known genomes associated with the taxon.
Among the methods in this approach, the first one retrieves genomes associated with the
taxa, then extracts the corresponding genes (Cardona Uribe 2019). The genes are then
annotated with PATRIC (Wattam et al. 2017) and find enzymatic reactions. Then to pro-
duce a functional network, the networks are gap-filled in Kbase (Arkin et al. 2018). An-
other one, MMinte (Mendes-Soares et al. 2016) uses BLAST to map 16S rRNA sequences
to a genome. Then using the matched genome, a metabolic network is reconstructed us-
ing modelSeed. Then it takes all the inferred networks and studies them two by two to
evaluate the growth of interacting pairs of networks (Henry et al. 2010). But these ap-
proaches have issues as the closest available genome can diverge from the genome of the
wild organism. We have here the first issue with a limit in the available knowledge.

The second method relying on already reconstructed metabolic networks was used
in MetGEMS (Patumcharoenpol et al. 2021). Taxonomic affiliations of human gut mi-
crobiomes are used to predict networks with MetGEMs using a reference database of
818 GSMNs from AGORA database (Magnúsdóttir et al. 2017) with their associated
genomes. Other methods such as MIMOSA and MIMOSA2 (Noecker et al. 2016; Noecker
et al. 2022) linked OTU to three databases (KEGG by using output from PICRUSt,
AGORA (Magnúsdóttir et al. 2017) and embl_gems (Machado et al. 2018)). Then for
each metabolite, the tool predicts a score according to the abundance of the OTU for
the possibility of having a reaction producing or using this metabolite. Directly linking
taxon to already reconstructed metabolic networks can present issues. The wild organism
associated with the gene marker can exhibit different metabolism than known organisms
in the taxon. Here is a second issue: how can we estimate the metabolic capabilities
of a wild taxon? The content of a GSMN could be an over (or under) approximation of
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the metabolic capabilities of the taxon.
These methods rely on already reconstructed GSMN or closest genomes and have

limits. We have issues with the available knowledge: how can we estimate the function
of a taxon with few closest known organisms? And we have issues with estimating the
metabolic capabilities once we have found these known organisms. Because the wild organ-
ism is one organism among the ones present in the taxon, with the proteome information
of the known organisms in the taxon, we can have insight into what metabolic function
can be performed, but it will only be an estimation.

4.1.3 How to reconstruct TSMN (Taxonomic-Scale Metabolic
Network) from taxonomic affiliations

We have seen in the previous subsection that multiple methods have been developed
to explore the functions and the metabolism associated with taxonomic affiliations. But
most of the tools rely only on 16S rRNA, thus limiting the possible sequencing analysis
performed. This limitation is the first issue to handle; we need to develop a tool that can
be as flexible as possible and not related to a specific analysis.

There is a potential diversity in gene markers or other sequencing methods to be used.
It can be limiting to rely only on one gene marker. Furthermore, other metagenomics
methods produce data that could also be used. Thus the developed method needs to be
flexible in its input.

Issue: input data flexibility

When searching for the metabolic capabilities from a taxonomic affiliation, we have
to face the uncertainty of the taxonomic affiliation. It is the divergence between the
gene marker sequenced and the known genes, leading to ambiguous taxonomic affilia-
tions (such as unknown genus). This ambiguity will impact the method, forcing it to use
higher taxonomic ranks. But due to the taxonomic diversity, higher taxonomic ranks
correspond to older common ancestors and more diverged and diverse organisms. Then
more metabolic functions will be available, but they may be more divergent from the wild
organism.
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Furthermore, some analyses and methods have been proposed to estimate the
metabolism from input gene markers, but they face several issues. First, some methods
rely on the closest known genomes and can be impacted by knowledge bias.

Making an estimation for an organism according to a taxon is biased towards known
organisms, with some taxon being highly documented and others less or even not docu-
mented. The knowledge bias also applies according to the rank of the taxon considered,
with higher taxonomic rank being associated with higher diversity, known organisms are
more diverged from each other, and also most likely from the wild organism to model.

Issue: Knowledge bias

And other methods rely on known GSMNs to estimate the metabolic function of an
unknown organism. But this closest metabolism can be an over or under-approximation
of the metabolic capabilities of the unknown organism. Furthermore, depending on the
metabolic network reconstruction tools, it can add metabolic functions based on gap-
filling, thus overestimating what the unknown organism can do.

The putative metabolism of a wild organism (belonging to a given taxon) can be estimated
according to the known proteomes of its relatives (belonging to that taxon). From these
relatives’ proteomes, the estimation of the metabolic capabilities of the wild organism can
be achieved in multiple ways. First, a conservative option could be to only look at the
more conserved functions in the relative organisms. A second option could be to find all
the metabolic functions performed in the relative organisms to have a broader estimation.

Issue Estimating metabolic capabilities

The method needs to estimate the potential capabilities associated with a taxon ac-
cording to the data from the database. So there is another step that is required, to use the
estimated annotations to reconstruct a draft metabolic network associated with a given
taxonomic group, thus leading to a Taxonomic-Scale Metabolic network.
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Tools predicting functional profiles do not produce metabolic networks, are often lim-
ited to a gene marker. Furthermore, the existing methods to create metabolic networks
rely on selecting the closest genome or GSMNs from databases. This lead to two issues,
a knowledge bias as more studied species will have more knowledge available. And an
issue with the metabolic capabilities estimation from these biased knowledge. The
developed method must provide input flexibility, considering taxonomic affiliation rather
than being dedicated to a given type of raw sequence data. It should be possible to han-
dle knowledge bias over more or less documented taxa and allow metabolic capabilities
estimation.

Section summary

4.2 Estimating Metabolic Capabilities from
Taxonomic affiliations (EsMeCaTa)

To answer these issues, I have developed EsMeCaTa, a method to estimate metabolic
capabilities from a taxonomic affiliation.

EsMeCaTa takes as input a tabulated file containing two columns (example in Table
4.1. The first column is an identifier, and the second contains a taxonomic affiliation
(starting with the highest taxonomic rank, such as kingdom, to the lowest taxonomic
rank, such as species) as defined by the NCBI Taxonomy database (Schoch et al. 2020).
The inputs are processed using pandas (McKinney 2010).

The outputs of the workflow are, for each taxon (1) fasta files of all proteomes selected
by EsMeCaTa, (2) a fasta file of the shared proteins clustered by MMseqs2 from these
proteomes, and (3) a tabulated file containing the functional annotations associated with
its proteins (Gene Ontology Terms (GO), Enzyme Commission (EC)). Furthermore, Es-
MeCaTa creates output annotated files that can be used as input to Pathway Tools, thus
allowing to reconstruct draft Taxonomic-Scale Metabolic Network (TSMN).
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Figure 4.1 – EsMeCaTa workflow.
From a taxonomic affiliation, esmecata proteomes (step 1) searches for the lowest
taxonomic rank associated with proteomes on UniProt. Then esmecata clustering (step
2) clusters the proteomes using MMseqs2. Then esmecata annotation (step 3) annotates
the protein clusters by querying UniProt again.

To illustrate how the workflow works, EsMeCaTa was applied to the dataset presented
in the example Table 4.1.
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observation_name taxonomic_affiliation
Escherichia cellular organisms;Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacterales;Enterobacteriaceae;Escherichia
Citrobacter cellular organisms;Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacterales;Enterobacteriaceae;Citrobacter
Cronobacter cellular organisms;Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacterales;Enterobacteriaceae;Cronobacter

Lelliottia cellular organisms;Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacterales;Enterobacteriaceae;Lelliottia
Jejubacter cellular organisms;Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacterales;Enterobacteriaceae;Jejubacter

Edaphovirga cellular organisms;Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacterales;Enterobacteriaceae;Edaphovirga
Enterobacteriaceae cellular organisms;Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacterales;Enterobacteriaceae
Enterobacterales cellular organisms;Bacteria;Proteobacteria;Gammaproteobacteria;Enterobacterales

Gammaproteobacteria cellular organisms;Bacteria;Proteobacteria;Gammaproteobacteria
Plasmodium cellular organisms;Eukaryota;Sar;Alveolata;Apicomplexa;Aconoidasida;Haemosporida;Plasmodiidae;Plasmodium

Leucocytozoon cellular organisms;Eukaryota;Sar;Alveolata;Apicomplexa;Aconoidasida;Haemosporida;Leucocytozoidae;Leucocytozoon
Corallicola cellular organisms;Eukaryota;Sar;Alveolata;Apicomplexa;Conoidasida;Corallicolida;Corallicolidae;Corallicola

Acavomonas cellular organisms;Eukaryota;Sar;Alveolata;Colponemida;Acavomonidia;Acavomonas

Table 4.1 – Example of input taxonomic affiliations provided to EsMeCaTa. The first
column contains an observation name (for example, in metabarcoding data, it is often the
OTU name, here, it corresponds to the lowest taxon name in the taxonomic affiliations).
The second column contains the taxonomic affiliations (separated with ’;’ with the highest
taxonomic rank at the left and the lowest taxonomic rank at the right).

The results are presented in the following subsections detailing each step of the method.
They are also available in the Appendix Table 6.1.

4.2.1 Step 1: Retrieving proteomes from taxonomic affiliations

As we want to handle taxonomic affiliations from any gene marker and shallow shotgun
sequencing, to have an input data flexibility, EsMeCaTa relies on taxonomic affiliations.
Furthermore, this method can be used on a set of manually created taxonomic affiliations
allowing the user to study taxonomic groups of interest.

A taxonomic affiliation indicates the evolutionary history of life of a taxon. Then it
should be possible to identify the inherited functions that could be present in our wild
organisms. By using the taxonomic affiliation as a query on a database, it is possible
to find the set of knowledge associated with the taxon of interest. It is then possible
to estimate the knowledge bias of the current taxon. EsMeCaTa can find the number
of proteomes associated with the taxa described in the taxonomic affiliations by relying
on UniProt. It can select a given number of proteomes associated with a taxon through
different options. These proteomes will be used to estimate the capabilities of the wild
organism behind the taxonomic affiliation.

Step description

The first step of EsMeCaTa focuses on parsing the taxonomic affiliations to find the
proteomes associated with each taxon and then select the minimal taxonomic rank in the
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taxonomic affiliations associated with at least a proteome (Figure 4.2). Multiple substeps
perform this operation. The first converts taxon names in the taxonomic affiliations into
taxon IDs. The second substep disambiguates the taxon IDs identified. The third substep
applies the limit on the maximal taxonomic rank used (if the option has been selected, by
default, it is not used). Then using the resulting taxon IDs, the fourth step queries UniProt
to find the proteomes associated with each taxon ID. During the search of proteomes
on UniProt, two options can be used. A first option specifies the minimal number of
proteomes per taxon. Suppose there are fewer proteomes in the taxon than specified by
the minimal number of proteomes option. In that case, the current taxon of the taxonomic
affiliation is ignored, and the immediately higher taxonomic rank is considered. This
operation is recursively achieved until a higher-ranking taxon with enough proteomes can
be found. A second option regulates the maximal number of proteomes per taxon. A
subsampling procedure is performed if there are more proteomes than the maximal number
of proteomes per taxon option. These substeps are described in more detail below.
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Taxon names ProteomesTaxon IDs

7742

7776

436486

8782
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(if over, use the subsampling procedure)
(default = 100)

Figure 4.2 – EsMeCaTa annotation step workflow.

Converting taxonomic affiliations. The taxonomic affiliation is processed using the
ete3 python package (Huerta-Cepas et al. 2016) to associate a taxon ID (from the NCBI
taxonomy database) to each taxon from the affiliation.
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Taxon ID disambiguation. A taxon name can be associated with more than one taxon
ID (that we call ambiguous taxon). For example the taxon name Yersinia is associated
with taxon IDs 444888 (Yersinia mantid) and taxon ID 629 (Yersinia bacteria). In this
case, disambiguation will be performed by using the other taxon IDs present in the tax-
onomic affiliations and by comparing them to the lineage associated with the ambiguous
taxon IDs.

If we take the example of the taxonomic affiliation ’Bacte-
ria;Gammaproteobacteria;Yersinia’, Yersinia will be first associated with two taxon IDs.
Then EsMeCaTa will use ete3 to extract the lineage associated with these two taxon IDs:

— lineage of taxon ID 629 (Yersinia Bacteria): [1, 131567, 2, 1224, 1236, 91347,
1903411, 629]

— lineage of taxon ID 444888 (Yersinia mantid): [1, 131567, 2759, 33154, 33208,
6072, 33213, 33317, 1206794, 88770, 6656, 197563, 197562, 6960, 50557, 85512,
7496, 33340, 33341, 6970, 7504, 7505, 267071, 444888]

These lineages are then compared to the taxon IDs corresponding to the rest of the
taxonomic affiliation provided as input. In the Yersinia example, the rest of the input is
’Bacteria; Gammaproteobacteria’, which corresponds to the IDs [2, 1236]. The ambiguous
taxon (here Yersinia) is ignored in this comparison. Then the lineages are compared to
the IDs of the input taxonomic affiliation, looking for the best matching lineage. In the
example, lineages for ambiguous Yersinia IDs 629 and 444888 are compared to the input
affiliation. ID 629 is retained because its lineage contains IDs 2 and 1236 from the input
taxonomic affiliation. Whereas ID 444888 lineage does not include IDs 2 and 1236.

Limit highest taxonomic rank used. The option ’rank limit’ excludes the higher
taxonomic rank at this step. For example, suppose the maximal taxonomic rank is set
to ’family’. In that case, only the taxon with a taxonomic rank equal or inferior to the
genus will be selected, the other will be ignored. This selection fits the following ratio-
nales. Higher taxonomic ranks are associated with more available proteomes to analyze,
increasing calculations at each method step. Moreover, they are associated with a higher
organism diversity to interpret, increasing the difficulty of inferring a consistent set of
functions.

Querying Uniprot to find proteomes. Using these taxon IDs, queries against the
UniProt Proteomes database find the lowest-ranking taxon for which there is at least one
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proteome in the database. As the taxonomy is hierarchically classified in UniProt, when
searching for a taxon in the proteome database, the query will return all the proteomes
associated with an organism which is classified in this taxon.

Furthermore, to benefit from the work on UniProt and alleviate knowledge bias, Es-
MeCata uses the classification made by Uniprot on the proteomes between the reference
and non-reference proteomes (see definition in Appendix 6.2.1). First, EsMeCaTa will
prioritize the reference proteomes, but if none are available for the taxon, it will select the
non-reference proteomes. A second filter is also applied by selecting only the proteomes
with at least a BUSCO score of 80% to select proteomes with enough completeness. And
a third filter excludes the proteomes tagged by Uniprot as being redundant (Appendix
definition 6.2.2) and excluded (Appendix definition 6.2.3). For example, in figure 4.2, the
lowest taxonomic rank with proteomes is ’Aves’ with four proteomes.

Two options are applied during this substep, the minimal or maximal number of pro-
teomes per taxon. When searching for proteomes, it is possible to specify a minimum
number of proteomes associated with a taxon (by default, it is 1). For example, if five
is given to this option, EsMeCaTa will search for a taxon with at least five proteomes.
According to the example in the 4.2, this will not consider the taxon ’Aves’ as it is only
associated with four proteomes and selects the taxon Dinosauria, associated with 20 pro-
teomes. For the maximal number of proteomes per taxon, this option is associated with
the subsampling procedure presented below.

Subsampling proteomes. If the number of proteomes found is greater than the max-
imal number of proteomes per taxon (100 by default), only a subsample is downloaded.
The subsampling procedure aims to decrease the number of proteomes used while keeping
the taxonomic diversity presented in the taxon.

To achieve this, EsMeCaTa will look at the taxon selected. Then it will create a
taxonomic tree using this taxon as a root and the organism ID associated with each
proteome as a leaf. In this tree, EsMeCaTa will find all the direct child taxa of the root.
For each of these child taxa, it will compute the number of proteomes contained in these
taxa. This number of proteomes is divided by the total number of proteomes associated
with the root. The resulting number corresponds to the ratio of proteomes brought by the
child taxon to the root taxon (called child taxon contribution ratio). Using the threshold
given by the user (by default, it is 100), EsMeCaTa will apply this ratio to the threshold
to select a number of proteomes for each child taxon according to their computed ratio.
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Let’s take an example: taxon 1 is associated with 200 proteomes (which is above the
default threshold of 100). When looking at the child taxa of taxon 1 we have 4 direct child
taxa (taxon 2, taxon 3, taxon 4 and taxon 5). Taxon 2 is associated with 100 proteomes,
taxon 3 with 50 proteomes, taxon 4 with 40 proteomes and taxon 5 with 10 proteomes.
By computing the child taxon contribution ratio, we have 0.5 for taxon 2 (100/200), 0.25
for taxon 3 (50/200), 0.2 for taxon 4 (50/200) and 0.05 for taxon 5 (10/200). By default,
we will select 100 proteomes so that each ratio will be multiplied by 100. This results in
a random subsampling of 50 proteomes for taxon 2 (100*0.5), 25 proteomes for taxon 3
(100*0.25), 20 proteomes for taxon 4 (100*0.2) and 5 proteomes for taxon 5 (100*0.05).
This procedure ensures a proteome sampling consistent with the taxonomic diversity.

After these steps, the selected proteomes are downloaded.

Application to the example dataset

EsMeCata first step was applied to the dataset of Table 4.1. The results are shown in
Table 4.2. The column ‘Input‘ shows the lowest taxon names in the taxonomic affiliations
and the corresponding taxon ranks. This taxa selection aims to illustrate the uncertainty
in taxonomic assignments, as taxon assigned to the class, order or family ranks can be
considered input. Then the column ‘Taxa selected by EsMeCaTa‘ presents the taxon
selected by EsMeCaTa according to the available proteomes. And the column ‘Proteomes
selection (Busco ≥ 0.8)‘ indicates the total number of proteomes in UniProt (‘UniProt
total‘), the number of reference proteomes in UniProt (‘UniProt references‘) and the
number of proteomes selected by EsMeCaTa (‘EsMeCaTa proteomes‘).
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Input Taxa selected by EsMeCaTa Proteomes selection (Busco ≥ 0.8)
Lowest taxonname Taxon rank Taxon rank

used
Taxon name

used
UniProt

total
UniProt

references
EsMeCaTa
proteomes

Escherichia Genus Genus Escherichia 1,506 3 3
Citrobacter Genus Genus Citrobacter 138 2 2
Cronobacter Genus Genus Cronobacter 15 0 15

Lelliottia Genus Genus Lelliottia 5 0 5
Jejubacter Genus Genus Jejubacter 1 1 1

Edaphovirga Genus Family Enterobacteriaceae 2,435 42 42
Enterobacteriaceae Family Family Enterobacteriaceae 2,435 42 42
Enterobacterales Order Order Enterobacterales 3,028 129 96

Gammaproteobacteria Class Class Gammaproteobacteria 8,271 911 96
Plasmodium Genus Genus Plasmodium 67 17 17

Leucocytozoon Genus Order Haemosporida 68 18 18
Corallicola Genus Class Conoidasida 30 10 10

Acavomonas Genus Clade Alveolata 124 48 48

Table 4.2 – Proteomes found by the first step of EsMeCaTa on the example data of Table
4.1.

The selected taxonomic rank can be seen in the column ‘Taxa selected by EsMeCaTa‘
(Table 4.2). For 9 taxonomic affiliations, the selected taxon was the lowest possible taxon,
but for 4 taxonomic affiliations (in bold), EsMeCaTa had to select a higher taxonomic
rank as the lowest was not associated with a proteome respecting the filter criteria. This
difference illustrates the method behaviour concerning knowledge bias. Given an input
taxon without sufficient knowledge, it considers a taxon of higher rank instead. Using
higher rank taxon will increase the prediction uncertainty as more proteomes with more
diversity will have to be considered (see Proteomes selection for the Enterobacteriaceae,
Enterobacterales, and Gammaproteobacteria selected taxa)

The proteomes available per taxa are presented in the column ‘Proteomes selection
(Busco ≥ 0.8)‘ (Table 4.2). For some taxa, there were reference proteomes that could be
used and were selected (such as Escherichia). But for other taxa (such as Cronobacter),
no reference proteomes were available, so the downloaded proteomes corresponded to
non-reference proteomes. For 2 taxa (Enterobacterales and Gammaproteobacteria), there
were more than 100 proteomes, so the subsampling procedure was applied to select 96
proteomes. This result illustrates another outcome of the knowledge bias, genome quality
and quantity differ even considering genus as fixed taxonomic rank. While Escherichia
are the most documented genus, the Edaphovirga genus has no available proteome, and
modelling its metabolism will require considering more diverse proteomes from the family
Enterobacteriaceae. In other words, a taxon with less available knowledge will provide
much more uncertain inferences than a well-documented one.
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In this subsection, I have presented how EsMeCaTa retrieves proteomes by parsing the
taxonomic affiliations and performing knowledge engineering on UniProt to associate
proteomes with the taxon. This selection allowed us to find a set of proteomes associated
with a taxon that will be used in the next step.

Subsection summary

4.2.2 Step 2: Clustering proteins from the proteomes

To handle the issue with the estimation of metabolic capabilities, EsMeCaTa will
apply a clustering method on the proteomes. Then homologous protein clusters can be
sorted according to a threshold specifying the number of proteomes sharing the proteins
from the cluster. The threshold could be used to keep only the most conservative proteins
(proteins that are shared by most of the proteomes).

Step description

In the previous step 4.2.1, EsMeCaTa selects a taxon among the taxonomic affiliations
and retrieves the associated proteomes. Step 2 takes these proteomes as input and will
use a clustering method to find homologous protein clusters and then estimates how these
proteins are shared among the proteomes of the taxon, denoted as the representativeness
of the proteomes in the protein cluster. (Figure 4.3). The proteome representativeness of
each cluster indicates the proportion of the proteomes with at least one protein represented
in the cluster. This ratio provides a threshold for selecting only a subset of supposedly
well-conserved protein clusters or extracting a larger set of protein clusters. Thus proteome
representativeness close to 1 indicates a cluster in which proteins are shared in almost all
the known proteomes and are thus likely to be shared in any wild organism of the taxon.
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Figure 4.3 – EsMeCaTa clustering step.

Clustering methods. The workflow’s second part aims to identify proteins shared by
proteomes associated with a taxon. With the downloaded proteomes, EsMeCaTa performs
protein clustering using MMseqs2 (Steinegger et al. 2017) and selects clusters such that
proteins are shared by at least Pr% of the proteomes (this ratio is called the proteomes
representativeness). MMseqs2 was selected as it is one of the fastest tools to align huge
protein sequence sets.

The clustering uses as options a minimal sequence identity of 30 % and a coverage of
80%. The 30% of minimal sequence identity was chosen to search for homologs even if
this threshold can miss known homologs (Pearson 2013). For each cluster of proteins, a
consensus sequence is created.

Filtering protein clusters according to proteome representativeness. With the
previous step, we obtained numerous protein clusters. This step aims to filter these clusters
according to the proteome represented in each cluster. It is possible because we know for
each protein inside a cluster from which proteome it was extracted. Thus we can know
how many of the proteomes are represented in a given protein cluster. And by using this,
we can estimate if the protein cluster is present in all the proteomes or only one. To
represent this information, we computed the proteome representativeness Pr, which is
the ratio between the number of proteomes represented in the protein clusters and the
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total number of proteomes found by EsMeCaTa for the taxon.
For example, in Figure 4.3, the ratio for cluster 1 is 1 because it contains one protein

from each of the 4 proteomes associated with the taxon. For cluster 2, the ratio of proteome
representativeness is at 0.75 (as only 3 of the 4 proteomes are represented) and is 0.25
for cluster 3 (only 1 proteome is represented on 4). This ratio allows us to filter the
protein clusters according to the number of proteomes represented. Especially we can use
a clustering threshold that will select all the protein clusters with a ratio superior to or
equal to it. In Figure 4.3, we used the default threshold at Pr = 0.95 on the 3 clusters;
this led to the selection of cluster 1 as it is the only higher than 0.95.

If the threshold is at Pr = 0, it corresponds to the case where all protein clusters are
selected (called ’Pan-proteome’, abbreviated Pan-P, in reference to pan-genome). A second
threshold at Pr = 0.95 retains only the clusters containing a protein originating from at
least 95% of the proteomes (called ’Soft-core proteome’, abbreviated Soft-P). The third
threshold at Pr = 0.5 retains cluster containing proteins occurring in at least 50% of the
proteomes (called ’Shell-core proteome’, abbreviated Shell-P). For each protein cluster,
EsMeCaTa selects the representative protein (first sequence in the alignment made by
MMseqs2) to represent the cluster. The selected sequences of the representative proteins
and the consensus sequences are stored in a fasta file using biopython (Cock et al. 2009).

This ratio is computed for each protein cluster. We represent the number of protein
clusters associated with these ratios for the data of Table 4.1 in Figure 4.4.
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Figure 4.4 – Number of protein clusters according to proteome representativeness (ratio
of proteomes representation in protein cluster) for Bacteria (left) and eukaryotes (right).
The number of protein clusters is additive as we get closer to 0; this means that all the
protein clusters at 0.95 are also contained for the same taxon at 0. For example, for the
Shell-core proteome, we have a number of protein clusters having at least a ratio of 0.5,
meaning at least 50% of the input proteomes are represented in the protein cluster.

Application to the example dataset

The clustering step of EsMeCaTa was applied to the proteomes found in Table 4.2
(column ‘Proteomes selection‘). The result can be seen in Table 4.3. The column ‘Taxa
selected by EsMeCaTa‘ is the same as in the previous tables. The column ‘Protein clus-
ters (MMseqs2)‘ shows the number of protein clusters kept according to the proteome
representativeness ratio (0% for Pan-Proteome, 95% for Soft-core Proteome and 50% for
Shell-Core proteome).
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Taxa selected by EsMeCaTa Proteomes selection Protein clusters (MMseqs2)

Taxon rank
used

Taxon name
used

EsMeCaTa
proteomes Pan-P Soft-P Shell-P

Genus Escherichia 3 5,821 2,421 3,298
Genus Citrobacter 2 5,674 2,753 5,674
Genus Cronobacter 15 9,057 101 3,128
Genus Lelliottia 5 5,252 2,651 3,245
Genus Jejubacter 1 3,915 3,915 3,915

Family Enterobacteriaceae 42 25,822 415 2,581
Family Enterobacteriaceae 42 25,822 415 2,581
Order Enterobacterales 96 53,617 375 2,145
Class Gammaproteobacteria 96 85,797 329 1,183
Genus Plasmodium 17 21,287 1,276 4,263
Order Haemosporida 18 22,813 1,076 4,313
Class Conoidasida 10 46,959 76 1,326
Clade Alveolata 48 248,878 50 785

Table 4.3 – Protein clusters selected according to the proteome representativeness 0 (Pan-
P) 0.5 (Shell-P) and 0.95 (Soft-P), and using the proteomes found in the previous step
4.2.1.

In the column ’Protein clusters (MMseqs2)’ of Table 4.3, we observe that in general,
the size of the Pan-P increases with the number of selected proteomes, while the size of the
Soft-P decreases. The size of the Shell-P appears to be much more stable. In Figure 4.4,
we can see that the number of protein clusters kept increasing as the clustering threshold
decreased for both the Bacteria and eukaryotes taxa.

This result is consistent with the definitions of Pan and Soft-Core proteomes. However,
note that the low numbers of clusters selected in the Soft-Core proteome result from the
difficulty of finding shared proteins as the number of proteomes increases. Because with
more proteomes, it is possible that some of them lost some of the proteins during evolution,
or there is also a risk of increasing alignment errors. The high number of selected clusters
for the Pan proteome might reflect the diversity of the protein content within the whole
taxon, presumably resulting from specific adaptations and the misalignment of highly
diverged sequences.
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In this subsection, for each taxonomic affiliation, EsMeCaTa clustered the proteins from
the selected proteomes using MMseqs2. Then each cluster is analysed to compute the
proteome representativeness ratio Pr showing how many proteomes are represented
in each cluster compared to the total number of proteomes. These ratios are used to
estimate the protein clusters representative of the taxon as they are shared in at least
Pr% of the selected proteomes.

Subsection summary

4.2.3 Step 3: Associating annotation to protein clusters

EsMeCaTa has identified the proteins shared in the taxon with the protein conservation
threshold. Then it could be possible to find the functions associated with the protein
clusters. The combination of these functions leads to an estimation of the metabolic
potential of the wild organism.

Step description

The final step of the workflow annotates the protein clusters by querying the UniProt
database (GO, EC). In this step, annotations (protein name, gene name, Gene Ontology
terms, Enzyme Commission number, InterPro domain and Rhea reaction ID) associated
with all the proteins inside the selected proteomes are extracted from UniProt. This
extraction is represented in Figure 4.5 by the GO and EC associated with each protein
from cluster 1.
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Figure 4.5 – EsMeCaTa annotation step.

Using these annotations, EsMeCaTa will choose which annotations to propagate to
a given cluster according to a propagation threshold. An annotation is associated with
a cluster if the ratio of proteins associated with this annotation divided by the number
of proteins in the cluster is greater or equal to the propagation threshold (Pt%). For
example, the GO Term GO:0031424 is associated with 4 proteins from cluster 1 (all the
proteins of this cluster), so its ratio is 1. The GO Term GO:00302841 is assigned to 3
proteins, so its ratio is 3/4, 0.75. And finally, the EC number EC:3.5.3.15 is assigned to
1 protein on the 4 of cluster 1, so its ratio is 0.25.

By default, the propagation threshold is at 1, meaning an annotation is kept if it
occurs in all the cluster’s proteins. This filtering is a very conservative threshold, as any
missing functional annotation among the protein clusters will prevent the whole cluster
from being annotated. The propagation threshold can be set to 0, meaning that it will
use annotations from any proteins of the cluster (union of the annotations of a protein
cluster).

Application to the example dataset

The protein clusters found in the previous step (Table 4.3) have been annotated by
EsMeCaTa third step and the result can be seen in Table 4.4 using the default propagation
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filter of 1. The column ‘Functional annotation of clusters‘ presents the number of unique
GO Terms and EC numbers found for each taxonomic affiliation.

Taxa selected by EsMeCaTa Functional annotation of clusters
Taxon rank

used
Taxon name

used
Pan-P Soft-P Shell-P

GO EC GO EC GO EC
Genus Escherichia 2,183 866 1,661 679 1,906 792
Genus Citrobacter 2,013 772 1,835 708 2,013 772
Genus Cronobacter 970 677 0 12 600 603
Genus Lelliottia 1,993 756 1,784 687 1,884 718
Genus Jejubacter 1,983 837 1,983 837 1,983 837

Family Enterobacteriaceae 2,253 867 514 193 1,560 595
Family Enterobacteriaceae 2,253 867 514 193 1,560 595
Order Enterobacterales 2,475 1,010 487 175 1,383 512
Class Gammaproteobacteria 2,650 1,040 387 123 924 327
Genus Plasmodium 1,305 225 611 104 1,103 200
Order Haemosporida 1,327 259 546 95 1,090 199
Class Conoidasida 1,919 530 94 14 717 121
Clade Alveolata 3,746 924 42 7 418 76

Table 4.4 – Number of GO Terms and EC numbers retrieved for the protein clusters
found in previous step 4.2.2 and according to the proteome representativeness 0 (Pan-P)
0.5 (Shell-P) and 0.95 (Soft-P).

In the column ’Functional annotation of clusters’ of Table 4.4, the numbers of GOs
and ECs recovered follow the same trends and are systematically lower than the Pan-P,
Shell-P and Soft-P sizes.

Taxonomic-Scale Metabolic Network. By the end of the last method step, we have
functionally annotated sets of protein clusters. Among these proteins, we could have
enzymes that catalyse biochemical reactions, thus allowing us to study the metabolism
associated with the taxon. We propose to reconstruct draft Taxonomic-Scale Metabolic
Networks (TSMN), in reference to Genome-Scale Metabolic Network (GSMN). Notably,
in difference to GSMN, TSMNs are not coming from all the genes of a genome but from
the protein clusters found by EsMeCaTa (which represent proteins shared in Pr% of the
proteomes associated with the taxon). Thus, the network’s content will change according
to the chosen proteome representativeness ratio Pr. Indeed using the Soft-P(Pr=95%),
we will only extract the functions associated with enzymes significantly shared in the
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taxon. By using the Pan-P we can explore the panmetabolism of the taxon. The step
’EsMeCaTa annotation’ creates PathoLogic files that can be used as input to Pathway
Tools to reconstruct draft metabolic networks.

For each protein cluster, EsMeCaTa retrieves the functional annotations associated
with these proteins. Then for each annotation associated with the cluster proteins, we
compute the proportion of protein associated with it. Then the annotations occurring
among the proteins of the cluster with a greater proportion than a propagation threshold
Pt% are kept.

Subsection summary

To describe the metabolism of metagenomics data, EsMeCata takes as input taxonomic
affiliations. Thus it can be used in a wide range of situations, resulting from taxonomic
assignment following metagenomics and analysis of specific taxon. By relying on UniProt,
EsMeCaTa uses a reference protein database that allows to cover numerous species and
their proteomes. The taxonomic affiliation is browsed to find the taxon with the lowest
rank providing sufficient knowledge to interpret (default 1 proteome). Then EsMeCaTa
uses MMseqs2 to create cluster of protein sequences using sequence similarity to
identify homologs sequences. The method then selects protein clusters where Pr% of the
proteomes are represented (proteome representativeness ratio Pr). This way, EsMe-
CaTa estimates how representative is a protein cluster according to the proteomes of
relative organisms for the taxon. Then by querying UniProt, EsMeCaTa retrieves func-
tional annotations associated with the proteins and propagates them to the clusters
(according to a Pt% propagation threshold). This last step creates tabulated files (con-
taining annotations) and PathoLogic files. With the PathoLogic files, it is possible to
reconstruct draft Taxonomic-Scale Metabolic Network with Pathway Tools.

Section summary
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4.3 Application to metagenomics data from a biogas
reactor

Input dataset. The input dataset consists of data from an experiment on a biogas
reactor performed by collaborators from the UR OPAALE (INRAE, Rennes). This exper-
iment monitors the production of biogas (especially methane) in the reactor according to
variations in the organic matter (manure, apple, butter, casein) provided to the commu-
nity (Awhangbo et al. 2020). An illustration of the experiment can be seen in Figure 4.6.
The abscissa corresponds to time points, and the ordinate axis represents the quantity
of biogas produced. The inputs of the biogas reactor are described under the abscissa
according to the time point (manure, apple, butter, or casein). Furthermore, each time
point has been labelled as functional (in green) or non-functional (in red) according to the
reactor’s biogas production and environmental measures, such as the pH in the process.

We also have the result from an analysis of 16S rRNA gene sequencing for each time
point. So we have OTUs with taxonomic affiliations (made by FROGS (Escudié et al.
2018)) and the corresponding relative abundances of the OTU for each time point.
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Figure 4.6 – Measure of the biogas production in the biogas reactor experiment (Awhangbo
et al. 2020). The abscissa axis corresponds to the time points of the measure of the biogas.
Below the abscissa axis, the inputs of the biogas reactor over time are described. The
ordinate axis indicates the biogas production in NL.d-1, Normal litre per day, a unit used
to measure the gas production on a normal temperature and pressure (in our case 20◦ C
and 1 standard atmosphere), as the volume taken by the same quantity of gas can change
according to these two parameters. The bars in green correspond to time points where the
biogas reactor was labelled as functional, and the bars in red correspond to time points
where the biogas reactor was described as non-functional.

4.3.1 Predicting annotated protein clusters from taxonomic af-
filiations

Proteomes. We applied EsMeCaTa on the 587 OTUs found by FROGS (Escudié
et al. 2018). First, we got for each OTU the lowest taxonomic rank associated with at
least one proteome. Among the 587 OTUs, 12 were associated with Archaea and 575 were
associated with Bacteria.
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Figure 4.7 – Results of EsMeCaTa using default options on the biogas dataset.
A. EsMeCaTa workflow description. B. Distribution of the number of proteomes per OTU
found by EsMeCaTa according to the taxonomic rank used by EsMeCaTa. The default
subsampling at maximum 100 proteomes explains the distribution pick around 100 pro-
teomes. C. Distribution of the number of protein clusters with the default proteome rep-
resentativeness ratio Pr = 0.95%. D. Distribution of the annotation found by EsMeCaTa
for the OTU with default propagation threshold at Pt = 1. At the left the distribution of
the number of unique GO Terms according to the OTU, and at the right the distribution
of unique EC. The taxonomic rank is shown in colour in all the different graphs.

Proteomes selection. On average 33 proteomes per OTU were found. The distribution
of the results can be seen in Figure 4.7 B. The taxonomic ranks mostly selected by
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EsMeCaTa were genus, family and order. Also, among the OTU with 0-10 proteomes,
141 were associated with 1 proteome. The lowest the taxonomic rank (species (in blue)
or genus (in orange)) is, the least proteomes are available. When EsMeCaTa selects the
genus for a taxonomic affiliation, it often obtains less than 10 proteomes. But when higher
taxonomic ranks are selected, there is a greater number of proteomes retrieved. Most taxa
associated with family (in green) are associated with more than 10 proteomes. Finally,
the maximal number of proteomes cutoff was applied when more than 100 proteomes
were available. This is applied for the highest taxonomic rank (order in purple, class in
brown) when the taxonomic affiliation is linked to a poorly documented clade or has high
taxonomic assignment uncertainty.

Protein clustering. Then, EsMeCaTa used MMseqs2 to cluster the proteins contained
in these proteomes. For this experiment, we applied the threshold associated with the
Soft-Core proteome (proteome representativeness Pr = 0.95). On average, 984 protein
clusters were found by OTU. The distributions of protein cluster sizes is shown in the
Figure 4.7 C. For the lowest taxonomic rank, the proteome diversity was expected to be
low (proteomes in a genus are not expected to be highly diverging); thus, more protein
clusters are expected to be found (more proteins are likely shared by the genus). And
this was observed as the highest number of protein clusters per OTU (between 1,000
and 3,000) were mostly associated with genus taxonomic ranks (orange in Figure 4.7
C). Contrarily, for higher taxonomic rank, proteome diversity was expected to be more
important. Consequently, it was less likely that all the proteomes shared a protein. The
number of protein clusters was then lower (between 0 and 500) for the taxon associated
with higher taxonomic rank (order in purple, class in brown and superkingdom in rose in
Figure 4.7 C).

Protein cluster annotation. For each of the protein clusters selected in the previous
step, EsMeCaTa searched for functional annotations in UniProt (especially GO Terms and
EC numbers). We have an average of 589 unique GO Terms per OTUs and 199 unique
ECs per OTUs (Figure 4.7 D). Such as, in the previous paragraph, when EsMeCaTa
selects lower taxonomic ranks, there was less diversity among the selected proteomes.
This selection leads to more protein clusters and annotations in the Soft-Core proteome.
For example, genera were often associated with 500 to 1400 GO Terms and 150 to 600
EC numbers. And for higher taxonomic rank, more proteomes with more diversity led to
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fewer protein clusters in the Soft-Core proteome. Then fewer annotations were retrieved,
between 0 and 500 GO Terms and 0 and 200 ECs for the OTUs having the rank order
(brown in Figure 4.7 D).

Draft metabolic network. During the previous step, EsMeCaTa created PathoLogic
files for each OTU that were given as input to Pathway Tools. In this way, we were able
to reconstruct draft metabolic networks for each OTU with an average of 598 reactions
per OTU. The distribution of the number of reactions inferred by this step can be seen
in Figure 4.8. Following the annotation prediction of the Soft-Core proteomes, lower tax-
onomic ranks were associated with higher numbers of reactions (genus in orange). Higher
taxonomic ranks were linked to fewer reactions.

Figure 4.8 – Distribution of the number of reactions in each TSMN estimated for each
OTU. Colour corresponds to the taxonomic rank used by EsMeCaTa to retrieve the
proteome from a taxonomic affiliation.

Then we analysed the TSMN produced with the default option of EsMeCaTa. We
summed the abundance of OTUs having the reaction producing the methane (in Meta-
Cyc: ‘METHYL-COM-HTP-RXN‘) for each time point, and we compare these production
predictions to the variation of the measured biogas production (Figure 4.9).

We observe that the biogas production can be divided into two parts, also seen in
Figure 4.6. The first half from the first time points to time points VI, where the biogas
reactor shows a long period of stability with only two dysfunctions. In this first half, the
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methane predictions agree with measured productions. This suggests that methanogenesis
reactions are present in the TSMNs and that the methanogenic population size (sum of
OTUs abundances) might be a sufficient proxy to estimate the biogas reactor production.

The second half (after time points VI) is less stable, with more variations in biogas
production. The function of the biogas reactor was more chaotic as it was emptied and
reinoculated several times. From these times, the predictions and the measured produc-
tions are no more congruent.

Figure 4.9 – Summed relative abundance of the OTUs having methanogenesis reaction
in their draft TSMN (blue) and the measured production of biogas (orange) over time
points.

These TSMN will be used in the next Chapter 5 to study metabolic complementarity in
the biogas reactor community. Furthermore, EsMeCaTa predictions (with default option)
and OTUs abundances will be used in the next subsection 4.3.3 to compare the functional
and non-functional time points identified in the Figure 4.6.
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We have seen in this subsection the results of the prediction of EsMeCaTa on a dataset
from the taxonomic assignments of 16S rRNA gene sequences. We have seen the impact
of knowledge bias. Some OTUs were associated with lower taxonomic rank, thus having
more protein clusters and annotations in their Soft-Core proteomes. Inversely, other OTUs
were associated with higher taxonomic ranks and had more proteomes but fewer protein
clusters and annotations in their Soft-Core proteomes. This pattern reversed when we
decreased the proteome representativeness ratio to select the Pan-proteome. Finally, an
analysis of the abundance of TSMN having a methane-producing reaction was performed,
suggesting that methanogenesis reactions are present in the reconstructed TSMNs.

Subsection summary

4.3.2 EsMeCaTa predictions according to different options

To explore the metabolism associated with the taxon of the biogas dataset, we investi-
gated the effect of selecting different proteome representativeness ratios. Also, to avoid the
fact that some OTUs were associated with only one proteome or with taxonomic rank too
high to have enough protein clusters (subsection 4.3.1) several constraints were imposed
on the proteome selection of EsMeCaTA.

First, the minimal number of proteomes for a taxon was increased from 1 to 5. In this
way, EsMeCaTa will only select taxon when they are associated with at least 5 proteomes.
If they are associated with fewer proteomes, EsMeCaTa will search for the proteomes of
a higher taxon in the taxonomic affiliation.

A second option was applied, the maximal taxonomic rank selected by EsMeCaTa.
By default, this option was not used. In the runs presented in this subsection, we tuned
this option to choose only three taxonomic ranks: species, genus and family. This means
that EsMeCaTa will search for proteomes associated with the OTU up to the family. If no
proteomes validating the other options are found, the OTU will be ignored. This procedure
will remove OTUs that belong to poorly documented taxa or have high uncertainty in
their taxonomic affiliations. One possible issue of keeping them will be having very few
protein clusters due to the high diversity among the selected proteomes, as EsMeCaTa
had to use higher taxonomic ranks.

These constraints led to a decrease in the OTU used from 587 to 362 as EsMeCaTa
could not find taxon with proteomes satisfying the constraints for 225 taxonomic affilia-
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tions.
Due to the combination of options, the major taxonomic rank used by EsMeCaTa to

find proteomes was the family (Figure 4.10 A). On average, 39 proteomes were associated
with an OTU using these options. This average is superior to the average number of
proteomes (33 proteomes per OTU) found with the default option. Still, the same patterns
that were identified with the default options were retrieved here. The higher taxonomic
rank (here, the family) was associated with more proteomes, and the lower taxonomic
ranks (species and genus) were linked to fewer proteomes (Figure 4.10 A).
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Figure 4.10 – Results of EsMeCaTa on the biogas dataset with specific options.
A. Proteomes distribution with maximal taxonomic ranked limit at family and a minimal
number of proteomes at 5. Distribution of protein clusters for: B. Pan-proteome (Pr = 0),
C. Shell-Core Proteome (Pr = 0.5) and D. Soft-Core proteome (Pr = 0.95). Distribution
of EC numbers retrieved for: E. Pan-proteome (Pr = 0), F. Shell-Core Proteome (Pr =
0.5) and G. Soft-Core proteome (Pr = 0.95).
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The clustering of the proteins was performed with 5 proteome representativeness ra-
tios (Pr = 0, Pr = 0.25, Pr = 0.5, pr = 0.75 and Pr = 0.95). Three are shown in the
Figure 4.10 (B Pr = 0, C Pr = 0.5 and D Pr = 0.95) as the ratios Pr = 0.25 and
Pr = 0.75 presented similar distribution than the ratio Pr = 0.5 . The proteome rep-
resentativeness ratio for the Soft-core proteome (Pr = 0.95) presented a similar pattern
to the one analysed with the default options. Higher taxonomic ranks (family in green)
were associated with fewer protein clusters than lower taxonomic ranks (genus in orange).
For the Shell-Core proteome, this was still true. But as the proteome representativeness
ratio decreased, this pattern reversed. And with the Pan-proteome, this was completely
reversed. Higher taxonomic ranks were associated with more protein clusters, and lower
taxonomic ranks were associated with fewer protein clusters. This result was expected as
the Pan-proteome keeps all the protein clusters, and as higher taxonomic ranks are asso-
ciated with more proteomes and high proteome diversity, they have more protein clusters.
For example, in the Pan-proteome, all the OTUs with more than 40,000 protein clusters
were associated with the family taxonomic rank.

As we have more proteomes and protein clusters than the experiment with proteome
representativeness Pr = 0.95, we used a lower annotation propagation threshold Pt. By
default, it is at Pt = 1, meaning that annotation associated with a protein cluster must
be present in all the proteins of the protein cluster. It has been lowered to Pt = 0.25,
meaning that an annotation is associated with a protein cluster when 25% of the protein
in the cluster have this annotation.

Then EsMeCaTa annotates the protein clusters found for each proteome representa-
tiveness ratio. The same pattern as the one observed with protein clusters was observed
for the number of GO Terms and the number of EC (but only EC numbers are shown in
Figure 4.10 E, F and G).

Then we reconstructed for each proteome representativeness ratio the corresponding
draft TSMN. We used the output annotations of EsMeCaTa and gave them as input to
Pathway Tools.

160



4.3. Application to metagenomics data from a biogas reactor

0.0 0.25 0.5 0.75 0.95
Proteome representativeness ratios

0

500

1000

1500

2000

2500

3000

3500

4000

N
u
m

b
e
r 

o
f 

re
a
ct

io
n
s

Figure 4.11 – Distribution of the number of reactions inferred by Pathway Tools for
the 362 OTUs by using the annotations found by EsMeCaTa according to the proteome
representativeness ratio Pr.

The number of reactions increased with the decrease of the proteome representa-
tiveness ratio 4.11. As we can see, the number of reactions for the Soft-Core proteome
(Pr = 0.95) is around 500, whereas the number of reactions in the metabolism is around
2,000 for the Pan-proteome. In this way, we have different sets of reactions, one represent-
ing the metabolic potential that is shared by most proteomes of the taxon (Pr = 0.95, the
Soft-core metabolism). And another represents most of the known metabolic potential of
the taxon (Pr = 0.0, the Pan-metabolism).
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In this section, we have explored some EsMeCaTa options and their impacts. The minimal
number of proteomes per taxon and the limit on maximal taxonomic rank constrained
the taxon used. These options impact the predictions by decreasing the number of OTUs
for which EsMeCata found proteomes. Less OTUs were selected and the taxonomic af-
filiations kept were the ones associated with more knowledge on UniProt. The proteome
representativeness ratio allowed the selection of different numbers of protein clusters to
model either the Pan, Shell-Core or Soft-Core proteomes. The Pan-proteome was associ-
ated with a higher number of reactions as most of the available metabolic knowledge was
associated with a taxon. With the Soft-Core proteome, fewer reactions were associated
following the number of protein clusters well represented in the different proteomes.

Subsection summary

4.3.3 Prospectives: Applying Machine Learning on EsMeCaTa
results

This subsection presents preliminary results on the EsMeCaTa outputs. It especially
uses a method still in development by Baptiste Ruiz, a PhD student at the IRISA (su-
pervised by Yann Le Cunff) and not published. So it must be considered as a prospective
analysis to test the utility of EsMeCaTa results for Machine Learning classification.

Analysing OTU abundance. A first analysis based on the abundance of OTUs was
performed using the classification developed in DeepMicro (Oh et al. 2020), especially the
random forests. The random forest goal was to classify the samples (here, time points of
the experiment) according to the state of the biogas reactor (either functional or non-
functional). Then the classification results were analysed with metacoder (Foster et al.
2017) to visualise the taxonomic classification of the discriminant OTUs of the classi-
fication. To differentiate the discriminant OTUs in functional or non-functional biogas
reactor states, we compared the average abundance of the OTUs between the two sets of
time points. We separated the OTU depending on whether they were more abundant in
the functional or the non-functional biogas reactor.

The Random Forest classification was run 20 times. It achieved the classification of
the samples with an average AUC of 0.82. First, two separated taxonomic groups have
been identified for the functional biogas reactor (Figure 4.12 A), one associated with
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Bacteria and the other with Archaea. This first result is expected as both Bacteria and
Archaea are needed to produce methane (Bacteria performed the first steps of organic
matter degradation, and Archaea performed the last step of methanogenesis). We can
see that the most important taxonomic groups according to the Random Forests are the
Clostridiales (among them the Ruminococcaceae), the Bacteroidales, the Synergistaceae,
the Lactobacillales and the Methanomicrobia.
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Figure 4.12 – A. Metacoder tree representation of the taxonomic classification of the 84
most important OTUs according to the Random Forests classifiers for functional biogas
reactor according to the average importance outputted by the classifier. These 84 OTUs
are also more abundant on average in the samples from the functional biogas reactor than
in the non-functional biogas reactor. B. Revigo Tree map on the 110 GO Terms determined
as most important annotations by the Random Forests for functional biogas reactor
according to the average importance outputted by the classifier. The 110 GO Terms are,
on average, more abundant in the functional biogas reactor than in the non-functional
biogas reactor. C. Metacoder tree representation of the taxonomic classification of the
56 most important OTUs for the Random Forests classifiers for non-functional biogas
reactor according to the average importance outputted by the classifier. These 56 OTUs
are also more abundant on average in the samples from non-functional biogas reactors
than in the functional biogas reactor. D. Revigo Tree map on the 20 GO Terms determined
as the most important annotations by the Random Forests for non-functional biogas
reactor according to the average importance outputted by the classifier. The 110 GO
Terms are, on average, more abundant in the non-functional biogas reactor than in the
functional biogas reactor.

164



4.3. Application to metagenomics data from a biogas reactor

For the non-functional biogas reactor (Figure 4.12 C), the most striking result was the
absence of Archaea (let us recall that Archaea are needed to produce methane). The most
important groups discriminating non-functional reactors against the functional ones were
the Sphaerochaeta, some Clostridiales and some Bacteroidales.

By comparing the two figures, we could see differences in the presence of some taxo-
nomic groups. First, there was a higher diversity of discriminating OTUs in the functional
compared to the non-functional biogas reactor. For example, the Clostridiales were im-
portant for both functional and non-functional biogas reactors. Still, there was a higher
number of Clostridiales ranked as a discriminant in the functional biogas reactor, espe-
cially the Ruminococcaceae.

Analysing annotations abundance. In a second analysis, we used another classifica-
tion method currently developed by Baptiste Ruiz, supervised by Yann le Cunff (IRISA,
Rennes). So the details of the method will not be discussed in this manuscript. Instead
of classifying the OTU according to their abundance, it classifies the annotations found
by EsMeCaTa by specifying a score combining OTU abundance and annotation occur-
rences. This classification was performed on the GO Terms and the EC numbers. Then
the discriminant GO Terms separating functional and non-functional biogas reactors were
visualised using Revigo (Supek et al. 2011). Again we separated them according to the
difference between the average abundance of the annotation in the sample associated with
a functional reactor compared to the non-functional reactor.

The Random Forest classification was run 20 times. It achieves the classification of
the samples with an average AUC of 0.92, suggesting that a more discriminant signal can
be found when comparing the samples’ annotations than when comparing the samples’
OTUs. For the GO terms classified as important by the classifier and more abundant in
the samples associated with functional biogas reactor (Figure 4.12 B), we can see that
some GO Terms are directly related to methanogenesis. Indeed we have the GO Term
‘methanogenesis‘ and other GO Terms associated with metabolites close to the methano-
genesis pathway shown in bold (‘F420-0 metabolic process‘, ‘tetrahydromethanopterin
biosynthetic process‘ and ‘methanofuran biosynthetic process‘). This validated the results
found from the OTU abundance because the discriminant annotations selected here were
directly associated with methane production.

We had very few discriminating GO Terms (20) for the GO terms classified as impor-
tant by the classifier and more abundant in the samples associated with non-functional
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Part II, Chapter 4 – Estimating metabolic capabilities from taxonomic affiliations

biogas reactor (Figure 4.12 D). These GO Terms are still analysed.

From the annotation predicted by EsMeCaTa for 587 OTUs and the OTUs abundances,
we could discriminate OTUs and annotations according to the state of the biogas reactor
(functional or not). Using the OTUs, we were able to identify a subset of OTUs more
present and discriminant for a functional biogas reactor which seemed plausible as it
contains Bacteria associated with methanogenic Archaea. Then we could also identify a
sub-set of Bacteria which seemed more present in a non-functional biogas reactor. For the
annotations, the separation between functional and non-functional biogas reactors was as-
sociated with annotations linked to methanogenesis and methane synthesis. Furthermore,
we were able to identify other functional annotations that could help to understand bet-
ter the difference between a functional and a non-functional biogas reactor. These results
also showed that the Soft-Core proteome estimated by EsMeCaTa provided meaningful
biological signals.

Subsection summary

In this application, we have shown the result of EsMeCaTa on an experiment using
metabarcoding to study the functionality of a biogas reactor. First, EsMeCaTa retrieved
the set of protein cluster and functional annotations associated with the different
taxonomic affiliations from the metabarcoding. We also performed an experiment to show
the impact of EsMeCaTa options on its predictions. Then by using machine learning
methods on these results, we were able to classify the samples from functional to non-
functional biogas reactors. Looking at the OTU abundance, one of the main differences
was that methanogenic Archaea were more abundant in the functional reactor than in
the non-functional one. By examining the annotations produced by EsMeCaTa, we found
that methanogenesis GO terms discriminated the functional biogas reactor, suggesting
that EsMeCaTa produced relevant annotations.

Section summary
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4.4. Conclusion

4.4 Conclusion

Contribution

This chapter presents a new method to estimate metabolic capabilities from taxonomic
affiliations. The goal of this method was to satisfy the need to infer draft metabolic
networks from metabarcoding data. The taxonomic affiliations were selected as input
because they can be created from numerous sequencing methods (metabarcoding from
any gene markers, shallow shotgun sequencing) but can also be manually created to work
on taxon of interest. The method searches for the lowest possible taxonomic rank in
the taxonomic affiliations to associate proteomes with the corresponding taxon. Then
it creates, by clustering the proteomes, a set of protein clusters that can be described
as representative of the taxon (according to the representation of the proteomes in the
protein clusters). By finding these protein clusters and their annotations, we could identify
the enzymes among them.

To that end, I implemented this method in the python package EsMeCaTa. From
a taxonomic affiliation, EsMeCaTa finds the lowest taxonomic rank associated with
proteomes in UniProt. Then a clustering is performed on the proteins in these pro-
teomes with MMseqs2. This step creates a set of protein clusters for each taxonomic
affiliation. Then these protein clusters are filtered according to the number of input pro-
teomes represented in them. In this way, detecting proteins conserved in numerous pro-
teomes is possible. Then these protein clusters are functionally annotated by querying
UniProt. With the output of EsMeCaTa, it is possible to reconstruct draft Taxonomic-
Scale Metabolic Networks.

This method was applied to a biogas reactor dataset. In this experiment, the biologists
attempted to separate functional from non-functional biogas reactors to identify the or-
ganism associated with these differences. To that end, abundances of OTUs were available
for different time points (labelled as being associated with a functional or non-functional
biogas reactor). Using the taxonomic affiliations of the OTUs, EsMeCaTa was able to
predict functional annotations related to each OTU. We saw that the taxonomic rank
selected by EsMeCaTa impacted the following predictions. With the default option and
the search of the Soft-Core proteomes, lower taxonomic ranks were associated with fewer
proteomes and a higher number of annotated protein clusters. In contrast, higher taxo-
nomic ranks were associated with higher numbers of proteomes and less annotated protein
clusters. Furthermore, we were able to reconstruct draft Taxonomic-Scale Metabolic Net-
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Part II, Chapter 4 – Estimating metabolic capabilities from taxonomic affiliations

works that allow studying metabolisms of taxa. This will be used in the next Chapter 5
to study the metabolic interactions in the community.

Following this run of EsMeCaTa with default options, a second experiment was per-
formed with different options to constrain the number of selected proteomes. This change
led to similar results to the ones of the Soft-Core proteome. We also studied the Pan-
Proteome and found that it produces opposite results to the Soft-Core proteomes. Indeed
with the Pan-Proteome, lower taxonomic ranks were associated with fewer protein clus-
ters than higher taxonomic ranks. This observation can be interpreted in terms of taxa
diversity, which is more significant for higher taxonomic ranks, and functional diversity,
which is wider for the Pan-proteome.

Then using machine learning, we were able to separate samples between functional or
non-functional biogas reactors according to the OTU abundance in the first experiment
and according to the annotations found by EsMeCaTa in the second experiment. Dis-
criminating OTUs and annotations were linked to methane production, highlighting the
identification of meaningful biological signals.

Limits and improvements

Despite the validation presented in the previous paragraph, it is important to keep
this method’s limits in mind. Indeed this method is sensitive to numerous biases.

The first is that methods estimating function for unknown wild organisms often use
known cultivated species. But these species, despite being in a similar taxonomic group,
can have different functions and adaptations. We try to limit this by considering the
proteins shared inside a taxon, but this does not allow us to study the specific functions
of an unknown species.

A second one is a limit to the knowledge available. EsMeCaTa relies on several
databases (NCBI taxonomy, UniProt); thus, it will only be able to predict what is known
and what is present in these databases. Also, some species are far more studied than oth-
ers; then, some groups will be more annotated than others. A possible way to fix this issue
is to propagate the known annotations (like the one performed in Chapter 3). A possible
way of propagating such annotations could be to created a set of annotated sequences
that could be given as input to the clustering step. It is possible to create such data using
the Enzyme Expasy and the UniProt databases. With the first one, we have access to
Enzyme Commission number and with the second one, we have access to the associated
protein sequences. It is possible to create a consensus sequence for each Enzyme Commis-
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sion number. Then during the clustering step on the proteome the consensus sequences
could be given as a supplementary input to identify sequence. Then all protein clusters
containing one consensus sequence will be annotated by this method.

A third issue with the method is the time needed. Indeed this method takes more than
a day for a dataset of 500 OTUs. The bottlenecks are the multiple queries to UniProt and
the clustering of sequences. One way to fix this issue could be to create a database for
each taxonomic rank, but with this, we lose the advantage of using the newest version of
the different databases.

A fourth issue is the databases used. Indeed we rely on the NCBI Taxonomy database,
but the user could prefer to provide taxonomic affiliations from a different database (for
example, the GBIF taxonomy (GBIF Secretariat 2021)). If this is the case, EsMeCaTa
will likely be unable to work as it will not recognize the taxa. An improvement would
be to take this information into account. One possible way could be to use Taxonbridge
(Veldsman et al. 2022) as it tries to combine the two databases.

A way to improve EsMeCaTa could be to identify the set of EsMeCaTa options that
allows for finding a better intersection between its prediction and the proteins present
in a MAG or a complete genome. This comparison could select the best parameters to
extract the estimated proteins when working on environmental samples.

Perspectives

EsMeCaTa allows working on new datasets to perform metabolic analysis by estimat-
ing the metabolic capacities from a taxonomic affiliation. But it also permits to study of
the set of shared proteins among large taxonomic groups. It could permit analysis of the
known and unknown functions of organisms. The clustering method identifies groups of
probable homologous proteins. Multiple analyses could be performed on these groups. A
perspective could be exploring the shared domain among these sequences using multiple
alignment tools. But this surely needs to tune the parameters used by MMseqs2 on the
clustering to identify relevant domains. But such analysis could propose exploring the
protein domain diversity among taxonomic groups and refining the protein cluster anno-
tations. The current perspective of the method relies finally on the generated TSMNs,
which will be used to test metabolic interactions in the community. In Chapter5 the Es-
MeCaTa outputs will be used to identify key species in the biogas reactor according to
metabolic complementarity.

A second perspective could be to add more information for EsMeCaTa during the
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selection of proteomes. We rely on data from UniProt to select proteomes, but other
knowledge could be used. We could improve the prediction by selecting proteomes of
organisms living in the same condition as the conditions of the wild organisms. We need
to add living conditions knowledge to this method to achieve this. This knowledge could
be added using databases containing this information, such as BacDive (Reimer et al.
2022). By combining UniProt and BacDive, it could be possible to create a more realistic
estimation of metabolism.
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Chapter 5

IDENTIFICATION OF KEY SPECIES IN

MICROBIOTA USING METABOLIC

COMPLEMENTARITY

In the previous Chapter 4, I presented a method to estimate metabolic capabilities
from taxonomic affiliations to answer the need to predict metabolic networks from metage-
nomics data. I estimated the metabolism for a set of taxonomic affiliations from 16S rRNA
gene sequencing on a community from a biogas reactor. Now, the issue is to be able to
study the metabolic interactions between the members of the community.

Several methods exist to study the possible metabolic interactions between GSMN.
Still, they often rely on functional GSMN (GSMN that can produce biomass), and they
often have issue handling large-scale microbiota. To address these issues, I have partici-
pated in the development of a new method in collaboration with Clémence Frioux (INRIA,
Bordeaux), called Metage2Metabo. The goal of this method is to identify key species for
the production of target metabolites in a community. By using genomes as input, it is
possible to study large-scale microbiota thanks to parallel computing. Then topological
analysis finds the metabolites producible by the individual organisms and the community.
Then it identifies the organisms that collectively achieve the target metabolite production.

I will present this method and its application to find the key taxa involved in the
organic matter degradation in the biogas reactor experiment presented in the previous
Chapter 4. The first two sections (which present the method) have been extracted from
the article published in eLife (Belcour et al. 2020a).
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5.1 Predicting metabolic interactions in community

5.1.1 Metabolic interactions between GSMNs

Studying the interactions inside a microbial community is possible thanks to the im-
provements in metagenomics. In the previous Chapter 4, I investigated the possibility to
reconstruct hundreds or thousands of genomes from environmental samples (Pasolli et al.
2019; Forster et al. 2019; Zou et al. 2019; Stewart et al. 2018; Almeida et al. 2021). Also,
it has been shown in the previous Chapter 4 that it is possible to reconstruct metabolic
networks from taxonomic affiliations.

Organisms interactions. There are multiple possible interactions between organisms
as seen in subsection 1.5.1. Some have a negative impact on the participants, such as com-
petition with either direct competition for a resource (interference competition) or an
indirect impact as the organisms use the same resource called exploitation competition
(Birch 1957). There are also positive interactions for one or the two participants, such
as cross-feeding where organisms exchange elements. Multiple cross-feeding types have
been proposed (Smith et al. 2019) according to how and what is exchanged. This cross-
feeding can become mandatory, such as some syntrophic interactions where two organisms
are in a mandatory relationship to exchange compounds for their growth. The dependen-
cies can occur after gene loss such as proposed in the Black Queen Hypothesis (J. J.
Morris et al. 2012; Mas et al. 2016). In this hypothesis, some metabolic functions can be
costly for an organism to maintain, and their loss thus provides a selective advantage.
Organisms maintaining these functions provide a "public good" useful for a part of the
community. Some organisms (called helpers) will keep these functions and help the com-
munity by providing these functions. These interactions are also defined as commensalism
interactions. In this regard, these organisms can be seen as keystone species, meaning
that the community will dramatically change if they are removed. The other organisms
depending on these helpers are called auxotrophs as they can not synthesise metabolites
essential for their growth and require other sources for these metabolites.

Metabolic interactions. To unravel such interactions between species, it is necessary
to go beyond the functional annotation of individual genomes and interpret metagenomics
data in terms of metabolic modelling. The main challenges impeding mathematical and
computational analysis and simulation of metabolism in microbiomes are the scale of
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metagenomic datasets and the incompleteness of their data. Indeed, reconstructing all
the GSMNs corresponding to the hundreds or thousands of genomes from an environ-
mental sample sequencing can be challenging. Some tools have been developed to fastly
reconstruct metabolic networks, especially by using a top-down approach (from a uni-
versal model), such as CarveMe (Machado et al. 2018) or gapseq (Zimmermann et al.
2021). But they often rely on gap-filling approaches to produce functional GSMN, which
can be an issue if we want to model auxotrophic organisms. Indeed, as mentioned above,
such organisms took selective advantage of a function loss and relied on other organisms’
products to grow. Gap-filling, in this case, could interpret the function loss as an artefact
to be corrected. Furthermore, these methods work on Bacteria and Archaea; thus, such
analysis of eukaryotes is challenging. So new methods to reconstruct large-scale metabolic
networks could be used.

Reconstructed GSMNs are a resource to analyse the metabolic complementarity be-
tween species, which can be seen as a representation of the putative cooperation within
communities (Opatovsky et al. 2018). Most of the methods to study metabolic interactions
rely on constraint-based modelling and predict interactions from pairwise comparisons to
associate GSMNs in small communities (Chan et al. 2017; Zomorrodi et al. 2012; Khan-
delwal et al. 2013; Bauer et al. 2017; Mendes-Soares et al. 2016). SMETANA (Zelezniak
et al. 2015) estimates the cooperation potential and simulates flux exchanges within com-
munities. It has been applied to communities with up to 40 members (Machado et al.
2021). Recently new methods were developed to study the metabolic interactions for
bigger communities such as MICOM (Diener et al. 2020) or the "Microbiome Modeling
Toolbox" (Baldini et al. 2019).

However, these tools can only be applied to communities with few members, as the
computational cost scales exponentially with the number of included members (Kumar
et al. 2019). Only recently has the computational bottleneck started to be addressed (Di-
ener et al. 2020; Baldini et al. 2019). In addition, current methods require GSMNs of
high quality to produce accurate mathematical predictions and quantitative simulations.
Reaching this level of quality entails manual modifications to the models using human
expertise. This curation is not feasible at a large scale in metagenomics. Automatic recon-
struction of GSMNs scales to metagenomic datasets but comes with the cost of possible
missing reactions and inaccurate stoichiometry that impede the use of constraint-based
modelling (Bernstein et al. 2019). Therefore, the development of tools tailored to analyse
large communities is needed.

173



Part II, Chapter 5 – Identification of key species in microbiota using metabolic complementarity

5.1.2 Metabolic interactions in large-scale microbiota

Methods have been developed to reduce a large-scale community in a minimal set
of organisms selected to produce specific metabolites. For example, (Eng et al. 2016)
has developed CoMiDA to select a group of species producing the desired targets. This
non-compartmentalised method allows the exchange of metabolites between organisms
without any cost. This community formalism is called the mixed-bag (Henry et al. 2016).

Other methods were developed to study metabolic interactions in the community
by using the network expansion algorithm (Ebenhöh et al. 2004). By using it, MiSCoTo
(Frioux et al. 2018a) computes the metabolic potential of interacting species and performs
community reduction. It has been applied to select symbionts in the bacterial commu-
nity associated with the Ectocarpus siliculosus (Burgunter-Delamare et al. 2020). But
this method requires GSMN associated with each organism and thus requires a way to
reconstruct GSMNs on a large scale. Furthermore, it allows community reduction for a
set of target metabolites. But it is possible that one does not have target metabolites and
wants to study the metabolic potential of the community. A new method is required to
perform such analyses.

To identify the interactions among the ecosystems, we need to study the metabolic po-
tential at the organism communities’ scale. Such analysis faces two scalability issues,
inferring the organism GSMNs and modelling the metabolic interactions for large-
scale microbiota.

Issue on scalability for large-scale community

As an increasing amount of complete genomes and Metagenome-Assembled genomes
(MAG) are currently reconstructed, there is an emerging need to study the metabolic
potential of the corresponding communities. In this chapter, I present a method allowing
to scale up to the size of metagenomic communities and designing the putative minimal
communities which can achieve targeted metabolite productions. Furthermore, it can also
estimate the metabolic potential of the community.
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We need to find the metabolic potential of the microbiota communities. To this
end, we first have to reconstruct organism GSMNs for a large number of input genomes,
applying methods scaling up to the complexity of metagenomic data. Then we will need
to assess the individual metabolic potential of each GSMN and examine the possible
interactions between all the GSMNs. By combining these pieces of information, we will
be able to identify the species of interest in the community and the metabolic potential
of the community.

Section summary

5.2 Metage2Metabo: identification of key species ac-
cording to metabolic complementarity

Metage2Metabo is a solution that performs automatic GSMN reconstruction and
systematic screening of metabolic capabilities for up to thousands of species for which
an annotated genome is available. It can also directly take as input already recon-
structed metabolic networks such as the one created by Pathway Tools on EsMeCaTa
outputs (as done in section 4.3.1). The tool computes both the individual and collective
metabolic capabilities to estimate the complementarity between the metabolisms of the
species. Metabolism complementarity is determined to satisfy a particular metabolic ob-
jective, which typically is the production of targeted metabolites that need cooperation.
Metage2Metabo performs a community reduction step that aims at identifying a minimal
community fulfilling the metabolic objective and outputs the set of associated key species.
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Figure 5.1 – Overview of the Metage2Metabo pipeline. Main steps of the M2M
pipeline and associated tools. The software’s main pipeline (m2m workflow) takes as in-
puts a collection of annotated genomes that can be reference genomes or metagenomics-
assembled genomes. The first step of Metage2Metabo consists in reconstructing metabolic
networks with Pathway Tools (step 0). This first step can be bypassed, and GSMNs (or
TSMNs) can be directly loaded in Metage2Metabo. The resulting metabolic networks are
analysed to identify the individual (step 1) and collective (step 2) metabolic capabilities.
The addedvalue of cooperation is calculated (step 3) and used as a metabolic objective to
compute a minimal community and key species (step 4). Optionally, one can customise
the metabolic targets for community reduction.

Metage2Metabo’s main pipeline (Figure 5.1) consists in five main steps that can be
performed sequentially or independently: i) reconstruction of metabolic networks for all
annotated genomes (step 0 in Figure 5.1), ii) computation of individual (step 1) and
iii) collective metabolic capabilities (step 2), iv) calculation of the cooperation potential
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(step 3) and v) identification of minimal communities and key species for a targeted set
of compounds (step 4).

The inputs for the method are a set of annotated genomes, a list of nutrients repre-
senting a growth medium, and optionally a list of targeted compounds to be produced by
selected communities that will bypass the default objective of ensuring the producibility
of the cooperation potential. Users can use the annotation pipeline of their choice before
running Metage2Metabo.

The outputs of the methods are (i) metabolites producible individually by each mem-
ber of the community, (ii) metabolites producible by the community, (iii) metabolites pro-
ducible only by cooperation, and (iv) minimal communities to produce specific metabolites
(either targets or cooperation potential). Furthermore, it can create a visual representation
of the minimal communities.

5.2.1 Step 0: Large-scale reconstruction of draft GSMN

Metage2Metabo was applied on 1,520 reference genomes from the human gut micro-
biota (Zou et al. 2019).

Step description

Metage2Metabo can process existing metabolic networks in SBML format or propose
the automatic reconstruction of non-curated metabolic networks from genomes (Figure
5.1 step 0). As a multiprocessing solution, it facilitates the treatment of hundreds or thou-
sands of genomes that can be retrieved from metagenomic experiments. The underlying
GSMN reconstruction software is Pathway Tools (Karp et al. 2002a; Karp et al. 2021),
a graphical user interface (GUI) based software suite for the generation of individual
GSMNs, called Pathway/Genome Databases (PGDBs). Typically, a PGDB is obtained
from an annotated genome using PathoLogic (Karp et al. 2011), the software prediction
component of Pathway Tools, and curated afterwards.

We developed mpwt (Multiprocessing Pathway Tools), a multiprocessing wrapper for
Pathway Tools. First, mpwt reads the input genomes (Genbank, Generic Feature Format
(GFF) or PathoLogic format) to create the input files needed by PathoLogic (Pathway
Tools prediction algorithm). The genomes must contain functional annotations (such as
GO terms or EC numbers) necessary for Pathway Tools. Then mpwt runs the PathoLogic
process in multiprocess. It is possible to use the Transport Inference Parser (Lee et al.
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2008), operon predictor (Romero et al. 2004), Hole-Filler to retrieve missing enzymes
(Michelle L. Green et al. 2004).

Then Metage2Metabo extracts and converts the resulting PGDB in SBML (Hucka
et al. 2003; Hucka et al. 2019) formats using the PADMet library (Aite et al. 2018).

Application to the human gut microbiota

For the human gut microbiota (Zou et al. 2019), the 1,520 draft GSMNs were recon-
structed in 155 minutes on a cluster with 72 CPUs and 144Gb of memory. In average they
contain 1144 reactions and 1366 metabolites (Table 5.1).

Gut dataset
All reactions 3932

All metabolites 4001
Average reactions per GSMN 1144 (±255)
Avg metabolites per GSMN 1366 (±262)

Avg genes per GSMN 596 (±150)
Percentage reactions associated to genes 74.6 (±2.17)

Avg pathways per GSMN 163 (±49)

Table 5.1 – Statistics on GSMN reconstruction by Metage2Metabo using Pathway Tools.

By using a parallel implementation of Pathway Tools, Metage2Metabo can reconstruct
draft GSMNs from genomes (in GenBank format) at a large scale.

Subsection summary

5.2.2 Step 1: GSMN individual production

Step description

With the reconstructed GSMNs by the previous steps or input GSMNs given by the
user, Metage2Metabo will search for the individual production of each GSMN (Figure 5.1
step 1). This step is performed with the network expansion algorithm (Ebenhöh et al.
2004) implemented in MeneTools (Aite et al. 2018).

The network expansion algorithm computes the scope of a metabolic network from a
description of the growth medium called seeds. The scope consists of the set of metabolic
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compounds which are reachable or producible, according to a boolean abstraction of
the network dynamics assuming that cycles cannot be self-activated. First, there is an
initiation step with a set of seed nutrients. Then the algorithm recursively considers
products of reactions to be producible if all reactants of the reactions are producible or
among the seeds. The underlying implementation of the network expansion algorithm
used in Metage2Metabo relies on Answer Set Programming (ASP) (Schaub et al. 2009)
and its implementation in MeneTools (Aite et al. 2018).

We define a metabolic network as a bipartite graph G = (R ∪ M, E), where R and
M stand for reaction and metabolite nodes. When (m, r) ∈ E (respectively (r, m) ∈ E),
with m ∈ M and r ∈ R, the metabolite is called a reactant (respectively product) of the
reaction r. The scope of a set of seed compounds S according to a metabolic network G,
denoted by scope(G, S), is iteratively computed until it reaches a fixed point (Handorf
et al. 2005). It is formally defined by:

scope(G, S) =
⋃
i

Mi, where M0 = S and Mi+1 = Mi∪products({r ∈ R | reactants(r) ⊆ Mi}).

Metage2Metabo predicts the set of reachable metabolites for each GSMN using the
network expansion algorithm and the given nutrients as seeds.

Application to human gut microbiota

The given nutrients were composed of 93 metabolites of a European average classical
diet from the VMH (Virtual Metabolic Human) resource (Noronha et al. 2018), and a
small number of currency metabolites (Schilling et al. 2000). The average scope of the
GSMNs was 286 ±70, and the union contained 828 metabolites (among them the 93
seeds).

For each draft GSMN, an individual scope (the set of producible metabolites computed
from a group of seed metabolites) is computed using the network scope expansion imple-
mented in ASP.

Subsection summary
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5.2.3 Step 2 and 3: Community production

Step description

Then Metage2Metabo computes the metabolic capabilities of the whole microbiota by
taking into account the complementarity between GSMNs (Figure 5.1 step 2). This step
simulates the sharing of metabolic biosynthesis through a meta-organism composed of all
GSMNs and assesses the metabolic compounds that can be reached using network expan-
sion. This calculation is an extension of the features of MiSCoTo (Frioux et al. 2018a) in
which the community scope of a collection of metabolic networks {G1, . . . GN} is intro-
duced. Metage2Metabo relies on the mixed-bag modelling implemented in MiSCoTo. This
modelling considers the community as a boundary-free meta-organism. So the metabolism
of organisms is studied in a virtual compartment containing all the community members.
Exchanges can be performed between the organisms without any costs. This method
allows a scalable computation of the community scope for large-scale communities.

In this way, the community scope is defined as:

collectiveScope(G1..GN , S) = scope
 ⋃

i∈{1..n}
Ri,

⋃
i∈{1..n}

Mi,
⋃

i∈{1..n}
Ei

 , S

 .

Cooperation potential. Given individual and community metabolic potentials, the
cooperation potential consists in the set of metabolites whose producibility can only occur
if several organisms participate in the biosynthesis (Figure 5.1 step 3). Metage2Metabo
computes the cooperation potential by performing a set difference between the community
scope and the union of individual scopes and produces an SBML file with the resulting
metabolites. This list of compounds is inclusive and could comprise false positives not
necessitating cooperation for production but selected due to missing annotations in the
initial genomes. One can modify the SBML file before the following Metage2Metabo
community reduction step.

The cooperationPotential(G1, .., Gn, S) of a collection of metabolic networks {G1..Gn}
is defined by:

cooperationPotential(G1, .., Gn, S) = collectiveScope(G1, .., Gn, S) \
⋃

i∈{1..n}
scope(Gi, S).
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Application to human gut microbiota

The community scope was composed of 984 metabolites. Among them, 156 were only
producible by cooperation between members of the community.

In the 156 metabolites, we identified 6 groups of metabolites: sugar derivatives (58
metabolites), lipids (28 metabolites), carboxy acids (14 metabolites), aromatic compounds
(11 metabolites), coA derivatives (10 metabolites) and amino acids and derivatives (5
metabolites).

Taking into account all the GSMN in the community, Metage2Metabo computes
the community’s producible compounds, called community scope. Then it separates
metabolites present in the community scope and the union of the individual scopes from
metabolites needing the cooperation between community members. The latter is named
cooperation potential (or also addedvalue).

Subsection summary

5.2.4 Step 4: Identifying key species in the community

Step description

Metage2Metabo provides at the end of the pipeline a set of key species associated with
a metabolic function together with one or more minimal communities predicted to satisfy
this function. We define as key species organisms whose GSMNs are selected in at least
one of the minimal communities predicted to fulfil the metabolic objective. Among key
species, we distinguish those that occur in every minimal community, suggesting that they
possess key functions associated with the objective, from those that occur only in some
communities. We call the former essential symbionts, and the latter alternative symbionts.
These terms were inspired by the terminology used in flux variability analysis (Orth et
al. 2010) for describing reactions in all optimal flux distributions. If interested, one can
compute the enumeration of all minimal communities with m2m_analysis, which will
provide the total number of minimal communities as well as the composition of each (see
following subsection 5.2.5).

Figure 5.2. illustrates these concepts. The initial community is formed of eight species.
Four minimal communities satisfy the metabolic objective. Each includes three species; in
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particular, the yellow one is systematically a member. Therefore the yellow species is an
essential symbiont, whereas the four other species involved in minimal communities con-
stitute the set of alternative symbionts. As key species represent the diversity associated
with all minimal communities, their number is likely greater than the size of a minimal
community, as this is the case in 5.2.

mincom

Initial community

+ metabolic objective

All minimal communities satisfying
the metabolic objective

Minimal community 1 Minimal community 2

Minimal community 3 Minimal community 4

M2M
community reduction

Key species

Alternative symbionts Essential symbiont

Figure 5.2 – Description of key species. Community reduction performed at step 4 can lead
to multiple equivalent communities. Metage2Metabo provides one minimal community
and efficiently computes the full set of species that occur in all minimal communities
without the need for a full enumeration, thanks to solving heuristics. It is possible to
distinguish the species occurring in every minimal community (essential symbionts) from
those occurring in some (alternative symbionts). Altogether, these two groups form the
key species.

Metage2Metabo computes the minimal communities to produce compounds of interest
(Figure 5.1 step 4) by using MiSCoTo (Frioux et al. 2018a) with the mixed-bag modelling.
A minimal community C enabling the producibility of a set of targets T from the seeds
S is a sub-family of the community G1, . . . , Gn which is the solution of the following
optimisation problem:

minimize
{Gi1 ..GiL

} ⊂{G1..GN }
size({Gi1 ..GiL

})

subject to T ⊂ collectiveScope(Gi1 ..GiL
), S).
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Solutions to this optimisation problem are communities C = (Gi1 . . . , GiL
) of min-

imal size. We define minimalCommunities(G1..Gn, S, T ) as the set of all such minimal
communities. The first output of the m2m mincom command is the (minimal) size L of
the communities solution to the optimisation problem. The composition of one optimal
community is also provided. The targets are, by default, the components of the coopera-
tion potential, T = cooperationPotential(G1, .., Gn, S), but can also be a group of target
metabolites defined by the user.

Many minimal communities are expected to be equivalent for a given metabolic
objective, but their enumeration can be computationally costly. We define the key
species, organisms occurring in at least one community among all the optimal ones.
The essential symbionts) occur in every minimal community, whereas the alternative
symbionts occur only in some minimal communities. More precisely, the key species
keySpecies(G1..Gn, S, T ), the essential symbionts essentialSymbionts(G1..Gn, S, T ), and
the alternative symbionts alternativeSymbionts(G1..Gn, S, T ) associated to a set of
metabolic networks, seeds S and a set of target metabolites T are defined by:

keySpecies(G1..Gn, S, T ) = {G | ∃C ∈ minimalCommunities(G1..Gn, S, T ), G ∈ C}.

essentialSymbionts(G1..Gn, S, T ) = {G | ∀C ∈ minimalCommunities(G1..Gn, S, T ), G ∈ C}.

alternativeSymbionts(G1..Gn, S, T ) = keySpecies(G1..Gn, S, T ) \ essentialSymbionts(G1..Gn, S, T ).

As a strategy layer over MiSCoTo, Metage2Metabo relies on the Clasp solver (Gebser
et al. 2012) for efficient resolution of the underlying grounded ASP instances. Although
this type of decision problem is NP-hard (Julien-Laferrière et al. 2016), as with many real-
world optimisation problems, worst-case asymptomatic complexity is less informative for
applications than practical performance using heuristic methods. The Clasp solver im-
plements a robust collection of heuristics (Gebser et al. 2007; Andres et al. 2012) for
core-guided weighted MaxSAT (Manquinho et al. 2009; Morgado et al. 2012). This im-
plementation provides rapid set-based solutions to combinatorial optimisation problems,
much like heuristic solvers (such as CPlex) provide rapid numerical solutions to mixed
integer programming optimisation problems. The kinds of ASP instances constructed by
MiSCoTo for Metage2Metabo are solved in a matter of minutes to identify key species
and essential/alternative symbionts. Indeed the space of solutions is efficiently sampled
using adequate projection modes in ASP, which enables the computation of these species
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groups without the need for a full enumeration by taking advantage of the underlying
ASP solver and associated projection modes.

Furthermore, we can analyse the interactions predicted by Metage2Metabo. First,
the essential symbionts are symbionts with specific functions not present in any other
symbiont of the community. In this way, they perform a role similar to one of the helpers
proposed in the Black Queen Hypothesis. Furthermore, as they are providing a function
not present in other organisms, they are providing metabolites not available to others, and
the interactions between essential symbionts and alternative symbionts can be seen as an
auxotrophic interaction. Secondly, the alternative symbionts can be viewed as organisms
with redundant functions. Thus, as they perform the same function, they can rely on the
same metabolites as input to participate in producing the metabolites of interest. In this
way, their interactions may be close to an exploitation competition.

Application to human gut microbiota

We computed for the 6 groups of metabolites found in the previous subsection the
minimal communities producing them. These minimal communities are shown in Table
5.2.
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targets Firm. Bact. Acti. Prot. Fuso. total
aminoacids and derivatives (5 targets) KS 142 52 0 27 6 227
4 bact. per community ES 0 0 0 0 0 0
120,329 communities AS 142 52 0 27 6 227
aromatic compounds (11 targets) KS 52 0 0 20 0 72
5 bact. per community ES 2 0 0 1 0 3
950 communities AS 50 0 0 19 0 69
carboxyacids (14 targets) KS 16 13 0 28 2 59
9 bact. per community ES 2 0 0 2 0 4
48,412 communities AS 14 13 0 26 2 55
coA derivatives (10 targets) KS 106 0 50 17 1 174
5 bact. per community ES 0 0 0 0 1 1
95,256 communities AS 106 0 50 17 0 173
lipids (28 targets) KS 3 140 22 20 0 185
7 bact. per community ES 3 0 0 1 0 4
58,520 communities AS 0 140 22 19 0 181
sugar derivatives (58 targets) KS 11 30 78 23 0 142
11 bact. per community ES 5 0 0 0 0 5
7,860,528 communities AS 6 30 78 23 0 137

Table 5.2 – Community reduction analysis of the target categories in the gut. All minimal
communities were enumerated, starting from the set of 1,520 GSMNs. KS: key species, ES:
essential symbionts, AS: alternative symbionts, Firm.: Firmicutes, Bact.: Bacteroidetes,
Acti.: Actinobacteria, Prot.: Proteobacteria, Fuso.: Fusobacteria.

Some metabolite targets were associated with many minimal communities (7,860,528
for the sugar derivatives) and composed of different phyla. To understand the interactions
between these organisms, we need a visualisation method to represent such results.

From a set of seed metabolites, Metage2Metabo computes the minimal communities
that can produce either selected targets or the cooperation potential. Among the member
of the minimal communities, called key species, the tool will identify two groups. The first
group contains organisms occurring in all minimal communities; they are called essen-
tial symbionts. The second group contains organisms occurring in at least one minimal
community but not in all minimal communities and are called alternative symbionts.

Subsection summary
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5.2.5 Visualisation of minimal communities

To represent the minimal communities, we first enumerated all the minimal communi-
ties producing a given group of targets. The number of optimal solutions is large, reaching
more than 7 million equivalent minimal communities producing the sugar-derived metabo-
lites presented in the previous subsection 5.2.4. Our analysis of key species indicates that
many optimal communities are due to combinatorial choices among a relatively small
number of Bacteria (137 organisms for the sugar-derived metabolites).

To visualise the association of GSMNs in minimal communities, we created a graph
for each target whose nodes are the key species and whose edges represent the association
between two species if they co-occur in at least one of the enumerated communities.
Graphs were very dense, for example, 227 nodes and 8772 edges for the amino acids and
derivatives (left Figure 5.3). This density is expected given the large number of optimal
communities and the small number of key species.
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Figure 5.3 – At the left, the solution graph shows the minimal communities for the amino
acids and derivatives targets. Nodes represent the organism in the minimal community.
Edges are drawn between nodes in the same minimal communities. Right power graph
compressing the information of the previous graph.

To allow the readability of these graphs, they were compressed into power graphs to
capture the combinatorics of association within minimal communities by using Power-
GrASP (Bourneuf et al. 2017). Power graphs enable a lossless compression of re-occurring
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motifs within a graph: cliques, bicliques and star patterns (Royer et al. 2008). The in-
creased readability of power graphs permits pinpointing metabolic equivalency between
members of the key species for the target compound families. These equivalencies can be
seen in Figure 5.3 (corresponding power graph at the right).
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Figure 5.4 – Power graph analysis of predicted microbial associations within
communities for the human gut dataset. Each category of metabolites predicted as
newly producible in the gut was defined as a target set for community selection among the
1,520 GSMNs from the human gut dataset. Key species and the full enumeration of all
minimal communities were computed for each metabolic group. Association graphs were
built to associate members that are found together in at least one minimal community
among the enumeration. These graphs were compressed as power graphs to identify pat-
terns of associations and groups of equivalence within key species. Power graphs a., b.,
c., d., e., f., g. were generated for the sets of lipids, amino acids and derivatives, carboxy-
acids, sugar derivatives, aromatic compounds, and coenzyme A derivative compounds
respectively. Node colour describes the phylum associated with the GSMN. Figure a. has
an additional description to ease readability. Edges symbolise conjunctions ("AND"), and
the co-occurrences of nodes in regular power nodes (as in power node 1, 2, 4) symbol-
ise disjunctions ("OR") related to alternative symbionts. Power nodes with a loop (e.g.
power node 5) indicate conjunctions. Therefore, each enumerated minimal community for
lipid production is composed of the two Firmicutes and the Proteobacteria from power
node 5, the Firmicutes node 3 (the four of them being the essential symbionts), and one
Proteobacteria from power node 4, one Actinobacteria from power node 2 and 1 Bac-
teroidetes from power node 1. Members from an inner power node are interchangeable
with respect to the metabolic objective. The figures display one visual representation for
each power graph, although such representations are not unique. The number of power
edges is minimal, which leads to the nesting of (power) nodes.
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Figure 5.4 presents the compressed graphs for each set of targets. Graph nodes are
the key species, coloured by their phylum. Nodes are included in power nodes that are
connected by power edges, illustrating the redundant metabolic function(s) that species
provide to the community when considering particular end-products. GSMNs belonging
to a power node play the same role in constructing the minimal communities. In this
visualisation, essential symbionts are easily identifiable, either into power nodes with
loops (Figure 5.4 a, e) or as individual nodes connected to power nodes (Figure 5.4 a, c,
d, f).

We observe that power nodes often contain GSMNs from the same phylum, indicating
that phylogenetic groups encode redundant functions. Figure 5.4 a has additional com-
ments to guide the reader into analysing the community composition on one example.
Each minimal community suitable for the production of the targeted lipids is composed
of one Bacteroidetes from power node (PN) 1, one Actinobacteria from PN 2, the Firmi-
cutes member 3, one Proteobacteria from PN 4 and finally the two Firmicutes and the
Proteobacteria from PN 5. For all the target groups of this study, the large enumerations
can be summarised with a boolean formula derived from the graph compressions. For
instance, for the lipids of Figure 5.4 a, the community composition as described above is
the following:

(∨PN1) ∧ (∨PN2) ∧ (PN3) ∧ (∨PN4) ∧ (∧PN5).

Altogether, computation of key species coupled with the visualisation of community
compositions enables a better understanding of the associations of organisms in the min-
imal communities. In this genome collection, groups of equivalent GSMNs allow us to
identify genomes that provide specialised functions to the community, enabling metabolic
pathways leading to specific end-products.

From the enumerated minimal communities producing a set of metabolites,
Metage2Metabo creates a graph solution which is compressed into a powergraph show-
ing all the minimal communities that can produce the targets.

Subsection summary
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By combining multiprocessing and ASP formalism of the network scope expansion,
Metage2Metabo is able to identify key species by using the metabolic complementar-
ity of the member in the community in large-scale community. Furthermore, it is possible
to visualise the minimal community producing the compounds of interest using power
graphs. The method was applied to a large-scale microbiome of the human gut.

Section summary

5.3 Identification of key taxa in the biogas reactor
experiments

5.3.1 Metage2Metabo inputs

Metabolic networks. The metabolic networks used for this step were the one predicted
by EsMeCaTa in the section 4.3.

In subsection 5.3.2, we will use the TSMN created from the default run of EsMeCaTa
(subection 4.3.1).

In subsection 5.3.3, we will use the TSMN created from the run of EsMeCaTa with
constraints on the selected proteomes and with multiple proteome representativeness ratio
(Pan-proteome, Shell-core proteome and Soft-core proteome) in subsection 4.3.2.

Nutrients. For the nutrients given to the community, we created a list of metabolites
with Patrick Dabert according to the input provided to the biogas reactor.

To represent the pig manure, we used the metabolites from the human diet described
in VMH (Noronha et al. 2018) and used in the previous subsection 5.2.2.

For the apple, we added multiple sugars (sucrose, fructose, glucose and sortibol),
metabolites associated with the cellulose (hemicellulose, cellulose, glucopyranose, galac-
topyranose, xyloglucan and arabinoxylan) and pectin (arabinoses, galactoses, rhammoses
and xyloses).

For the butter, we added multiple fatty acids (palmitate, oleate, stearic acid, mystiric
acid, butyric acid, linoleic acid, linolenic acid, lauric acid, capric acid, caproic acid and
caprylic acid).
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As a protein, casein provided amino acids (even if most of them were already given by
the VMH diet).

We also added two metabolites, Methylenetetrahydromethanopterin and Methanofu-
rans, as both are needed to produce metabolites required for methane. These two metabo-
lites are linked by cycle in the metabolic network: Methylenetetrahydromethanopterin
is needed to produce the metabolite THMPT, but THMPT is needed to produce
Methylenetetrahydromethanopterin.

Furthermore, we added a set of currency metabolites (NAD, NADP, Acceptor, Donor,
etc.) to activate reactions.

These different seeds were applied differently to the GSMN according to what input
was given to the biogas reactor during the experiment. For more details see Figure 4.6.

Targets. The targets consist of methane and intermediate metabolites of the organic
matter degradation (acetate, propionate, succinate, formate, lactate, butyrate, ethanol,
dihydrogen, carbon dioxide, and sulfide).

5.3.2 Key taxa involved in organic matter degradation

In this first experiment, we used the metabolic network from the default run of Es-
MeCaTa. For each time point, we selected the OTU if their abundance was greater than
0; otherwise, they were not used in the time point. As explained in the previous subsec-
tion 5.3.1, we used the nutrients according to what was given to the biogas reactor for
each time point (shown in Figure 4.6). And we used the same targets at each time point.
Metage2Metabo was run on each time point, and we extracted the key species found in
the minimal communities.

The number and composition of the key species for each time point are represented in
Figure 5.5. The abscissa shows the time point, and the ordinate axis indicates the number
of key species found in the minimal communities producing all the targets. The colour
identifies the taxa among the key species. The absence of key species in a column indicates
that no minimal communities could produce all the targets (here, it was the methane that
was not produced). To identify the composition and the relations between key species, we
also created the power graphs for some specific time points.
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Figure 5.5 – Power graph showing the key species producing the targets for each time
point, according to the sequenced OTUs.

An astonishing result was that most of the time points (34 on 61) were unable to
produce the targets (especially methane). And among the time points producing the
targets, we observed two sets of time points.

The first one (such as the time point 01-27) contained only two key species
(Methanosarcina and Alcaligenes). The corresponding power graph for the time point
01-27 is shown at the left of Figure 5.5. As expected, we can see that the minimal com-
munity in the power graph also consists of only two members.

Minimal communities for the second group of time points (such as time point 10-28)
were more diverse as they included around 20 key species. A striking feature was that
these time points also contained Alcaligenes but were missing Methanosarcina. We showed
the power graph for 10-28 at the right of Figure 5.5. The community was more complex
than the one found for time point 01-27 as we had 3 members in each minimal community.
Indeed, to produce all the targets, Metage2Metabo needed the following:

— (1) the OTU associated with Alcaligenes.
— (2) one OTU associated with methanogenic Archaea among: Methanobacterium,

Methanothrix or Methanomethylovorans.
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— (3) one OTU among: Prolixibacteraceae, Dysgonomonadaceae, Thermoanaerobac-
teraceae, Syntrophorhabdus, Petrimonas or Mariniphaga.

We first observed that all community producing methane and the other tar-
gets contained at least one Bacteria (Alcaligenes, Prolixibacteraceae, Dysgonomon-
adaceae, Thermoanaerobacteraceae, Syntrophorhabdus, Petrimonas or Mariniphaga)
and one methanogenic Archaea (Methanosarcina, Methanobacterium, Methanothrix or
Methanomethylovorans). But this was expected as methane production is performed by
methanogenic Archaea using products of organic matter decomposition performed by
Bacteria.

A second result was the importance of the OTU Alcaligenes. Indeed, in all minimal
communities, Alcaligenes were an essential symbiont meaning that without them, it was
impossible to produce the targets. One possible explanation was that EsMeCaTa asso-
ciated this OTU with only one proteome. With one proteome, the reconstructed TSMN
contained all the metabolic functions of this proteome. Indeed the TSMN contained 1,550
reactions, whereas the mean for the 587 OTUs was 598 reactions.

A third interesting result was that the absence of Methanosarcina led to more complex
minimal communities (with 3 members). This observation could be explained by the
fact that some functions performed by Methanosarcina were not all present in any other
OTU and thus needed multiple OTUs. By examining the TSMN of Methanosarcina, this
was supported by the size of the metabolic networks (916 reactions). But some of the
methanogenic Archaea used in the 3 member minimal communities also had TSMN bigger
than the mean (for example Methanobacterium with 734 reactions). Methanosarcina can
perform acetoclastic and hydrogenotrophic methanogenesis (Thauer et al. 2008) whereas
most other methanogenic Archaea perform only one.

As we had seen, Alcaligenes was an essential symbiont for methane production. This
result raised several questions as it was not a Bacteria known to interact with methanogen
Archaea. Further analysis revealed that its metabolic capacities came from a bias in
EsMeCaTa. But multiple questions arose because other interactions between Bacteria
and Archaea could produce methane and the other targets. Furthermore, it limited the
number of time points producing targets which seemed quite different from the known
production and state of the biogas reactor. So we explored how the limitation observed
can be explained by different points.

These results raised several questions. First, some OTUs were associated with only
one proteome, meaning they contain all the proteins in the proteome, thus overestimating
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the OTU capacities compared to other OTUs. It is the case of the Alcaligenes. Similarly,
EsMeCaTa associated with the OTU Methanosarcina a TSMN showing more reactions
than other methanogenic Archaea. In both cases, the higher capacities associated with
those OTUs led them to be preferentially selected in minimal communities. Whereas this
is biologically relevant in the case of Methanosarcina, this is not the case of Alcaligenes.
This result suggests a need to select more than one proteome to infer a TSMN. After
a closer examination of the inferred TSMNs and the minimal communities metabolisms,
we observed the second issue: some cofactors added to the seeds were directly used to
produce metabolites. We discovered that cofactors were used to produce metabolites. This
discovery was not expected as cofactors were added to participate in the production of
metabolites by being combined with other metabolites. One cause of this issue was the use
of the NAD/NADP degradation pathways to produce multiple metabolites. For example,
20 OTUs with only NAD, NADP, ATP and ADP as seeds had an individual scope superior
to 200. These cofactors should not be available to produce these metabolites. They should
only be usable by reactions where they are used as cofactors. Finally, the incapacity to
generate minimal communities for most time points could be due to the relatively low
average of 598 selected reactions per Soft-core TSMNs (proteome representativeness ratio
of Pr = 0.95). The following section examines solutions to resolve these issues.

Using the metabolic networks reconstructed with the default option of EsMeCaTa, we
found some minimal communities able to produce methane. All contained interaction be-
tween Bacteria and methanogenic Archaea. For most time points, however, no community
was able to produce methane. Several issues were identified: (1) OTU associated with one
proteome, (2) cofactors used to produce targets and (3) proteome representativeness ratio
too stringent.

Subsection summary
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5.3.3 Changes in metabolic complementarity according to Es-
MeCaTa parameters

Handling issues

To answer the issues found in the previous subsection 5.3.1 we used the metabolic
networks created by using constraints on EsMeCaTa proteome selections through its pa-
rameters. First, the minimal number of proteomes associated with a taxon was set to
at least 5 proteomes. Secondly, the maximal taxonomic rank was set to the family, and
OTUs with higher ranks were ignored. The assumptions behind these constraints were
that if we did not have enough information (here proteomes) for a taxon, it was safer
not to use it. Third, five proteome representativeness ratio were considered (Pr = 0.0,
Pr = 0.25, Pr = 0.5, Pr = 0.75 and Pr = 0.95). Behind these ratios, different hypotheses
were assessed (see Chapter 4).

For the proteome representativeness ratio at Pr = 0.95 (Soft-Core metabolism), the
assumption was that key functions of a taxon are coded by significantly shared genes
among the organisms of a taxon. Thus, we selected fewer number proteins than with the
other thresholds. These functions could be described as the most likely present functions
in the uncultivated organism associated with the 16S rRNA gene sequences.

For the proteome representativeness ratios at Pr = 0.25, Pr = 0.5 and Pr = 0.75, as
the ratio decreased compared to the Soft-Core metabolism, we increased the number of
selected protein clusters (see Chapter 4, Figures 4.10, 4.11 and explanations). Besides the
protein clusters also found in the Soft-Core metabolism, this allows for the consideration
of clusters in which proteins are less represented among the taxon proteomes.

The last proteome representativeness ratio at Pr = 0 (Pan-metabolism) contained all
the protein clusters identified within the taxon proteomes. This ratio represents all the
possible functions yet identified in the proteomes of the taxon. The TSMN associated
with this pan-metabolism of the taxon thus fits the following assumption: all its reactions
were observed at least once in the taxon organisms. Thus these reactions are considered as
possibly achieved by the wild organisms. Conclusions provided using these TSMNs should
be regarded with caution, as any organism is unlikely to perform all the reactions observed
in its taxon. In the context of a biogas reactor (with the known seeds and targets), the idea
was to identify taxa having metabolic functions that could be involved in this metabolic
process.

Finally, to solve the issue with the cofactors, we used the method implemented in
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moped (Saadat et al. 2022) to handle cofactors. This method searches for reactions in-
volving pair of cofactors (such as NAD/NADH). It will create new metabolites (with new
identifiers) corresponding to the cofactors (with __cof__ in their names) and new reac-
tions from the reaction in which the cofactors are involved. For example, for the previous
NAD/NADH cofactors, NAD__cof__ NADH__cof__ are created, and new reactions
involving these two metabolites are also created. Then these metabolites will be added
to the seeds. In this way, they will be explicitly used by the reaction involving the pair
of cofactors, but they will not be used in other reactions (such as in the NAD/NADP
pathway degradation), avoiding the issue identified in the previous subsection 5.3.2.

Application to the biogas reactor experiment

In the following experiments, cofactors metabolites created by moped were added
to the seeds (the nutrients). The targets to be reached were the same as in the previ-
ous section (methane, acetate, propionate, succinate, formate, lactate, butyrate, ethanol,
dihydrogen, carbon dioxide, and sulfide). EsMeCaTa was run applying the parameters
mentioned above (minimal number of proteome per taxon: 5, maximal taxonomic rank
considered: family and with 5 proteome representativeness ratios). As in the subsection
5.3.2, for a given time point, we selected the TSMNs to be used as input to Metage2Metabo
when their OTU abundances were superior to 0.

For the first experiment, we analysed the metabolic networks obtained with the
same proteome representativeness ratio (Core-proteome at 0.95) as used in the previ-
ous subsection 5.3.2 experiments. Let’s first consider the minimal communities found by
Metage2Metabo for each time of point (Figure 5.6).
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Figure 5.6 – Alluvial plot showing the key species for all the minimal communities pre-
dicted according to the targets for the experimental steps. The TSMNs corresponding to
the Soft-core metabolisms are considered (EsMeCaTa proteome representativeness ratio
Pr = 0.95). Minimal communities produce the targets methane, acetate, propionate, suc-
cinate, formate, lactate, butyrate, ethanol, dihydrogen, carbon dioxide, and sulfide. Power
graph showing the key species for producing the targets from the community.

When looking at the key species of minimal communities in Figure 5.6, we observed
that, for 52 of the 61 time points, the TSMNs inferred from the OTUs led to estimate
minimal communities that can produce the methane and the other targets. Only 9 time
points were unable to produce the targets compared to the 34 time points in subsection
5.3.2. Most of the time points were associated with more than 20 key species.

To illustrate the minimal communities, we created the power graph for the time point
10-30 (Figure 5.6). The minimal communities were composed of 4 members, and there
were no essential symbionts. The enumerated minimal communities were composed of:

— (1) either Methanosarcinaceae or Methanomicrobiaceae. The only bacteria of group
4 associated with Methanomicrobiaceae is Syntrophorhabdus.

— (2) one of the Pirellulaceae.
— (3) one of the Methanobacteriaceae.
— (4) one Bacteria among: Ruminiclostridium, Corynebacteriaceae, Corynebacterium,

Enterococcus, Vagococcus, Georgenia, Syntrophaceae or Syntrophorhabdus.
Thus, after applying new parameters and solving issues with the cofactors, the obtained
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minimal communities were more complex than the one inferred in the previous section
5.3.2. Interestingly they still contained methanogenic Archaea (see above, members 1
and 3) associated with groups of Bacteria (2 and 4). The Bacteria of group 4 contained
genus known to be present and important in a biogas reactor (such as Ruminiclostridium,
Enterococcus and Syntrophorhabdus (Lim et al. 2020)).

Finally, to further investigate why no minimal communities producing methane can
be found for nine time points, we examined the production of biogas and the reactor state
according to the time point (Figure 4.6). Among those nine time points, five corresponded
to time points where the biogas reactor was described as non-functional (6-09, 6-13, 6-15,
6-17, 8-24). Two time points (7-07, 8-06) corresponded to a time point where the biogas
reactor was described as functional but with low biogas production. The two remaining
time points (5-01, 9-08) were associated with a functional reactor producing more than
30 NL.j-1 of biogas. Thus of seven over nine time points where we inferred no methane
production, no or low production of methane was obtained from the reactor.

Impact of the proteome representativeness ratios

In the following experiment, we examined the impact of the considered representative-
ness ratios on the obtained TSMNs and the obtained minimal communities. The other
EsMeCaTa parameters, the seeds and targets are the same as in the previous experiment.
We considered a hypothetical set of OTUs, which was not observed at any of the time
points but corresponds to all of the 362 TSMNs that could be inferred while applying
the EsMeCaTa parameters considered in this section (minimal number of proteome per
taxon: 5, maximal taxonomic rank considered: family). Given each of the five proteome
representativeness ratios considered, Metage2Metabo inferred minimal communities able
to produce all the targets, including methane. The obtained minimal communities were
enumerated, and their compositions are illustrated using power graphs (Figure 5.7). All
these hypothetical communities were able to produce the targets, including methane. For
all the power graphs, each minimal community contained at least one methanogenic Ar-
chaea (either Methanomicrobiaceae, or Methanobacteriaceae or Methanosarcinaceae) and
a Bacteria.
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Figure 5.7 – Inferred minimal communities according to the proteome representativeness
ratios applied to recover TSMNs. According to each of the five ratios (Pr = 0, Pr = 0.25,
Pr = 0.5, Pr = 0.75 and Pr = 0.95) and to the other applied parameters (minimal
number of proteome per taxon: 5, maximal taxonomic rank considered: family) EsMeCaTa
reconstructed 362 TSMNs. These TSMNs were all provided as input to Metage2Metabo
to infer minimal communities producing methane and several other targets. The power
graphs showing the minimal community compositions are shown on the right. Label A,
B, C, D and E correspond to the results obtained given the ratio applied by EsMeCaTa,
respectively Pr = 0.95 (Soft-core proteome), Pr = 0.75, Pr = 0.5 (Shell-core proteome),
Pr = 0.25 and Pr = 0 (Pan-proteome).

More key species were inferred by considering the Soft-core metabolisms (Pr = 0.95,
29 key species, Figures 5.7 A) and the Pan-metabolisms (Pr = 0, 52 key species, figure 5.7
E) then by considering TSMNs inferred using intermediary proteome representativeness
ratios (Pr in [0.25, 0.5, 0.75], 3 to 6 key species, Figures 5.7 B, C and D).
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To investigate these results, we computed the minimal communities for each time
point of the experiment. We took only the OTU with an abundance superior to 0. Then
we computed the individual scope, the community scope, the cooperation potential and
the minimal communities than can produce the targets.

The community scope increased as the proteome representativeness ratio decreased
(Figure 5.8). This result is congruent with the conclusion of Subsection 4.3.2, where we
showed that the size of TSMNs increased with the decrease of the proteome representa-
tiveness ratio. As more reactions are present in larger TSMNs, the number of metabolites
produced is also greater. The community scope can be split into two parts: the metabolites
produced by individual organisms and the metabolites that require cooperation between
organisms to be produced. As it can be seen in Figure 5.8, the dynamic of the commu-
nity scope according to the proteome representativeness ratio is mainly explained by the
individual scope.

Indeed, the distributions of the individual scope sizes followed those of the community
scope sizes, whereas the sizes of the cooperation potentials appeared much more stable,
with 250 metabolites. The Soft-Core metabolism TSMNs produced individually fewer
metabolites than the Pan-metabolism TSMNs.
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Figure 5.8 – Distribution of the community scope sizes over the 61 time points using five
proteome representativeness ratios. The community scope (figure left) is composed of the
union of the individual scope (figure bottom right) and the cooperation potential (figure
upper right).

Most of the experiments’ communities could produce the 12 targets (Figure 5.9 upper
left). There were only some experiments with the proteome representativeness ratio of
0.95 where methane was not producible. The minimal community’s size decreased with
the proteome representativeness ratio (Figure 5.9 upper right).

This analysis confirmed the proposition according to the results presented in Figure
5.7. The TSMNs associated with Pan-metabolism required less cooperation and thus could
constitute minimal communities of smaller sizes. And the Soft-core metabolism TSMNs
required more cooperation and could constitute minimal communities of larger sizes to
achieve a given target production.

The minimal communities inferred from Soft-core metabolisms were of the size of
4, higher than the ones of the other ratios, which were of size 2 (Figure 5.9). Minimal
communities built with Pan-metabolisms seemed to require less taxa (2 in figure 5.7 F)
than the minimal communities built with Soft-core metabolism (4 in figure 5.7 A). Because
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Pan-metabolism TSMNs produced more metabolites individually, they required less coop-
eration. Reciprocally, because Soft-core metabolism TSMNs produced fewer metabolites
individually, they required more cooperation.

Figure 5.9 – Distributions over the 61 time points of the per cent of producible target
metabolites (upper left), the minimal community sizes (upper right) and the key species
numbers (bottom), according to varying proteome representativeness ratios.

The number of key species involved in the minimal communities was higher when these
were inferred from Pan-metabolism (Pr = 0) TSMNs than from Soft-Core metabolism
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(Pr = 0.95) TSMNs. This was expected, as we have shown before; the TSMNs associated
with Pan-metabolism contained more reactions and produced individually more metabo-
lites. In this way, fewer TSMNs were required to produce the target metabolite. This
could be explained by the fact that these TSMNs contained metabolic functions from all
the proteomes in the taxon. In contrast, the TSMNs associated with Soft-core metabolism
contained fewer reactions and produced fewer metabolites individually. Then to produce
the same target metabolites, they could require more taxa.

The number of key species was low for the intermediate proteome representativeness
ratios. One explanation could be that the taxa identified in the minimal communities with
Soft-core metabolisms were too specialised and thus required more cooperation. But with
the decrease in the proteome representativeness ratio, some taxa with more generalised
metabolic functions were retrieved. Among them, a specific subset (Pseudomonas and
Methanosarcinaceae achieved the production of all the targets. And when we looked at
the Pan-metabolism, then, as all metabolic functions were available for all taxa, a broader
range of cooperation between taxa was possible (with fewer members in the cooperation).
To better understand these results, more investigations are required to decipher the com-
bined effects of the possible EsMeCaTa parameters and Metage2Metabo.

By looking at the multiple levels of metabolism for the taxon (Pan, Shell-core and Soft-
core) we were able to identify key species in the methane production for the various
time points. All minimal communities producing the targets (among them the methane)
contained at least an association between a methanogenic Archaea and a Bacteria. We
were able to identify multiple Bacteria that could be of interest in the understanding of
the biogas reactor. We finally investigated the impact of the proteome representativeness
ratio on the outputs of EsMeCaTa, the taxonomic scale metabolic networks (TSMNs) that
can be used by Metage2Metabo to produce metabolites (individually and collectively) and
predict minimal communities achieving targeted productions.

Subsection summary
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By combining EsMeCaTa and Metage2Metabo, we identified multiple taxa that could be
of interest in producing methane in a biogas reactor. In all the minimal communities found,
we have seen the importance of interactions between methanogenic Archaea and Bacteria.
We have also seen the effect of the proteome representativeness ratio of EsMeCaTa on
prediction. The Soft-core proteomes were associated with minimal communities of greater
sizes involving greater interactions between TSMNs. As Soft-core TSMNs were smaller,
more cooperation was needed to achieve the target production. Reciprocally, the Pan-
proteome led to the recovery of minimal communities of smaller sizes: as Pan-metabolism
TSMNs were bigger, fewer interactions were required to achieve the target production.

Section summary

5.4 Conclusion

Contribution

In this chapter, I presented Metage2Metabo, a method to predict the metabolic in-
teractions between community members. The method identifies key species producing
metabolites of interest using a parallel implementation of Pathway Tools and constraint
programming. It is possible to separate essential and alternative symbionts among the key
species. This method allows a screening of large-scale communities to identify organisms
with metabolic specificities achieving ecosystemic functions of interest. We have presented
its predictions on a human gut microbial community.

Furthermore, we have combined the results of EsMeCaTa with the results of
Metage2Metabo to study the metabolism of a community sequenced using metabarcod-
ing technology. From all the minimal communities predicted by Metage2Metabo with
EsMeCaTa results (with any options), we consistently observed at least a methanogenic
Archaea and a Bacteria. This result was expected from a literature point of view as one
organism can’t perform the production of all the targets alone. By testing multiple Es-
MeCaTa options, it was possible to obtain meaningful minimal communities and relevant
results.
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Limits and improvements

Metage2Metabo focused on searching for minimal communities, but this hypothesis
impacts the results as minimisation of the community size selects the generalist organ-
isms, which have more metabolic functions, instead of more specialised organisms. It is
especially the case when working with the Pan-metabolism created by EsMeCaTa. Ex-
ploring communities of different sizes could be engaging, but this will be associated with
issues in scalability, as increasing community size will increase combinatorial possibilities.

Also, several refinements could be applied to improve the results given by
Metage2Metabo.

As shown in subsection 5.3.2 and 5.3.3, cofactors can impact the prediction. In that
case, it allowed the production of many metabolites due to using the NAD degra-
dation pathway. Thus a method avoiding these issues should be implemented into
Metage2Metabo. To fix this, I used in subsection 5.3.3 the method proposed by moped,
which creates new metabolites dedicated to the goal of being cofactors. One solution could
be to add this method into Metage2Metabo.

Another issue is that we did not know which path the network expansion algorithm
uses to reach the targets starting from the seed metabolites. Indeed, this path could not
be a biologically meaningfully one. The first way to discover this issue could be to visualise
the path taken by the network expansion scope. An implementation could be possible by
using the incremental scope and counting the number of steps to produce the targets.
This approach could give an idea of which path was used.

Following this idea of a biologically meaningful path, another improvement could be to
force some specific paths. For example, in methanogenesis, we have two paths from organic
matter to methane, one from acetate and another from carbon dioxide. Thus we could
be interested in determining if these paths are indeed used by the minimal community
and which paths. One possible way to implement this could be to force the production
of intermediary metabolites (such as acetate or carbon dioxide) so that the path used by
the minimal community goes through these intermediary metabolites.

A third refinement could be considering other data, such as gene expression or the
abundance of organisms. Indeed in this experiment, we only used the abundance to filter
whether the taxon was present or not. But it would be interesting to deal with population
sizes as more abundant members could have more impact. Such improvements could be
associated with other methods, such as co-occurrence methods.
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Perspectives

The study of metabolic interactions of large-scale microbiota allows the analysis of
community. It provides the identification of key species. A first perspective could be to
identify the metabolic functions that are performed by the key species. It corresponds to
understanding why the topological analysis has chosen this key species. A second per-
spective could be to create the metabolic networks of all the known genus or family with
EsMeCaTa and adds the possibility of using Metage2Metabo on any combination of or-
ganisms. This combination of EsMeCaTa and Metage2Metabo could allow the systematic
exploration of metabolic complementarity among all the known organisms.
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Chapter 6

CONCLUSION AND PERSPECTIVES

6.1 Conclusion

This thesis presented different methods to elucidate metabolic functions at various
levels, from metabolic pathways to metabolic interactions in communities. As explained
in Chapter 1, the metabolism is measured through different methods such as the -omics
approaches. They produce multiple and complementary data. To achieve a wide under-
standing of the metabolism, combining the different data are needed when developing
methods.

The methods presented in this thesis aimed at predicting interesting candidates for
the studied levels (metabolic pathways, comparable GSMNs, flexible TSMN and key
species in communities). To achieve this, we combine computer science (constraint pro-
gramming, knowledge engineering), bioinformatics (sequence analysis) and biology
(evolution). The predicted candidates were then discussed with experts and confronted
with the literature.

6.1.1 Knowledge representation, querying and reasoning

Existing methods relied on already available knowledge to model the metabolism and
make predictions. This central point occurs in all the chapters of this thesis. In Chap-
ter 2, we based our predictions on reference metabolic pathways, which were knowledge
representations of metabolism from metabolic databases (such as MetaCyc) and litera-
ture. The comparison of GSMNs in Chapter 3 was possible thanks to different knowledge
sources. The first one comes from genomes in public databases (associated with hetero-
geneous annotations, which were another level of knowledge). A second source comes
from the inference of metabolism from these annotations by relying on metabolic recon-
struction tools (in this case, Pathway Tools and the MetaCyc database). To estimate the
metabolism of taxa, we also combined multiple databases in Chapter 4. Indeed, we used
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the knowledge from combined databases of UniProt. Lastly, the computation of minimal
community relied on the knowledge from metabolism associated with the reconstructed
metabolic networks in Chapter 5.

These multiple pieces of knowledge were described in different representations to be
adapted to each analysis. This way, metabolic information was converted into logical
statements in Chapter 2. The manual creation of these statements allowed us to reach
the consistency required for the metabolic pathways prediction. As we went to a higher
study level, we used different representations, from compound graphs to bipartite graphs.
Indeed, in the three other chapters (3, 4 and 5), the graphical representation of metabolism
used bipartite graphs to focus on information reification (especially by taking into account
the origin of the information which were genes, proteins or organisms of the community).

Knowledge representation was performed to apply querying and reasoning adapted
to each level. Constraint programming was used for the metabolic pathway level to im-
plement logical rules relying on evolutionary biology hypotheses (the Metabolic Pathway
Drift). These rules were then used on the logical statements to infer alternative pathways.
Knowledge reasoning was used to compare GSMNs to study the equivalences and differ-
ences between organisms. Knowledge querying was performed in Chapter 4 to retrieve
knowledge and infer metabolic network at the scale of the taxon, applying evolutionary
hypotheses stating that inherited functions are shared in the taxon. Constraint program-
ming was again used in Chapter 5 to handle the large-scale community to identify the key
species which collectively contribute to producing some metabolites, hence investigating
the applicability of the Black Queen hypothesis.

In this thesis, we relied on Knowledge Representation and Reasoning to handle the data
and combine it with knowledge for the four metabolism levels studied. We adapted the
knowledge representation for each level. The reasoning and querying were used according
to the level, from constraint programming to knowledge querying. With these methods,
it was possible to represent, query and reason on knowledge. This allowed scaling for
large-scale analysis, solving problems (combinatorics) and handling knowledge.

Subsection summary
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6.1.2 Homogenising and filtering data and predictions

The biological hypotheses, knowledge representation, querying, and reasoning pre-
sented in the previous subsection were combined with homogenising and filtering proce-
dures. These procedures were developed by relying on different approaches.

A major approach used is the sequence analysis and comparison from Bioinformatics.
This approach was used in all the chapters. In the Chapter 2, sequences of C. crispus
were compared to sequences from model organisms with AuReMe to infer the GSMN.
Orthology propagation and structural verification performed in Chapter 3 relied on se-
quence analysis to homogenise GSMNs, the first on comparing protein sequences and the
second on searching for proteins in genomes. Furthermore, the robustness criterion filtered
reactions according to groups of orthologous genes found by sequence analysis. To iden-
tify protein clusters among the proteomes of a taxon in Chapter 4, we clustered proteins
according to their sequences, allowing us to create groups of shared proteins.

Other approaches of filtering were used, especially one relying on knowledge represen-
tation. Indeed, to identify candidate reactions for metabolic pathways inference, we relied
on the filtering of candidates according to the comparison of the atoms and bonds in
the metabolites. This identification was possible thanks to the knowledge representation,
logical rules and manually created molecule structures. A second filtering strategy also
relied on logical rules. It concerns identifying key species in Chapter 5, where organisms
were selected according to their production capacities through logical rules based on the
network expansion algorithm.

To handle heterogeneous data, we had to develop methods to homogenise the content. It
was specially performed with sequence comparison. Also, to handle the numerous predic-
tions made by the methods, there was a need for filtering methods to identify the most
relevant predictions. This was done thanks to the development of filtering approaches in
the different methods.

Subsection summary
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6.1.3 Aiding experts by predicting candidates and testing hy-
pothesis

In this thesis, two main contributions were made from a biological point of view.

First, by taking into account already performed experiments, we were able to produce
a list of candidates for the different analyses. These candidates were multiples (genes,
metabolic pathways, comparable GSMNs, metabolic interactions in a biogas reactor). In
Chapter 2, we proposed two modified metabolic pathways with variations resulting from
the Metabolic Pathway Drift in the red algae C. crispus. By comparing the metabolism of
algae in Chapter 3, we proposed a set of comparable GSMNs. These GSMNs allowed for
comparing the species’ phylogeny and the distances between their metabolisms. Further-
more, it permits highlighting the metabolic specificities of organisms in the algal group.
Estimating metabolic capabilities from taxonomic affiliations in Chapter 4 allowed for cre-
ating sets of candidate protein clusters for a taxon. Furthermore, it gave us insight into
the metabolic functions of each taxon in a biogas reactor. With the results of Chapter 4
and the method of Chapter 5, we could propose a set of candidate taxa that could be of
interest for the production of biogas in the reactor. These candidates were discussed with
experts (such as the team from the Station Biologique de Roscoff or Patrick Dabert) to
understand these results better and help them better understand their experiments.

In a second contribution, we helped test and propose hypotheses according to their
experiments. Indeed, for Chapter 2, we tested the metabolic pathway drift through a set
of logical rules that were able to predict alternative metabolic pathways of interest for
the collaborator. In Chapter 3, the result of the comparison of GSMNs helped the ex-
perts into the metabolic distances between specific organisms and the place of interesting
organisms. For Chapters 4 and 5, it was possible to test the Black Queen hypothesis.
We especially studied the microbial community in a biogas reactor and the metabolic
interactions between its members.
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In this thesis, I helped experts understand the data and test biological hypotheses
through knowledge representation and reasoning. A first contribution was identifying
genes, metabolic, and organisms of interest according to their biological context. And
a second contribution was to test biological hypotheses by creating models working under
these hypotheses.

Subsection summary

6.2 Perspectives

I participated in the development of several methods in this thesis. I presented some
of their applications. As hinted at in each chapter’s conclusion, numerous perspectives
can be proposed following these works.

6.2.1 Computer sciences

Knowledge representation and reasoning were used to make predictions on non-model
organisms. The addition of knowledge for the case where we have little data, such as the
one presented in Chapter 2 with non-model organisms, helped make predictions. Such
knowledge-driven hypotheses could be applied to the network expansion algorithm. In-
deed, a limitation of the analysis performed in Chapter 5 is that we do not know the path
taken by the network expansion algorithm. Thus it is not possible to understand if the
chosen paths (and the proposed organisms) corresponded to a meaningful biological path
of reactions or not. A combination of adjustments could be performed on the logical rules
used by the methods. First, the use of the incremental mode of ASP (such as used in
Chapter 2) can help by separating step by step the network expansion. This mode could
be applied to determine which metabolites were used to go from seed to target metabo-
lites. A second improvement could be to add knowledge through the use of intermediary
metabolites. It could require that a path between seeds and targets travel through known
intermediate metabolites, thus enforcing a biologically meaningful path between seeds and
targets.

The second perspective in computer science lies in the available knowledge and its
querying. As presented in the previous section, the methods developed in this thesis
relied on databases to extract knowledge. An improvement to several of the developed
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methods could be to combine different databases. This combination could help to connect
metabolomics data and metabolic network in Chapter 2). And in Chapter 4, this could
permit to combine proteomes selection on Uniprot with known living conditions of the
organism associated with the proteomes (such as BacDive (Reimer et al. 2022)). A possible
perspective to solve these issues is with the Semantic Web technologies. Through these
technologies, it is possible to describe the data and their representation inside a hierarchy
in a machine-readable way. Furthermore, these methods ease the interoperability between
databases. Some already use Semantic Web technologies (such as UniProt and Rhea).
These technologies allow querying multiple databases at the same time. If more databases
were available through these technologies, it should be possible to quickly request them
and associate them with other databases. This could allow methods relying on multiple
databases to increase their possibility of prediction.

6.2.2 Biological perspectives

As omics data are currently accumulated, new questions emerge in biology. Such ques-
tions concern understanding the genome dark matter, all the sequences and metabolites
unrelated to anything known. It also concerns the understanding of the holobionts, defin-
ing an organism and its microbiota as a whole. Bioinformatics methods presented in
this thesis contribute to exploring, testing or validating the hypotheses related to those
emerging ideas. By drawing various predictions, the methods I contributed to assess the
putative outcomes of the pathway drifts or of the Black Queen hypotheses. The modelling
and predictions performed in this thesis were made to help experts. But several methods
could need to be experimentally validated, increasing the need for collaboration with the
experts. And the methods could also be used as tools for new research questions.

The first perspective would be the experimental validation of the different methods
developed by our collaborators. For Chapter 2, the method predicts alternative metabolic
pathways. There is a need to ensure that these pathways are present in the organisms.
Several experiments could be performed to ensure good predictions of the pathways. A
first way could be to silence the gene candidates associated with the pathway. Such an
approach could be combined with metabolite quantification. This could show the accumu-
lation of the substrate of the reaction catalysed by the silenced enzyme-coding gene and
validate the intermediary metabolites. In Chapter 3, verification could be performed by
comparing similar organisms living in different environments. For example, this could test
the metabolic changes according to the change in ecological conditions. A test of Chapter
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4 would be to perform an analysis by taking taxonomic affiliations and complete genomes
from an environmental sample. We could predict with the method and compare it to the
metabolism performed by the complete genomes. Comparing the two predictions could
give insight into the most adapted options of EsMeCaTa. Finally, for the final Chapter 5,
the difference between essential and alternative symbionts could be experimentally tested
in a controlled environment. The possible role of essential symbionts as "helpers" could
be tested using synthetic communities where species predicted to be essential symbionts
are removed.

A second perspective could be to test and propose new hypotheses for the experts. In
Chapter 2, we have tested a way to predict changes resulting from the metabolic pathway
drift. By associating this method with the method presented in Chapter 3, an interesting
perspective could be to research the modifications over time of metabolic pathways for
groups of related organisms. This approach could lead to understanding the evolution
of such pathways and finding the ancestral metabolic pathways. This is the subject of
research of one of our collaborators, Gabriel Markov, from the Station Biologique de
Roscoff. In a second time, the combination of methods developed in Chapter 4 and 5
led to the prediction of minimal communities. Such analysis allows us to test the Black
Queen hypothesis, estimate the metabolic interactions between the organisms and identify
if there are possible syntrophic organisms.

6.2.3 Integrated predictions of metabolism

A combination of the methods could permit easier predictions from users. For ex-
ample, we could create a database containing EsMeCaTa predictions on all the known
genera and families. Then it could be possible to use the predicted TSMNs for metabolic
predictions. Indeed, by adding an overlay to this database containing Metage2Metabo,
it should be possible to create a web service. This web service could allow any user to
create a job selecting a set of genera or families (that could correspond to the taxonomic
affiliations from a metagenomics sample or only taxa of interest), a group of seed metabo-
lites and optionally a set of target metabolites. Then the overlay will launch the job with
Metage2Metabo on the selected taxa. In this way, it could be possible to test metabolic
complementarity between any known genus and/or family that had proteomes on UniProt
as illustrated in Chapter 5.

The different levels of metabolism presented in this thesis could be combined to make
better predictions. Considering the possibility of metabolic pathway drift in non-model
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organisms could help the GSMN reconstruction. Such an addition could create more
modular metabolic networks than those created only from reference metabolic networks
of model organisms. Increasing the diversity of metabolic pathways makes it possible
to have more diversity for GSMN. Then this could impact all the other levels as the
metabolism of taxonomic groups and the metabolic interactions in communities could
benefit from such addition. But there is also possible feedback as the metabolic inter-
actions between organisms could help to better shape the metabolism of organisms by
identifying likely auxotrophic and syntrophic organisms. Then associated with the com-
parison of metabolism at the organism level, it should be possible to study the evolution
of auxotrophy and syntrophy in these organisms.
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APPENDIX

Uniprot definitions of proteomes

Definition 6.2.1 (UniProt definition of reference proteomes) Reference pro-
teomes are a subset of proteomes that have been selected either manually or algorithmi-
cally according to a number of criteria to provide a broad coverage of the tree of life and
a representative cross-section of the taxonomic diversity found within UniProtKB, as
well as the proteomes of well-studied model organisms and other species of interest for
biomedical research.

Definition 6.2.2 (UniProt definition of redundant proteome) A redundant pro-
teome is one in which all or nearly all protein sequences are highly similar or identical to
an existing proteome from the same species. To reduce redundancy in proteomes and subse-
quently UniProtKB/TrEMBL, we have developed a procedure to identify highly redundant
proteomes within species groups, using a combination of manual and automatic meth-
ods. Proteomes can only be redundant to other proteomes of the same taxonomy branch
at species level or below (sub-species, strains, etc.). We use the CD-Hit 2D program for
pairwise comparison of proteomes within each taxonomic group. Based on the results, we
calculate the level of similarity between pairs of proteomes within the groups. Proteomes
that rank lowest are the most redundant.
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Definition 6.2.3 (UniProt definition of excluded proteome) UniProt excludes
certain proteomes where the assembly has been excluded from the NCBI Reference
Sequence (RefSeq) project for any of the reasons listed below. This list is a subset of the
exclusion reasons used by RefSeq.

Exclusion reason Explanation
chimeric Sequences from two different organisms are joined together.

contaminated Sequences from another organism, cloning vectors, linkers, adapters or primers are present in the assembly.
hybrid Sequences from a hybrid between different species, strains or isolates.

misassembled Alignment to related genome assemblies or other evidence indicates the assembly is likely to have errors.
mixed culture Sequences come from two or more organisms that were not cultured separately.

sequence duplications Assembly has one or more large duplications.
unverified source organism The origin of the assembly is misidentified.

genome length too large Total non-gapped sequence length of the assembly is more than 1.5 times
that of the average for the genomes in the Assembly resource from the same species

more than 15 Mbp, or is otherwise suspiciously long.
genome length too small Total non-gapped sequence length of the assembly is less than half

that of the average for the genomes in the Assembly resource from the same species
less than 300 Kbp, or is otherwise suspiciously short.
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Application of EsMeCaTa on bacteria and eucaryotes

Input Taxa selected by EsMeCaTa Proteomes selection (Busco ≥ 0.8) Protein clusters (MMseqs2) Functional annotation of clusters
Lowest taxonname Taxon rank Taxon rank

used
Taxon name

used
UniProt

total
UniProt

references
EsMeCaTa
proteomes

Pan-P Soft-P Shell-P Pan-P Soft-P Shell-P
GO EC GO EC GO EC

Escherichia Genus Genus Escherichia 1,506 3 3 5,821 2,421 3,298 2,183 866 1,661 679 1,906 792
Citrobacter Genus Genus Citrobacter 138 2 2 5,674 2,753 5,674 2,013 772 1,835 708 2,013 772
Cronobacter Genus Genus Cronobacter 15 0 15 9,057 101 3,128 970 677 0 12 600 603

Lelliottia Genus Genus Lelliottia 5 0 5 5,252 2,651 3,245 1,993 756 1,784 687 1,884 718
Jejubacter Genus Genus Jejubacter 1 1 1 3,915 3,915 3,915 1,983 837 1,983 837 1,983 837

Edaphovirga Genus Family Enterobacteriaceae 2,435 42 42 25,822 415 2,581 2,253 867 514 193 1,560 595
Enterobacteriaceae Family Family Enterobacteriaceae 2,435 42 42 25,822 415 2,581 2,253 867 514 193 1,560 595
Enterobacterales Order Order Enterobacterales 3,028 129 96 53,617 375 2,145 2,475 1,010 487 175 1,383 512

Gammaproteobacteria Class Class Gammaproteobacteria 8,271 911 96 85,797 329 1,183 2,650 1,040 387 123 924 327
Plasmodium Genus Genus Plasmodium 67 17 17 21,287 1,276 4,263 1,305 225 611 104 1,103 200

Leucocytozoon Genus Order Haemosporida 68 18 18 22,813 1,076 4,313 1,327 259 546 95 1,090 199
Corallicola Genus Class Conoidasida 30 10 10 46,959 76 1,326 1,919 530 94 14 717 121

Acavomonas Genus Clade Alveolata 124 48 48 248,878 50 785 3,746 924 42 7 418 76

Table 6.1 – Result of EsMeCaTa on 13 taxonomic affiliations from Table 4.1 (de-
scribed by names and ranks). First EsMeCaTa proteomes identifies the lowest taxonomic
rank associated with proteomes (column ‘Taxa selected by EsMeCaTa‘), then it selects the
proteomes associated with the taxon (column ‘Proteomes selection (Busco ≥ 0.8)‘). The sub-
column ‘UniProt total‘ indicates the total number of proteomes associated with the taxon in
UniProt (with BUSCO score ≥ 0.8). The sub-column ‘Uniprot reference‘ shows the number of
reference proteomes for the taxon. And the sub-column ‘EsMeCaTa proteomes‘ presents the
number of proteomes selected by EsMeCaTa (which will vary according to the presence of ref-
erence proteome or not and if the subsampling procedure ahs been applied). In a second step,
EsMeCaTa clusters the protein of the proteomes into protein clusters using MMseqs2 (col-
umn ‘Protein clusters (MMseqs2)‘). The sub-column indicates the number of protein clusters
selected according to various filter. These filters corresponds to the clustering threshold, this
means that for each cluster, EsMeCaTa will look for how many different proteomes are repre-
sented in the proteins of the cluster. It will divide this number by the total number of proteomes
to find a ratio of representation of proteome for each cluster. Three filters are presented: Soft-
P(Soft core proteome), which means that the filtered cluster contains at least proteins coming
from 95% of the proteomes used for the clustering. Shell-P(Shell core ) meaning that 50% pro-
teomes are represented in each cluster. The last filter Pan-P(Pan-proteome) indicates that all
protein cluster found by MMseqs2 are considered. The last step presented in the table with the
column ‘Functional annotation of clusters‘ shows how many GO Terms and EC numbers are
found for each clustering threshold.
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Titre : Combiner approches basées sur la connaissance et sur des comparaisons de sé-
quences pour élucider les fonctions métaboliques, des voies aux communautés

Mot clés : Bioinformatique, Représentation des connaissances, Génomique comparative, Mé-

tabolisme, Biologie des systèmes, Microbiote, Évolution

Résumé : Le métabolisme peut être modé-
lisé et étudié à plusieurs niveaux. Un pre-
mier niveau étudié est celui des voies mé-
taboliques qui correspondent à des enchaî-
nements de transformations chimiques ame-
nant à la production de composés d’inté-
rêt. Et c’est au travers d’une formalisation de
la dérive métabolique en programmation par
contraintes, que des voies métaboliques alter-
natives ont pu être proposées chez une algue.
Un second niveau du métabolisme rassemble
l’ensemble des centaines de voies métabo-
liques contenu dans le métabolisme d’un or-
ganisme. Une méthode visant à créer des ré-
seaux métaboliques homogènes à partir de
données publiques hétérogènes est présen-

tée et est appliquée sur trois jeux de don-
nées bactériens et eucaryotes. Le troisième
niveau est le métabolisme d’un groupe d’orga-
nismes et permet d’étudier le fonctionnement
d’un organisme non spécifiquement identifié.
Pour cela, une méthode reposant sur l’ingé-
nierie des connaissances et la comparaison
des séquences a été développée et a per-
mis d’étudier le métabolisme d’une commu-
nauté bactérienne. Le dernier niveau corres-
pond au métabolisme d’une communauté et
vise à comprendre les possibles interactions
métaboliques entre ces organismes. Une mé-
thode a été développée permettant l’identifi-
cation d’espèces clés au travers de la complé-
mentarité métabolique.

Title: Combining knowledge-based and sequence comparison approaches to elucidate
metabolic functions, from pathways to communities

Keywords: Bioinformatics, Knowledge representation, Comparative genomics, Metabolism,

Systems biology, Microbiota, Evolution

Abstract: Metabolism can be modelled and
studied at many levels. The first level is the
metabolic pathways, which contain a set of
chemical transformations leading to the pro-
duction of compounds of interest. Alterna-
tive metabolic pathways were predicted in an
alga using a formalism of the metabolic path-
way drift and its implementation with con-
straint programming. The second level is the
organism metabolism which contains hun-
dreds of metabolic pathways. A method has
been developed to reconstruct homogeneous

metabolic networks from heterogeneous pub-
lic data. The third level is the metabolism of a
group of organisms (or taxon) which can be
useful to characterize an organism that has
not been clearly identified. To achieve this, a
method using knowledge engineering and se-
quence comparison has been created. Finally,
the fourth level is the metabolism of a commu-
nity and the metabolic interaction in this com-
munity. A method has been developed to iden-
tify the key species among a community.
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