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Résumé

La localisation subcellulaire de ’ARN permet un déploiement prompt et spatialement
restreint autant des activités protéiques que des ARN noncodant. Le trafic d’ARN est dirigé
par des éléments de séquences (sous-séquences primaires, structures secondaires), aussi appe-
1és motifs de régulation, présents en cis & méme la molécule d’ARN. Ces motifs sont reconnus
par des protéines de liaisons aux ARN qui médient I'acheminement des transcrits vers des
sites précis dans la cellule. Des études récentes, chez I’embryon de Drosophile, indiquent que la
majorité des ARN ont une localisation subcellulaire asymétrique, suggérant I’existence d’un
« code de localisation » complexe. Cependant, ceci peut représenter un exemple exception-
nel et la question demeurait, jusqu’ici, si une prévalence comparable de localisation d’ARN
est observable chez des cellules standards développées en culture. De plus, des informations
facilement disponibles & propos des caractéristiques de distribution topologique d’instances
de motifs & travers des transcriptomes complets étaient jusqu’a présent manquantes.

Afin d’avoir un apercu de I’étendue et des propriétés impliquées dans la localisation des
ARN, nous avons soumis des cellules de Drosophile (D17) et de I'humain (HepG2) a un
fractionnement biochimique afin d’isoler les fractions nucléaire, cytosolique, membranaire et
insoluble. Nous avons ensuite séquencé en profondeur ’ARN extrait et analysé par spectro-
métrie de masse les protéines extraites de ces fractions. Nous avons nommé cette méthode
CeFra-Seq. Par des analyses bio-informatiques, j’ai ensuite cartographié I’enrichissement de
divers biotypes d’ARN (p. ex. ARN messager, ARN long non codant, ARN circulaire) et
protéines au sein des fractions subcellulaires. Ceci a révélé que la distribution d’un large
éventail d’espéces d’ARN codants et non codants est asymétrique. Une analyse des génes
orthologues entre mouche et humain a aussi démontré de fortes similitudes, suggérant que
le processus de localisation est évolutivement conservé. De plus, j’ai observé des attributs

(p. ex. la taille des transcrits) distincts parmi les populations d’ARN messagers spécifiques
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a une fraction. Finalement, j’ai observé des corrélations et anti-corrélations spécifiques entre
certains groupes d’ARN messagers et leurs protéines.

Pour permettre ’étude de la topologie de motifs et de leurs conservations, j'ai créé
oRNAment, une base de données d’instances présumée de sites de liaison de protéines chez
des ARN codants et non codants. A partir de données de motifs de liaison protéique par
RNAcompete et par RNA Bind-n-Seq, j’ai développé un algorithme permettant ’identifi-
cation rapide d’instances potentielles de ces motifs dans un transcriptome complet. J’ai pu
ainsi cataloguer les instances de 453 motifs provenant de 223 protéines liant I’ARN pour 525
718 transcrits chez cinq espéces. Les résultats obtenus ont été validés en les comparant a des
données publiques de eCLIP.

J’ai, par la suite, utilis¢é oRNAment pour analyser en détail les aspects topologiques des
instances présumées de ces motifs et leurs conservations évolutives relatives. Ceci a permis
de démontrer que la plupart des motifs sont distribués de facon similaire entre espéces. De
plus, j’ai discerné des points communs entre les sous-groupes de protéines liant des biotypes
distincts ou des régions d’ARN spécifiques. La présence de tels patrons, similaires ou non,
entre espéces est susceptible de refléter 'importance de leurs fonctions. D’ailleurs, I’analyse
plus détaillée du positionnement d’un motif entre régions transcriptomiques comparables
chez les vertébrés suggére une conservation synténique de ceux-ci, a divers degrés, pour
tous les biotypes d’ARN. La topologie régionale de certaines instances de motifs répétées
apparait aussi comme évolutivement conservée et peut étre importante afin de permettre
une liaison adéquate de la protéine. Finalement, les résultats compilés avec oRNAment ont
permis de postuler sur un nouveau role potentiel pour ’ARN long non codant HELLPAR
comme éponge de protéines liant PARN.

La caractérisation systématique d’ARN localisés et de motifs de régulation en cis pré-
sentée dans cette thése démontre comment l'intégration d’information a 1’échelle transcrip-
tomique permet d’évaluer la prévalence de l'asymétrie, les caractéristiques distinctes et la

conservation évolutive de collections d’ARN.
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Abstract

The subcellular localization of RNA allows a rapid and spatially restricted deployment
of protein and noncoding RNA activities. The trafficking of RNA is directed by sequence el-
ements (primary subsequences, secondary structures), also called regulatory motifs, present
in cis within the RNA molecule. These motifs are recognized by RNA-binding proteins
that mediate the transport of transcripts to specific sites in the cell. Recent studies in the
Drosophila embryo indicate that the majority of RNAs display an asymmetric subcellular
localization, suggesting the existence of a complex "localization code". However, this may
represent an exceptional example and the question remained, until now, whether a com-
parable prevalence of RNA localization is observable in standard cells grown in culture. In
addition, readily available information about the topological distribution of pattern instances
across full transcriptomes has been hitherto lacking.

In order to have a broad overview of the extent and properties involved in RNA localiza-
tion, we subjected Drosophila (D17) and human (HepG2) cells to biochemical fractionation
to isolate the nuclear, cytosolic, membrane and insoluble fractions. We then performed deep
sequencing on the extracted RNA and analyzed through mass spectrometry the proteins
extracted from these fractions. We named this method CeFra-Seq. Through bioinformatics
analyses, I then profiled the enrichment of various RNA biotypes (e.g. messenger RNA| long
noncoding RNA| circular RNA) and proteins within the subcellular fractions. This revealed
the high prevalence of asymmetric distribution of both coding and noncoding RNA species.
An analysis of orthologous genes between fly and human has also shown strong similari-
ties, suggesting that the localization process is evolutionarily conserved. In addition, I have
observed distinct attributes (e.g. transcript size) among fraction-specific messenger RNA
populations. Finally, I observed specific correlations and anti-correlations between defined

groups of messenger RNAs and the proteins they encode.
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To study motifs topology and their conservation, I created oRNAment, a database of
putative RNA-binding protein binding sites instances in coding and noncoding RNAs. Us-
ing data from protein binding motifs assessed by RNAcompete and by RNA Bind-n-Seq
experiments, I have developed an algorithm allowing their rapid identification in a complete
transcriptome. I was able to catalog the instances of 453 motifs from 223 RNA-binding pro-
teins for 525,718 transcripts in five species. The results obtained were validated by comparing
them with public data from eCLIP.

I then used oRNAment to further analyze the topological aspects of these motifs’ in-
stances and their relative evolutionary conservation. This showed that most motifs are dis-
tributed in a similar fashion between species. In addition, I have detected commonalities
between the subgroups of proteins linking preferentially distinct biotypes or specific RNA
regions. The presence or absence of such pattern between species is likely a reflection of the
importance of their functions. Moreover, a more precise analysis of the position of a motif
among comparable transcriptomic regions in vertebrates suggests a syntenic conservation,
to varying degrees, in all RNA biotypes. The regional topology of certain motifs as repeated
instances also appears to be evolutionarily conserved and may be important in order to allow
adequate binding of the protein. Finally, the results compiled with oRNAment allowed to
postulate on a potential new role for the long noncoding RNA HELLPAR as an RNA-binding
protein sponge.

The systematic characterization of RNA localization and cis regulatory motifs presented
in this thesis demonstrates how the integration of information at a transcriptomic scale
enables the assessment of the prevalence of asymmetry, the distinct characteristics and the

evolutionary conservation of RNA clusters.

Vil
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Avant-propos

Structure de la thése.

Cette thése de doctorat fiit rédigée selon les directives décrites dans le Guide des mémoires
et des theéses de I’'Université de Montréal et est sous forme hybride telle qu’autorisée par le
département de biochimie et médecine moléculaires.

Comme chapitre de cette these, j’ai inclus les textes et figures de quatre manuscrits qui ont
été publiés ou sont en préparation et pour lesquels je suis le premier auteur. L’introduction
est formé de deux chapitres. Le chapitre 1 propose une introduction générale, en francais,
alors que le chapitre 2 (premier article) présente une revue de littérature publiée en anglais.
Le corps de cette thése, soit les chapitres 3 (deuxiéme article), 4 (troisiéme article) et 5
(quatriéme article), est sous forme d’articles rédigées en anglais. Une discussion et conclusion
générale, en francais, sont proposées aux chapitres 6 et 7. Chacun des chapitres 2, 3, 4 et
5 contient une préface qui les introduit contextuellement et qui détaille la contribution de

chaque auteur. De plus, chacun des chapitres a sa section de références propre.
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Chapitre 1

Introduction générale

1.1. Historique de la découverte de ’ARN

L’ARN joue un role central non seulement dans une panoplie de processus et mécanismes
cellulaires, mais aussi dans ’ontogénie et méme 1’évolution du vivant. Elle tiendrait plu-
sieurs de ses caractéristiques depuis aussi tot que I’époque du monde ARN, cette période
hypothétique lors de laquelle les formes de vie primitives utilisaient 'ARN autant comme
base de 'information génétique que de I'activité enzymatique [55, 149]. Bien que les cellules
modernes aient changé de facon significative depuis cette période, ’ARN maintient un role
central dans la biologie cellulaire.

Friedrich Miescher est considéré comme le premier scientifique, qui, en 1869, isola et ca-
ractérisa des composés faibles en sulfure et riches en phosphate dans des noyaux de cellules,
et qu’il nomma nucléine [42, 161, 160]. Maintenant défini comme acides nucléiques, ils
forment la base de 'ARN et de ’ADN [42, 161, 160|. Il aura fallu attendre au début des
années 1940 pour que des analyses démontrent que ’ARN et 'ADN différent en leur com-
position glucidique. L’ADN étant formé d’un désoxyribose et ’ARN d’un ribose et de bases
azotées, la thymine chez I’ADN étant remplacée par I'uracile chez ’ARN [42]. Oswald Avery,
en 1944, fut le premier a proposer que I’ADN forme le support de I'information génétique [5].
George Beadle et Edward Tatum furent parmi les premiers a développer I'idée que '’ARN
fonctionne comme intermédiaire entre ’ADN et les protéines [14]. Dans les années 1950-1960,
'utilisation de techniques telles que la cristallographie par rayons X, la chromatographie et
les techniques de centrifugation permettant d’isoler physiquement des composés biologiques

et d’analyser leurs structures moléculaires fut naturellement regroupées dans une nouvelle



discipline nommeée biologie moléculaire [149]. En 1953, les travaux expérimentaux de Rosa-
lind Franklin ont mené James Watson et Francis Crick a publier la structure de ’ADN et,
en 1958, Francis Crick proposa le « dogme central de la biologie moléculaire » (Figure 1.1)
[149, 194]. Celui-ci postule que U'information génétique est directionnelle et que I’ARN agit
comme un intermédiaire entre ’ADN et les protéines [149]. En 1958, Schweet, Lamform et
Allen produisirent les premiéres évidences expérimentales du role des ARN messagers qui
fut ensuite établi, en 1961, par Brenner, Jacob et Meselson [23, 176]. En 1960, Francois
Jacob et Jacques Monod furent les premiers a définir ’ARN messager (mRNA) suivant leurs

analyses d’enzymes inductibles chez E. coli [23, 71, 88].
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FIGURE 1.1. Dogme central de la biologie moléculaire. Représentations schématiques
du dogme central de la biologie moléculaire tel que postulé par Francis Crick (lignes noires)
et actualisé (ligne cyan) suite aux décennies d’efforts de caractérisation en biologie des ARN.

Comme le décrivent les sections suivantes, les connaissances sur 'ARN et le dogme de
la biologie moléculaire ne cessent d’étre modifiés et nuancés afin d’y intégrer toutes les
connaissances, sans cesse grandissantes, a propos des roles et caractéristiques variés joués

par différentes classes d’ARN et de molécules afférentes au sein de la cellule.

Transcriptome noncodant

Un des changements de paradigme le plus important en ce qui a trait aux connaissances
lices aux ARN est assurément 1’étendue des niveaux de transcription et la diversité fonction-
nelle associée aux ARN non codants. En effet, les techniques de puce & ADN et de séquencage
a haut débit ont démontré que la majorité des régions intergéniques et introniques sont dif-
férentiellement transcrites [38, 39|. Alors qu’environ 1,2% des bases du génome humain

encodent pour des ARN messagers, les observations les plus récentes indiquent qu’au moins



80 % du génome serait transcrit en ARN de biotypes variés, bien que leurs roles fonctionnels

restent controversés (Figure 1.2) [149, 38, 39, 33, 102, 70|.
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FIGURE 1.2. Chronologie des découvertes principales en biologie des ARN. His-
torique des événements et progrés majeurs des recherches en biologie des ARN mettant
I'emphase sur les ARN non codants (haut) et les méthodes et technologies (bas).

Durant les années 1950, plusieurs recherches cruciales furent effectuées pour élucider les
voies mécanistiques entre les génes et les protéines. Parmi ceux-ci, les travaux de George
Palade et Paul Zamecnik, publiés en 1955 et 1958 respectivement, ont mené aux découvertes
des premiers ARN non codants [156, 81|. George Palade, d’'un coté, s’'intéressa aux ribo-
somes et aux liens avec les ARN ribosomaux [156]. Paul Zamecnik et coll. quant a eux, ont
originalement décrit I’ « ARN soluble », maintenant connu sous le nom ARN de transferts
(tRNA) [81, 101]. 1l s’agit d’une molécule « adaptatrice », d'une taille d’environ 76 nucléo-
tides, servant d’intermédiaire a la traduction de 'information a partir de ’ARN messager
[81, 101].

Par ailleurs, la découverte des ARN nucléaires hétérogénes (hnRNAs) et les observations
que ceux-ci forment une population complexe enrichie principalement dans le noyau ont
mené aux hypothéses que les ARN peuvent avoir des roles supplémentaires [193]. Ces obser-
vations ont conduit Roy Britten et coll., dés 1969, a raisonner que les ARN pourraient étre
fonctionnels et agir en tant que régulateurs et coordonnateurs, sans pour autant produire de
protéines [43, 24, 25, 85].

A la suite des études décrivant les tRNAs et les TRNAs, des techniques de fractionnement
cellulaire ont permis la découverte d'un grand nombre de petits ARN provenant du noyau

des cellules [195, 52]. Parmi les ARN ainsi identifiés, les petits ARN nucléaires (snRNAs),



d’une taille d’environ 150 nucléotides, tiennent un roéle dans I’épissage d’ARN messagers en
formant de larges complexes ribonucléoprotéides nommés spliceosome |27, 192]|. Les petits
ARN nucléolaires (snoRNAs) d'une taille allant de 60 & 170 nucléotides, quant a eux, ont
principalement un role dans la maturation des ARN ribosomaux. Des études ont méme
démontré qu’ils ciblent aussi les ARN messagers et sont différentiellement exprimés dans
certains tissus, suggérant des roles de régulations supplémentaires [142, 100, 29, 171, 6].
Des snoRNAs particuliers ont aussi été détectés dans des structures subnucléaires définies
comme le corps de Cajal et ont donc été nommés petit ARN spécifique au corps de Cajal
(scaRNAs) [89]. Par contre, leurs roles restent encore mal définis [149].

En 1976, Heinz Sanger démontra que les viroides, particule virale élémentaire, composés
uniquement d’'un ARN circulaire sans capside, sont des molécules d’ARN liées aux extrémités
de fagon covalente pour former une boucle et ainsi il proposa le concept d’ARN circulaire
(circRNA) [6]. Par contre, I'observation d’ARN circulaire chez les eucaryotes est venue beau-
coup plus tard, soit en 2012 [173]. De nombreuses analyses subséquentes montrérent qu’il
existe au moins cinq classes d’ARN circulaire, soit les ARN circulaires génomiques (« genomic
circular RNA »), les ARN circulaires intermédiaires au processus (« processing intermediate
RNA »), les ARN non codants constitutifs circulaires (« circular housekeeping noncoding
RNA »), les introns circularisés (« circular intron RNA »), et les exons épissés circularisés
(« circular spliced-exon RNA ») [89, 173, 113, 73, 30, 31, 125|. Plusieurs études récentes
tendent a démontrer qu’ils tiendraient un role d’éponge pour les micros ARN, bien que des
mécanismes diversifiés leur sont pressentis [89, 169, 104].

Bien que plusieurs ARN non codants aient été détectés, un grand nombre de chercheurs
doutaient encore de leurs roles fonctionnels et les considéraient comme de simples résidus
intermédiaires instables. En 1980, Tomas Cech et Sidney Altman découvrirent des ARN
capables d’agir comme catalyseurs de réactions biochimiques en identifiant un intron capable
d’effectuer son propre épissage, ils venaient de distinguer les ribozymes [113, 73, 30, 31].

Au début des années 1990, un nombre grandissant de chercheurs s’intéressérent, principa-
lement en effectuant des expériences de co-expressions transgéniques, a 'inhibition protéique
médiée par les ARN et au phénoméne de co-suppression. C’est ainsi qu’en 1993, Victor Am-
bros et coll. ont observé de petits ARN régulateurs d’une taille d’environ 22 nucléotides,

ensuite définis comme des micros ARN (miRNAs) [125, 169]. Ils démontrérent que ces



miRNAs agissent comme inhibiteurs de la traduction et accélérent la dégradation des ARN
messagers en se liant typiquement par complémentarité de bases a leur région non transcrite
en 3’ [104]. Il fut ensuite établi que la majorité des miRNA ciblent des ARN messagers,
que ceux-ci peuvent posséder plusieurs sites cibles de miRNAs et qu'un miRNA peut cibler
plusieurs ARNm différents [98, 131, 59, 175]. Les analyses mécanistiques des miRNAs ont
démontré qu’ils proviennent d’un clivage d'un ARN double brin endogéne [9]. Par la suite, il
fut reconnu que des protéines clés, telles que Drosha, Dicer et Argonaute sont impliquées dans
la biogenése des miRNAs [126, 18, 50]. De fagon intéressante, une sous-classe des protéines
Argonautes, nommeées PIWI, sont requises pour la différenciation des cellules souches et ger-
minales et sont associées a une classe distincte de petits ARN, d’une taille de 26 a 30 nucléo-
tides, nommée ARN interagissant avec PIWI (piRNA) [135, 40, 115, 108, 187, 69, 116|.

Vers la fin des années 1980, des travaux effectués par Vassilis Pachnis ont permis d’iden-
tifier, malgré le fait qu’il ft originalement interprété comme un ARN messager, le premier
long ARN non codant (IncRNA), nommé H19 [155, 8, 22|. Parallélement, les travaux de
Mary Lyon sur l'inactivation du chromosome X chez la souris ont permis & Carolyn Brown
d’identifier le IncRNA XIST [139, 26]. Les IncRNAs furent finalement définis comme des
ARN non codants étant plus longs que 200 nucléotides, taille principalement établie comme
seuil de fractionnement biochimique pratique et permettant une différenciation simple des
autres petits ARN non codants [94, 65|. Les IncRNAs sont par ailleurs distingués en plu-
sieurs catégories selon qu’ils sont introniques, antisenses ou intergéniques. Par contre, bien
qu’il puisse étre utile de différencier leurs origines, leurs différences fonctionnelles demeurent
incertaines [149, 103, 106]. De plus, les études récentes ont démontré que les IncRNAs
ont des séquences faiblement conservées évolutivement, bien que leurs structures montrent
des évidences de conservation et qu’ils ont une plus grande spécificité, autant cellulaire
que d’expression, en moyenne, que les ARN messagers et les protéines qu’elles encodent
[179, 99, 47, 28].

La combinaison de ces efforts de caractérisation a permis de définir des fonctions aux
petits et longs ARN non codants et ainsi révolutionner les théories sur les génes ne codant pas
pour des protéines et leurs propriétés générales dans les cellules. Plus récemment, I’avénement
de I'ére génomique et du séquencage ARN a haut débit ont révélé l'existence de plusieurs

autres classes de petits ARN non codants qui peuvent étre spécifiques a certaines branches



du vivant, par exemple observés uniquement chez les animaux et non chez les plantes. Parmi
ceux-ci, il y a les ARN d’initiation de transcription (tiRNAs) les ARN de site d’épissage
(spliRNAs), les ARN transfert-messager (tmRNAs) et les « enhancer » ARN (eRNAs) [181,
182, 165, 203, 44|. Ceci démontre qu'il reste assurément beaucoup & apprendre sur la vaste

diversité d’ARN non codants ayant des roles fonctionnels importants au sein des cellules.

1.3. Principes, roles biologiques et mécanismes de la localisation des

ARN

En 1983, William Jeffrey et coll. identifierent que la distribution subcellulaire des ARNm
de la B-actine chez les embryons et les ceufs d’ascidies, un animal marin, était asymétrique
[96]. Cette découverte importante fut une étape majeure dans I’étude de la biologie d’ARN,
car, jusque-la, les théories acceptées reposaient sur 'idée que la compartimentation des pro-
téines était strictement due & un transport post-traductionnel [172]|. Par conséquent, une
nouvelle théorie dictant que les ARN qui codent pour des protéines peuvent étre activement
transportés vers une région subcellulaire précise avant d’étre localement traduits émergea.
Bien que la proportion d’ARN ainsi distribués de méme que I’étendue de ce mécanisme a
d’autres espéces furent originalement controversées, des travaux de caractérisation effectués
dans les derniéres décennies démontrérent plusieurs exemples d’ARNm localisés dans une
panoplie d’espéces. En effet, grace a des techniques avancées en microscopie, en génomique
et en bio-informatique, il fut établi que des milliers d’ARN sont régulés au niveau de leurs
trafics subcellulaires chez les algues [177], les ascidies [162], les fongus [199], les insectes
[121, 68], les invertébrés [79], les levures [80], les plantes [41], les procaryotes [105], les am-
phibiens, les poissons et les mammiféres [143, 191, 19, 74, 146, 123, 201]. La localisation
des ARN est maintenant acceptée comme une étape post-transcriptionnelle de la régulation
génique et est un facteur important et prévalent dans la modulation des fonctions autant des
ARN codants que non codants [11].

Selon les principes fondamentaux de la localisation des ARN, ceux-ci octroient de nom-
breux bénéfices a la cellule et impliquent plusieurs mécanismes (Figure 1.3) [16, 141, 21,
36, 91]. Puisqu'un seul ARNm peut étre traduit simultanément par plusieurs ribosomes, une
large quantité de protéines peut étre créée par quelques ARN, réduisant considérablement

I’énergie nécessaire pour obtenir la méme quantité de protéines a une région subcellulaire



précise [196, 190]. Par ailleurs, les ribosomes semblent étre distribués dans la majorité des
régions subcellulaires et des études ont démontré que la distribution des ARN montre gé-
néralement une corrélation avec les patrons de distribution des protéines qu’elles codent
[123, 122, 15]. De plus, puisque les ARNm qui encodent pour des protéines possédant des
roles fonctionnels similaires partagent fréquemment des patrons de localisation similaire, il
est présumé que leur transport et traduction collectivement synchronisés faciliteraient leurs
assemblages en complexes protéiques [148, 10, 78, 152]. Cela étant, la localisation ciblée de
la traduction des ARNm, en plus d’offrir un mécanisme précis pour controler la distribution
et I'assemblage des complexes protéiques, permet, a I'inverse, d’écarter certaines protéines de
régions ou elles pourraient avoir un effet néfaste [16, 141, 21, 57, 2, 180]. D’autre part, elle
permet d’en réguler la temporalité, ou la traduction localisée peut étre enclenchée par des
stimuli externes. Par exemple, dans les neurones, la traduction d’ARNm préalablement ache-
minés a une région donnée peut étre initiée en réponse a une stimulation exogéne [143, 146|.
Finalement, la localisation des ARN, en particulier des ARN non codants, a été impliquée
dans des fonctions indépendantes de la traduction, par exemple en agissant comme échafaud
dans I’assemblage de structures macromoléculaires [110, 97].

Des études ont démontré que la localisation des ARN semble pouvoir étre effectuée selon
trois mécanismes soit : 1) la diffusion générale couplée a un arrimage local ; 2) la protection
contre la dégradation ; et 3) le transport direct a ’aide du réseau cytosquelettique (Figure 1.3)
[16, 141, 21|. Notamment, il a été démontré que PARN localisé est généralement dans un
état de répression de la traduction pendant son déplacement, un mécanisme nécessaire afin
d’assurer un appariement étroit entre les patrons de distribution des ARNm et des protéines
[95, 138]. De plus, un ARN peut exploiter plusieurs mécanismes afin de se rendre au bon
endroit.

A T’origine de ces mécanismes de localisations, les ARN possédent & méme leurs séquences
ou leurs structures des éléments, ou motifs, de régulation en cis qui sont liés par des facteurs,
telles des protéines liant les ARN (« RNA binding proteins », RBP), en trans, ce qui impulse
leur ciblage dirigé. Une description plus détaillée de ces motifs est proposée au chapitre 2.1.

Le premier mécanisme est la diffusion générale couplée & un arrimage local. Celui-ci est
bien exemplifié par nanos, un ARNm localisé au pole postérieur des oocytes de Drosophile

[62]. Pendant les derniéres étapes de 'oogenése, nanos suit les forts courants cytoplasmiques
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FIGURE 1.3. Meécanismes et bénéfices fonctionnels de la localisation des ARN.
Schématisation de la localisation subcellulaire des ARN. Suivant la transcription (1), les
ARN sont liés, dans le noyau, par des RBP, formant des ribonucléoprotéines (RNP) et sont
exportés via des pores nucléaires (2). Dans le cytoplasme, les RNP transitent dans un état
de répression de la traduction selon trois mécanismes possibles soit : (3) la diffusion générale
couplée a un arrimage local; (4) la protection contre la dégradation; et (5, 6) le transport
direct & l'aide du réseau cytosquelettique vers une région subcellulaire cible ou ils sont,
généralement, intégrés a des polysomes pour étre traduits en protéines (7). En paralléle,
la traduction ciblée confére des bénéfices importants dont : (8) faciliter la formation de
complexes protéiques et (9) prévenir la localisation anormale de protéines a des régions ou
elles pourraient avoir un effet néfaste. (10) La localisation des ARN permet aussi des fonctions
indépendantes de la traduction en agissant comme échafaud dans 1’assemblage de structures
macromoléculaires.

de l'oocyte et peut ainsi étre rapidement mis en contact et ancré au cytosquelette a 1’aide
de molécule d’actine [62]. Evidemment, ce type de localisation n’est pas des plus efficients
énergétiquement et seulement 4% de nanos sont protégés d’une déadénylation et d’une
dégradation par Smaug [17, 198|. La localisation de nanos au pole postérieur implique
donc un deuxiéme mécanisme, soit une protection contre la dégradation qui consiste en
une dénaturation compléte de ’ARN qui n’est pas a un endroit précis [16, 141, 62, 198].
Troisiémement, le mécanisme de localisation des ARN qui semble le plus prédominant est
le transport direct a I’aide du réseau cytosquelettique [141, 21, 15]. Au moyen de celui-
ci, lorsqu'un ARN atteint le cytoplasme sous forme de particule ribonucléique messager

(mRNP), il peut subir un remodelage par I’ajout ou le retranchement d’éléments en trans,



tels des RBP ou microARN, pour former une granule [141, 21, 15|. Ces granules peuvent
s’associer a des protéines motrices et sont transportées a travers le réseau cytosquelettique
vers leurs destinations [141, 21, 15|. Par exemple, la localisation de TARNm ASHI au
bourgeon chez S. cerevisiae s’effectue grace a la combinaison de quatre motifs de localisation
qui agissent en synergie afin de lier ’ARN & plusieurs RBP, tels que She2p, LoclP, Puf6p, et
Khd1p, pour finalement se lier & Myo/p, une protéine motrice ayant un role dans le transport
cellulaire et achemine cette mRNP de fagon directe & destination par des filaments d’actine
[93, 178, 150, 137,72, 53, 87, 20, 58, 92, 136, 32, 112, 157|. Lorsqu’arrivé a destination,
le ASH1 est ancré par les protéines Shedp et Budbp et les protéines Puf6p et Kdhlp sont
libérées, permettant ainsi & ASHI d’étre traduit [13, 45, 158].

Ces découvertes, effectuées au cours des derniéres décennies démontrent bien que la loca-
lisation des ARN couplés a une régulation de la traduction s’est révélée comme un mécanisme
commun et fondamental pour une grande variété d’ARN, et ce, dans une panoplie de types
cellulaires. Alors qu’originalement interprétée comme un simple moyen de restreindre la
synthése protéique chez des cellules polarisées, son importance est dorénavant établie pour

réguler globalement 1’expression génique de facon spatio-temporelle.

1.4. Méthodologies expérimentales et technologies appliquées a

I’étude de la localisation des ARN

La biologie des ARN refléte la symbiose d’une pléthore de systémes complexes et les
chercheurs ont développé une grande variété de techniques permettant de documenter, entre
autres, leurs mécanismes, prévalences et localisations de facon robuste. Parmi ces tech-
niques, certaines a haut débit, de génomiques, de transcriptomiques, d’imageries et de bio-
informatiques ont révélé qu une panoplie d’ARN subissent une régulation stricte de leur trafic
subcellulaire faisant passer le répertoire de transcrits localisés d’une centaine a plusieurs mil-

liers (Figure 1.2) [143, 19, 146, 123, 122, 15, 56, 128, 90, 86, 60, 145].
1.4.1. Imageries

En 1969, Mary Lou Pardue et coll. publiérent une technique d’imagerie pour détecter la

localisation subcellulaire d’acide nucléique, 'hybridation in situ (ISH) [159]. Cette méthode



utilisait a l’origine des sondes radioactives, mais a été développée pour utiliser une combi-
naison de streptavidines et de biotines, ou la digoxigénine [123, 12]. Utilisée en conjonction
avec des fluorophores, elle est nommée hybridation in situ en fluorescence (FISH). Plusieurs
études utilisant ces techniques ont été effectuées dans une variété de types cellulaires et
organismes, ce qui a permis de caractériser la localisation subcellulaire de plusieurs ARN,
autant codants que non codants [123, 54, 140, 183, 109, 144, 129|. Par exemple, Eric
Lécuyer s’est servi d’une optimisation a grande échelle d’une technique de FISH pour établir
I’asymétrie de 3370 génes de Drosophile durant les étapes précoces de 'embryogenése et
conclure qu’environ 70 % d’entre eux ont un patron de localisation asymétrique [123, 122].
Cette étude est la base d'une des hypothéses générales adressées dans cette thése, soit que la

localisation des ARN est prévalante dans des cellules standards humaines et de Drosophiles.

1.4.2. Fractionnement cellulaire biochimique

Une autre méthode importante pour caractériser les populations de transcrits est basée
sur le fractionnement cellulaire, originalement développé par Albert Claude dans les années
1940 [164, 34, 35|. Cette technique repose sur le bris physique des cellules, autrefois effectué
avec un mortier et un pilon, qui font ensuite l'objet de centrifugations différentielles, sépa-
rant ainsi les composés selon leurs densités, définies comme fraction. Les méthodes modernes
utilisent plutdét une homogénéisation de Dounce pour lyser les cellules et des centrifuga-
tions plus précises, mais les principes restent les mémes pour établir les enrichissements de
molécules, dont les ARN, dans des compartiments subcellulaires spécifiques. Suivant cette
approche, plusieurs ARN associés & un grand nombre d’organelles telles que les mitochon-
dries, le réticulum endoplasmique, les membranes, les fuseaux mitotiques, ainsi que les frac-
tions cytosoliques, nucléaires, insolubles et les vésicules extra cellulaires ont pu étre identifiés
[68, 75, 117, 151, 46, 197, 202, 66, 127|. Cette méthode peut aussi étre utilisée lors d’une
analyse de transcriptomique comparative afin d’établir les différentiations de localisation de
populations d’ARN soit en suivant un processus cellulaire dynamique ou subséquemment &
une manipulation génétique telle une déplétion d'un géne [191, 127]. L’utilisation de varia-
tion de ces techniques fut primordiale dans la création des jeux de données nécessaires aux

analyses bio-informatiques effectuées pour cette these.
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1.4.3. Techniques in vitro et in vivo de caractérisation de motifs

L’étude des processus et mécanismes des ARN est intimement liée a I’étude in vivo des
réseaux de régulations et des protéines liant ’ARN (RBP). Plusieurs méthodes ont été dé-
veloppées pour identifier les interactions endogénes ARN-protéines [170, 124|. En 1979,
Michael Lerner et coll. furent les premiers a employer une méthode utilisant des anticorps
contre la protéine d’épissage Sm pour identifier les petits ARN nucléaires formant ce petit
complexe ribonucléoprotéide nucléaire [130]. Cette méthode fut nommée RIP pour « RNA
immunoprecipitation » [153]. En 2010, les techniques de RIP furent combinées au séquen-
cage a haut débit dans une méthode nommée RIP-Seq [200]. Par contre, ces techniques sont
mal adaptées aux analyses des contacts directs entre ARN et protéines, car elles préservent
les interactions protéiques [147]. Pour pallier cet obstacle, Jernej Ule et coll. élaborérent, en
2003, le « Crosslinking and immunoprecipitation » (CLIP), méthode qui permet la conser-
vation de contact RNA-protéine en s’assurant de purifier une seule RBP [186]. Pour leurs
analyses, ils utilisérent le séquengage de Sanger, décrit a la section 1.4.4, pour identifier 340
séquences d’interactions entre I’ARN et les facteurs d’épissage Nova 1 et Nova 2 [186]. Les
optimisations subséquentes faisant appel aux micropuces ou aux séquencages a haut débit
entrainérent une panoplie de méthodes diverses tel le HITS-CLIP (ou CLIP-seq), le PAR-
CLIP, le iCLIP, ou le eCLIP a étre mis au point [134, 76, 111, 188, 189|. Ceux-ci ne
cessent d’étre optimisés afin d’améliorer la résolution, maintenant au nucléotide preés, des
régions d’interactions entre ARN et protéines dans un contexte cellulaire.

Ces techniques in vivo sont par contre difficiles d’application lorsque 'intérét est de dé-
river les motifs & la base des interactions ARN-protéines. Ceci est principalement dia au
cofacteur protéique et au niveau élevé d’arriére-plan non spécifique [64]. Des méthodes in
wvitro ont donc été développées dans ce but. En 2009, Debashish Ray et coll. proposérent
RNAcompete, une méthode de sélection a haut débit ou des RBP purifiées sont incubées
avec un ensemble d’ARN aléatoire, suivi d'un profilage par micropuce [167]. Ils ont ainsi pu
établir les motifs consensus de prés de 300 RBP [168]. Par contre, cette méthodologie est
conceptuellement limitée, car elle est désignée pour identifier de fagon prédominante des mo-
tifs dans des régions non structurées, soit des tiges-boucles [167, 168, 166]|. Subséquemment,
Nicole Lambert et coll. proposérent une approche semblable utilisant des protéines purifiées,

ou leurs domaines de liaison & ’ARN (« RNA binding domain », RBD), mais se basant plutot

11



sur le séquengage a haut débit, nommé RNA Bind-n-Seq (RBNS) [118, 119, 51]. Ils ont
ainsi pu établir les motifs consensus plus complets de 70 RBP en y incluant la structure
secondaire de PTARN [118, 119, 51].

L’utilisation de ces approches démontre formellement comment les RBP peuvent s’as-
socier aux ARN afin de moduler leurs fonctions, incluant leur localisation subcellulaire.
L’inclusion des données publiques émanant de ces méthodes fut d’une grande valeur et est a

I'origine des principales analyses et validations de cette these.

1.4.4. Séquencage a haut débit des ARN

Une des technologies récentes qui conduit a un changement révolutionnaire dans 1’étude
des ARN est sans doute le séquencage ARN a haut débit ou RNA-seq. Celle-ci est concep-
tuellement basée sur le séquencage ADN de Sanger en 1977 [174].

En 1965, Robert Holley et coll. furent les premiers & publier une séquence polynucléo-
tidique naturelle, la séquence de 77 nucléotides de 'ARN de transfert de ’alanine, obte-
nue apres sept ans d’efforts considérables leur permettant de récolter un gramme d’ARN
[84, 163|. Suivant ces efforts, Walter Fiers et coll., en 1976, dévoilent la premiére séquence
entiére d'un génome, révélant ainsi les 3569 bases du bactériophage MS2 [61]. S’en suivirent le
séquencage de plusieurs autres séquences géniques, dont celle du lysozyme du bactériophage
T4, ou les 24 nucléotides de la séquence de l'opéron lac [163, 7, 63].

La premiére génération de séquenceurs automatisés fut mise en marché en 1986 et uti-
lisait la méthode de Sanger couplée & des colorants fluorescents permettant une réaction
unique plutdt que quatre réactions séparées |7, 63|. L’avénement et la démocratisation de
techniques telles que le PCR et de 'utilisation de molécules telles que la Taq polymérase
ou la transcriptase inverse mena aux méthodes de séquencage utilisant ’ADN complémen-
taire (ADNc). En 1991, Marc Adams et coll. publiérent la premiére étude utilisant I’ADNc
de facon systématique pour générer des séquences d'une taille moyenne de 397 nucléotides
qu’il nomma marqueurs de séquences exprimées (« expressed sequence tags », ESTs) [1]. Ces
ESTs sont toujours importants aux analyses d’identification des transcrits et permettent la
reconnaissance de génes [1].

Le séquencage d’ARN a haut débit a évolué de fagon exponentielle a travers les années et

est souvent catégorisé en plusieurs générations regroupant différentes méthodologies. Parmi
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les plateformes dites de deuxiéme génération il y en, entre autres, le DNA 454 GS FLX+
(ou le Roche 454 pyrosequencing), commercialisé par Roche, le « Sequencing by Oligonu-
cleotide Ligation and Detection » ou « SOLiD » commercialisé par Life Technologies, et le
HiSeq/NovaSeq commercialisé¢ par Illumina. Ce dernier étant un joueur dominant dans le
marché actuel, mais la compétition venant d’entreprises élaborant le séquencage de troi-
sieme génération, impliquant des séquences plus longues ou des analyses monocellulaires est
forte.

Parallelement aux développements des plateformes, la quantité considérable de données
générées par le RNA-seq a orienté le développement d’infrastructures, d’outils et d’algo-
rithmes efficaces permettant de chercher, de comparer et de visionner les séquences. Ceci a
donné lieu a la création et au déploiement d’une panoplie d’algorithmes sophistiqués per-
mettant le profilage transcriptomique, la détermination de ’expression différentielle, la vi-
sualisation et l'interprétation. [37, 114]|. L’application la plus commune du RNA-seq est
Iestimation de I'expression de transcrits & un génome de référence. Premiérement, il est
nécessaire de cartographier (« mapping ») les « reads », c’est a dire les séquences de 'ac-
cumulation d’ADNc obtenues aprés un séquengage. Ceci est généralement effectué avec des
logiciels comme Bowtie, TopHat, HISAT2, ou STAR [120, 184, 107, 48, 49|. Deuxiéme-
ment, une étape de quantification de transcrits peut étre effectuée simplement en comptant
le nombre de « reads » bruts alignés & une région annotée. Ceci peut étre fait avec HT'Seq-
count ou featureCounts [3, 133|. Les comptes bruts sont rarements suffisant pour effectuer
une comparaison robuste des niveaux d’expression de transcrits entre échantillons puisque
ces valeurs peuvent différer selon la taille des séquences ou la profondeur du séquengage (le
nombre total de « read » obtenu). Des mesures de normalisation telles que les « Fragment
Per Kilobase of exon per Million mapped reads » (FPKM) ou les « Transcripts Per Million »
(TPM) sont les valeurs de normalisation les plus courantes qui sont définies comme une
normalisation du nombre de « reads » d’un transcrit par la taille de celui-ci et le nombre
total de « reads » dans I’échantillon [3, 133, 185]. Des logiciels tels que Cufflinks, DeSEQ2
ou RSEM sont habituellement utilisés pour effectuer cette normalisation, mais ces outils
font usage de formules beaucoup plus complexes dans le calcul des FPKMs, prenant en
compte la distribution des « reads » a travers I’ensemble des échantillons et des conditions

[3, 133, 185, 132]. Ces programmes calculent aussi I'expression différentielle d’un transcrit
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entre deux conditions et la valeur de probabilité (« p-value ») que celle-ci soit significative.
L’étape ultime et cruciale se situe au niveau de 'interprétation des résultats. Pour faciliter la
compréhension de jeux de données aussi larges, il peut étre utile de caractériser les groupes
de transcrits différentiellement selon leur ontologie génique (« Gene Ontology », GO terms).
Les GO terms, initiative datant de 1998, définissent les termes représentant les propriétés
des geénes et leurs voies métaboliques selon trois catégories : les composants cellulaires, les
fonctions moléculaires et les processus biologiques [67, 4]. Ceci permet d’obtenir rapidement
une idée générale des fonctions communes & une longue liste de génes. Le développement
et 'optimisation d’une chaine de processus explorant des données issues de RNA-seq dans
le contexte particulier du fractionnement cellulaire furent un travail critique et novateur
effectué pour cette thése.

La conjoncture des domaines scientifiques encadrant les techniques décrites dans cette
section engendra une redéfinition de la bio-informatique. Le terme provient des publications
de Paulien Hogeweg et Ben Hesper, en 1970, qui la définirent comme 1’étude des processus
d’information dans les systémes biotiques, et refléte dorénavant un champ d’études multidis-

ciplinaire ayant des ramifications considérablement plus vastes [154, 77, 82, 83].
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L’article discute, aprés un bref survol historique, de plusieurs aspects fondamentaux de la
régulation post-transcriptionnelle des génes, dont la localisation des ARN, ainsi que des outils
informatiques disponibles pour en faire ’étude. Dans cet article, j’adresse premiérement le
role de certains motifs de régulation en cis impliqués dans le trafic intracellulaire des ARN.
Deuxiémement, je parle de la représentation de séquence de motifs en termes de contenu de
I'information. Troisiémement, je cite les algorithmes et outils existants permettant l'analyse
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ABSTRACT. Messenger RNA (mRNA) is a fundamental intermediate in the expression of
proteins. As an integral part of this important process, protein production can be localized by
the targeting of mRNA to a specific subcellular compartment. The subcellular destination
of mRNA is suggested to be governed by a region of its primary sequence or secondary
structure, which consequently dictates the recruitment of trans-acting factors, such as RNA-
binding proteins or regulatory RNAs, to form a messenger ribonucleoprotein particle. This
molecular ensemble is requisite for precise and spatiotemporal control of gene expression.
In the context of RNA localization, the description of the binding preferences of an RNA-
binding protein defines a motif and one, or more, instances of a given motif is defined as
a localization element (zip code). In this chapter, we first discuss the cis-regulatory motifs
previously identified as mRNA localization elements. We then describe motif representation
in terms of entropy and information content and offer an overview of motif databases and
search algorithms. Finally, we provide an outline of the motif topology of asymmetrically
localized mRNA molecules.

Keywords: RNA localization, RNA binding protein/RBP, cis-regulatory motifs

1. General Introduction

In 1950, it was first hypothesized that RNA was synthesized in the nucleus and then
transferred into the cytoplasm, where it was aggregating with other molecules [90]. A better
appreciation of the role of RNA was gained in 1961 when 3 publications revolutionized the
way gene function was perceived by establishing messenger RNA (mRNA) as an information
carrier in a transitional stage towards the synthesis of protein [26, 70, 86]. Following these
breakthroughs, it was not immediately apparent whether mRNA could localize to specific
subcellular sites. It was not until the mid-1980s that the first elements of the answer were
identified when it was reported that the actin mRNA in ascidian oocytes and embryos was
asymmetrically distributed [91]|. The discovery of additional localized RNAs implicated in
processes such as embryonic patterning and cell migration, led to the realization that regula-
ted subcellular trafficking of mRNAs was biologically important [130, 38, 147, 92, 116, 81|.
This work led to the model that mRNA transport is a multiple step process involving (1) the
formation of a messenger ribonucleoprotein (mRNP) created by the association of a mRNA
with RNA-binding proteins (RBPs), (2) the transport of this mRNP to a specific subcellular
region, (3) the in-situ anchoring of this mRNP and (4) the local translation of the mRNA
to produce the required protein [96, 182|. Since then, a broad diversity of mRNAs have
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been shown to be localized, through different mechanisms, in different cell types, organisms
and developmental stages [116, 167, 40, 153, 78, 188, 95, 79, 112, 134, 178, 15]. With
the advances of microscopy techniques, genomic approaches and, nowadays, bioinformatics
modelling, it is now appreciated that a majority of mRNAs undergo regulated subcellular
trafficking 116, 15, 52, 23, 138, 117, 89, 84, 54, 137, 12|. This growing body of evidence
has underlined the importance of RNA localization as a key aspect of post-transcriptional
gene regulation, while also emphasizing the potentially critical role played by cis-acting
localization elements in this regulation process.

This chapter is aimed at the informatics-enthusiast biologists with an interest in RNA
localization and who are keen to gain insights in the processing and analysis of RNA biology
data. While the methods described herein to study cis-regulatory motifs, and their instances,
may be applied to many aspects of post-transcriptional gene regulation, the examples given
are focused on the specifics of RNA localization analysis. Additionally, we do not aim to
provide a complete picture of the diverse resources available, but we cover useful examples

to help guide the reader.

2. Fundamental aspects of RNA localization

Gene expression is modulated by a wide array of regulatory events that can be mediated
by compartment-specific ribonucleoprotein (RNP) complexes. These complexes are involved
in all aspects of the mRNA life cycle, from synthesis, processing, editing, nuclear export, cy-
toplasmic localization, translation and degradation [65]. These events are interdependent and
can occur in different locales of a cell, from precise intra-nuclear regions, where nascent trans-
cripts are synthesized, to the dispersion of mature transcripts in specific regions of the cyto-
plasm or extracellular milieu through secretion. An important facet of post-transcriptional
gene regulation is the subcellular transit of mRNA, which may serve a variety of functions
mechanistically. Firstly, when combined with localized translation, this process can serve to
enrich protein products within a specific compartment of the cell in an efficient manner.
Indeed, targeted translation has been proposed as a possible facilitator of the assembly of
localized protein complexes [11, 110]|. Consistent with this notion, transcripts that encode
functionally related proteins can have similar localization patterns, which in turn, are often

distinct amongst different functional classes [116, 89, 183]. Secondly, mRNA localization

36



may also be important to avoid the aberrant targeting of proteins products, which could have
deleterious effects if they were to accumulate in certain regions of the cell. Interestingly, while
RNA localization has been known to have a special relevance in polarized cells, especially neu-
rons, it has also been described to be highly prevalent in a myriad of cells types and appears to

be deeply conserved evolutionarily [116, 167, 40, 153, 78, 188, 95, 79, 112, 134, 178, 15|.
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FiGURE 2.1. Distinct mRNA cis-regulatory motifs, acting as localization ele-
ments, guide the assembly with an RBP to form an mRNP that gets targeted to
a specific subcellular region. Schema of RNA localization cis-regulatory motifs. Follo-
wing transcription (1), mRNAs are bound in the nucleus by RBPs (2) that recognize CRMs
formed by primary sequence (red) or secondary structure (orange) to form an mRNP. Follo-
wing export into the cytoplasm via a nuclear pore (3), RBPs and trans-acting elements may
be added, or removed, to remodel the mRNP and assemble it into RNA granules (4). These
RNA granules associate with motor proteins and are transported by cytoskeletal elements
towards their target subcellular location (5).

At the molecular level, mRNA localization is coordinated by cis-regulatory motifs
(CRMs), where one or more instances of these motifs, present within the RNA molecule itself,
is referred to as localization elements or zip codes that mediate interaction with trans-acting
factors (Figure 2.1) [17, 87]. These CRMs are generally defined by their primary sequence
and /or secondary/tertiary structure features [176]. CRMs are thought to be recognized by
RNA-binding proteins (RBPs) that seed the formation of mRNP complexes necessary for

transit. RBPs form a prominent and deeply conserved family of regulatory proteins, which
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are classified based on their RNA-binding domains (RBDs) [65]. While RBDs often confer
binding to single-stranded RNA sequences, some RBP subfamilies mediate binding to struc-
tured regions of the target RNA. Different mechanisms may exist in order to target mRNA
molecules and to keep them in a translationally repressed state during transport [43]. Af-
ter nuclear export, an mRNP may acquire or discard a series of trans-regulatory factors
(e.g., RBPs, miRNA) that will guide RNA fate by modulating its transport, translation and
stability [66]. One of the major mechanisms characterized to achieve subcellular targeting
implies the direct trafficking of a localization-competent RNP by association with specific
molecular motor proteins that direct transport along cytoskeletal networks in the cytoplasm
[17, 175]. Upon reaching its destination, the mRNP can be anchored and remodelled to
enable translation to take place [59].

In this section, we survey some of the better documented CRMs implicated in the intra-
cellular trafficking of RNA. For more comprehensive discussion of the functions and biological
benefits of intracellular RNA trafficking or the molecular mechanisms involved, please refer

to other recent reviews [130, 17, 87, 24].

2.1. Cis-regulatory motifs implicated in RN A localization

The characterization of CRMs involved in RNA localization is of great importance to gain
insights into the mechanisms of this post-transcriptional regulatory process. CRMs are ty-
pically discrete intrinsic elements of information that can function independently from their
host mRNA molecule, i.e. they can confer localization activity to a normally non-localized re-
porter RNA molecule (e.g., gfp, lacz). As such, CRMs can be identified via structure-function
studies, by tracking the subcellular localization of fragments derived from an asymmetrically
distributed mRNA, which is achieved by fusing such fragments to a reporter transcript. This
chimeric transcript makes it possible to identify which region of an mRNA exhibits CRM
activity and whether this component is sufficient for proper RNA targeting. For example, the
vasopressin CRM was used to confer dendritic compartmentalization to a-tubulin mRNA,
normally confined to the cell body [152]. This has allowed the delimitation of a number of
CRMs from a wide array of localized mRNAs [87]. In Table 2.1, we compile a summarized

list of few CRMs known to be involved in mRNA localization.
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Interestingly, while many localization CRMs have been mapped to the 3’ untranslated
region (UTR) of mRNAs, some have also been characterized in the 5" UTR or coding regions
[87, 176, 62, 141, 34, 165, 135, 106|. In addition to their variability in distribution across
the mRNA molecule, the CRMs can also exhibit heterogeneity both in their sequence length
and structure. The relative length of a CRM can vary greatly between transcripts, with some
being only a few nucleotides long while others can run over kilobases of sequence |17, 87|.
Moreover, as mentioned above, some CRMs are defined by simple primary sequence motifs or
stem-loop elements, while others may be composed of more complex structural features, such
as G-quadruplexes |87, 176|. For example, transcripts such as f-actin, nanos, MBP, or vgl
have CRMs in the form of short primary sequence elements [81, 3, 59, 62, 106, 32, 53, 71,
143, 146, 158, 169, 189, 18, 61, 63, 83, 101, 118, 148, 1, 5, 20, 42, 44, 45, 60, 107,
142]. In most cases, the CRMs of these mRNAs are composed of multiple regions that may
act sequentially or in concert to direct localization. In particular, Drosophila nanos mRNA
bears four CRMs spanning a 280-nucleotide region of its 3 UTR, which govern localization
in a combinatorial way and ultimately function in the patterning of the anterior-posterior
body axis [59, 106, 62, 18, 61, 63, 118, 1|. By contrast, transcripts such as Anza2, ASHI,
bicoid, CamKIla, and Gurken, have structural CRMs |79, 34, 1, 19, 33, 69, 121, 122, 157,
174, 127, 126, 56, 125, 171, 180, 109, 21, 27, 133, 140, 162, 177]. In particular, in
Drosophila oogenesis, the localization of bicoid mRNA is driven by a 650-nucleotide segment
of its 3’ UTR, for which five domains of secondary structure have been shown to cooperate at
the various steps of the transport process [127, 126, 56, 124, 125, 171, 180, 109]. Lastly, it
is common to observe that multiple elements of different motifs cooperate in a combinatorial
fashion and act at distinct steps of the localization process [60, 140]. On the other hand,
recurring copies of a single motif can act synergistically to promote individual steps [45, 2|.
While these examples convey the diversity of CRM topological organization within localized
mRNA molecules, it has been difficult to glean consensus sequence or structure features
within families of mRNAs that share similar localization properties. It is important to note
that the variability in CRM features might be in part due to the experimental complexity
inherent to their study, often requiring painstaking structure-function mapping via sequence
trimming and mutagenesis. As such, in many cases, the characterization of minimal regions

that define specific CRMs may have been imprecise.
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Recent evidence supports the notion that RNAs have similar localization phenotypes in
different cell types and species, suggesting that some CRMs might be evolutionarily conser-
ved and operating via similar pathways [15, 27|. For example, strong correlations in the
distribution profiles of ~2500 mRNA orthologs between human and Drosophila were re-
cently characterized, with shared general similarities with respect to their UTR and coding
sequence lengths [15]. With the development of new experimental approaches to characterize
subcellular transcriptomes, such as CeFra-seq or APEX-RIP, and the datasets generated, this
establishes the basis for the implementation of bioinformatics approaches to map putative

sequence motifs that may drive RNA localization [15, 93, 47|.

3. Representation and information content of sequence motifs

RNA sequence motifs, regardless of their biological functions, can be viewed, from a more
mathematical point of view, as blocks of regulatory information. This notion that information
can be quantitatively measured is important as it allows for the modelling and discovery of
additional instances of a given sequence motif. Here, we define a sequence motif as a specific
pattern that is common to a set of DNA, RNA, or protein molecules, which are presumed
to share particular biological properties or regulatory logic. In the case of RNA localization
regulation, the sequence motifs can be the states and patterns that modulate the interaction
of a transcript with specific RPBs that direct its targeting to a given subcellular destination.
Below, we discuss the various ways by which RNA regulatory motifs can be represented and
provide an overview of the different approaches used to map putative regulatory motifs.

There are numerous ways to describe sequence motifs within biological molecules in order
to accurately annotate the binding preferences of a given RBP (Figure 2.2). For instance, one
of the first biological motifs identified was the TATA box, which was identified by aligning
gene promoter elements and transcription start sites and observing an over-representation of
that short DNA substring. Therefore, the simplest representation of a motif is stating it as a
short sequence. Similarly, if we were interested in the A2RE motif found in RNA targets of
the HNRNP A2 protein, we could align multiple sequences containing the motifs and search
for a cognate subsequence (Figure 2.2A). The consensus, or canonical, sequence, is obtained
by selecting the most frequent nucleotide (or amino acid in the case of proteins) observed

at each position (Figure 2.2B). While this is an adequate way of modelling a motif, it is
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>Human_ alphaCaMKII A2RE

GCCAGGAGCC

>Human Putative A2RE-like sequence
GAGAAGGAGGG

>Human Neurogranin A2RE
CUGUUGAGGGC

>Human ARC_A2RE

GCGGACGAGG
B

GCGAAGANGGA
C

SHSDDSRRSSV

D
0.00 0.25 0.00 0.50 0.50 0.00 ... 0.50

U 0.00 0.25 0.00 0.25 0.25 0.00 ... 0.00
G 0.75 0.00 0.75 0.25 0.25 0.75 ... 0.25
c 0.25 0.50 0.25 0.00 0.00 0.25 ... 0.25

E
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FIGURE 2.2. Various format can be used to describe the A2RE motif. A. Aligned
fasta sequences of the A2RE localization element in 4 different human mRNA. B. Consensus
motif of (A) showing the most represented nucleotide at each position. Ambiguous nucleo-
tides, where all bases are equally represented are noted as “N”. C. IUPAC representation of
(A) D. Truncated position weight matrix (PWM) showing the percentage of each base ob-
served at each position of (A). E. Sequence logo, assuming a uniform background nucleotide
probability.

insufficient to fully capture its essence or identify other naturally occurring motifs, because
RBPs tend to have flexible binding preferences. A motif is usually described as exact (precise),
or degenerate (weak), according to the amount of deviations observed between its different
instances. For example, the motif bound by HNRNP K is the fixed subsequence GCCGAC,
which is considered an exact motif [49]. On the other hand, HNRNP A2 mediates trafficking
of RNAs containing the A2RE motif, which display greater diversity and is therefore more

degenerate (Figure 2.2A). One way to capture variations among instances is by way of a
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regular expression. For example, a cis-regulatory sequence motif might be formulated as
[A][G][U]|U or G|[A]|G], which can be abbreviated by the International Union of Pure and
Applied Chemistry (IUPAC) nomenclature as AGUKAG, where K is the shorthand for either
appearing nucleotide U or G (Figure 2.2C). Most scripting languages handle the search for
regular expression (regex) well. Here the search for AGUKAG could simply be encoded as
AGU|UGIJAG.

Many alternative ways exist to describe a motif, of which the most popular is the position
weight matrix (PWM), which is further described here (Figure 2.2D) [173, 161, 119]. This
is a matrix with four rows (one for each base A, U, G, C,) and width k equal to the number of
bases in the motif. A PWM assumes that each position has its own probability distribution
over nucleotides, and that the choices of nucleotide at different positions are independent.
This means that the columns of a PWM can be thought of as a set of independent multinomial
distributions. This allows for the easy calculation of the probability of a subsequence given a
PWM, done by simply multiplying each relevant probability. For example, the probability of
the sequence S = CUG would be calculated by multiplying the probability of having a “C”
in position 1, a “U” in position 2, and a “G” in position 3. Taking the three first positions of
the PWM of Figure 2.2D, this would be 0.25 x 0.25 x 0.75 = 0.0468.

The level of specificity (or, inversely, flexibility) of a PWM is an important property that
is captured in terms of the information theoretic notions of information content and entropy.
Consider a given column of a PWM, with nucleotide probabilities P,(n = A, C,G,U). The
Shannon entropy of a probability distribution is defined as H(P) = — Zizl P,log, P,. This
will yield a non-negative value, measured in bits. A bit represents the amount of information
necessary to select between two equiprobable options [128, 163]. For DNA and RNA, which
are each made of 4 bases, this value will be between 0 and loge4d = 2, whereas for protein
motifs it can reach log,20 = 4.32. Since entropy is a measure of uncertainty, when P, assigns
a probability of 1 to a particular nucleotide, the entropy of P, will be 0 bits, as there is no
uncertainty. On the contrary, when all four bases are equiprobable, the entropy will be 2 bits.
It requires 2 bits of information to determine which of the four bases occurs at that position.
The first 1 bit of decision divides the set by half (e.g. purine vs. pyrimidine), leaving only 2
choices, A/G or C/T. A related notion is that of the information content H of a distribution
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P (e.g., a column of a PWM) against a certain background distribution B (e.g., the genome-
wide nucleotide frequencies), defined as H(P) = 3% _ Pnloggg;:. The information content of
P against B, also known as the Kullback—Leibler divergence between the two distributions,
is a measure of how different the two distributions are [73]. Note that when B is a uniform
distribution (B, = 0.25 for n = A,C,G,U), H(P,B) =2 — I(P).

An elegant way to visually represent a PWM while conveying its information content is
called the graphical sequence logo (Figure 2.2E) [168, 164]|. In a sequence logo, each position
of the motif is represented as a stack of nucleotides, whose total height corresponds to the
information content at that position. The height of each nucleotide is proportional to its
probability at that position. Therefore, the sequence logo provides a rapid visual portrayal
of the conservation and composition of each position in a motif [41].

Knowing the information content of a motif is useful when searching for additional ins-
tances as a motif with n bits of information will occur about once in every 2" bases of
random sequence. For example, the six-mer GCCCAC motif of HNRNP K has an informa-
tion content of 12 bits (6 bases motifs with each 2 bits of information), it is expected that a
putative motif instance for this RBP will be observed in an RNA sequence every 22 = 4096
bases (assume a uniform background), close to what has been described before [151]. By
contrast the information content of the more degenerate HNRNP K motif |[GC]|CCCAC is
10g2(2) + 5 x logz(4) = 11 and would be expected to occur twice as frequently as 2!* = 2048.
It is easy to see that GCCCAC or CCCCAC can occur two times more often than GCCCAC
alone. However, this frequency of putative motif instances estimation is different than the
frequency of actual RBP binding sites, as the former could include identifications of motif

instances as false positive binding sites and therefore be much larger than the latter.

4. Algorithms and tools for finding motifs

4.1. Fundamentals of major motif discovery algorithms

One important question in bioinformatics applied to the study of RNA is : how to extract
known and unknown regulatory motifs from an ensemble of given sequences? This question
comes in two flavours. Motif scanning aims to predict new instances of one or more known
motifs in a given sequence. For example, one may use this approach to identify, in a given

mRNA sequence, candidate binding sites for an RBP with a known PWM. De novo motif
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discovery, on the contrary, aims to determine, from a set of sequences thought to be co-
regulated (e.g., identified through a CLIP-seq experiment on a given RBP) or colocalized,
the motif(s) that best captures the binding preferences of the RBPs involved.

Motif scanning is simple and fast. When searching for matches given a PWM in a given
sequence longer than k, the score of the k-mer starting at every possible positions in the
sequence is evaluated as shown above, and high-scoring sites are reported [96, 13, 132, 160]|.
The main issue is to decide on a score threshold above which sites should be reported.
Various strategies have been proposed, aiming to maximize the sensitivity of the scan while
maintaining an acceptable level of false positives |96, 67, 150, 120]. One such approach is
illustrated in the next section.

De novo motif discovery typically falls within one of three types : enumerative algorithms,
probabilistic optimization, and deterministic optimization.

The first, and perhaps simplest, de novo motif discovery approach is designated as an
enumerative, or dictionary, approach. In its basic form, it aims at discovering motifs repre-
sented as strict consensus sequences. For every possible consensus sequence w of length &
(user-defined), these algorithms contrast the number of occurrences of w in a set of positive
sequences (e.g. isolated RNA from a subcellular compartment), compared to a control set
(unlocalized or random sequences). Enrichment within the positive set is then quantified
statistically, to obtain an enrichment p-value. While effective, this approach is based on
exact occurrence of specific strings of characters and is often too restrictive for a sensible
application in biology where proteins generally bind RNA via degenerate motifs. As such, it
is possible that none of the motifs would occur often enough to be observed in a statistically
significant fashion. Fortunately, it is possible to generalize the method by being more flexible
on the definition of the motifs to search. This alternative approach to the enumeration algo-
rithm can be achieved by either using regular expression or allowing an explicit number of
mismatches [161, 170, 149, 29, 129, 105, 154, 55|.

A second approach for finding motifs de novo is the probabilistic optimization strategy,

which aims at inferring a PWM from a set of co-regulated sequences. It is perhaps best
exemplified by the Gibbs Sampling algorithm, one of the earlier motif detection methods
[129, 114]. It works by first selecting a random position in each sequence and building a

PWM from them. It further selects a sequence at random to scan and score all possible

48



sites in this sequence using this predetermined PWM. It can then select a new motif site
and update the motif instances and the weight matrix accordingly. Finally, the algorithm
iterates over the last steps until a convergence is reached. This algorithm works well to find
de novo motifs since a real motif is expected to be overrepresented and therefore should be
encountered more often when searching at random, which will bias the original weight matrix.
Updating the matrix will further lean it towards finding more motifs, until convergence. Since
there is a random element involved, one caveat is that while it will always find a motif, there
is no certainty that it will always converge towards the same motif.

A third strategy for finding de novo motifs, similar to the Gibbs Sampling, makes use of a
deterministic optimization of the PWM for describing a motif and the binding probabilities

for its associated sites and is referred to as the expectation maximization (EM) strategy
[129, 9, 10, 115]. EM class algorithms are often used for learning probabilistic models
in problems that involve hidden states. In a motif-finding tool, this can be defined as the
position(s) where the motif occurs in each sequence. Sequences can have 0, 1 or multiple
occurrences of a given motif. This approach has the advantage of simultaneously identifying
the position and characteristics of a motif. Briefly, this is achieved by initializing a weight
matrix with a single k-mer and a subset of the background frequencies. Then, by scanning
the possible space of motifs for each k-mer in the sequence set, it calculates the probability
that this k-mer was generated by the motifs from the matrix, rather than by the background
distribution. The matrix then gets updated based on these probabilities. A new and refined
motif is therefore produced by alternating the calculation of the probability of each site
based on the current matrix and calculating the new matrix based on these probabilities. By
performing multiple iterations, this algorithm converges towards a maximum value for the
motifs’ matrix.

The algorithms described above are aimed at identifying de novo motifs. It is essential to
consider that there is an understated yet important difference between searching for known
and de novo motifs. While searching for known motifs in a set of sequences can be of great
interest, the ultimate result will solely reveal which of these motifs are present, and at which
positions in the sequences. Conversely, a de novo motif search is done by querying the se-
quences to identify which motifs are most enriched. This should be taken into consideration

as it influences the interpretation of the results. For example, performing a de novo search
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on a set of sequences could result in the proper identification of the GAGAAGGAGGG in
the human putative A2RE-like sequence (similar to figure 2.2A). On the other hand, if an
unrelated known motif search were performed on these same sequences using a database of
genome-wide annotations of transcription factors like JASPAR, hits like the myeloid zinc fin-
ger 1 (MZF1), whose canonical motif is GAGGGG, would be identified, perhaps erroneously,
despite having a low p-value [97]. While biologically counterintuitive, this example shows
the limits of motif searches. This demonstrates that motif search can be reduced to local
multiple string alignments where context is easily lost at the algorithm level, but should be
kept in consideration when performing such analyses.

While the two approaches aim to do different things, as one seeks to annotate sequences
with known motifs and the other seeks to discover new motifs, they are often complementary.
One decisive advantage of known motif searches is when the ensemble of sequences is limited
as the accuracy of de novo searches can be reduced in such cases. For example, a de novo
search is impossible on a single sequence. Otherwise, de novo searches are often thought to
be less limiting. One common way to palliate this dilemma is to first perform a robust de
novo motif search and then complete a detailed comparison of these hits to a database of
known motifs. Tools to achieve this, like HOMER or the MEME suite, methodologies, and
examples are detailed in the next sections.

To add to the complexity of robust identification of CRMs involved in localization, RNA
often possesses additional cis-regulatory elements found scattered throughout its sequence,
which may be needed for other aspects of post-transcriptional regulation, such as splicing and
stability regulation. This can make it challenging to assign a specific localization function to
a given signature motif. Furthermore, certain RBPs might bind only very short motifs that
are quite prevalent in biological sequences (e.g. there might be cases where a CRM necessary
and sufficient for localization is only 3 nucleotides long). One major challenge will be to
distinguish these real but small motifs, from a background of specious motifs, for example
stemming from common repeat elements bearing little information content. In other words,
the challenge rapidly becomes to distinguish the true positive among the large number of
false positives created by these short motifs that can be found throughout the sequence

space.
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4.2. Overview of existing computational tools to search for CRMs

Most bioinformatics tools available nowadays tend to be developed through open colla-
borations and are offered with open source licences, thus allowing the source code to be used,
modified or shared under defined terms and conditions, often free of charge, especially for
academic uses. They are mostly available only on Linux or Mac OS operating systems and
available on platforms such as web-based version control repository hosting services (e.g.,
GitHub, Bitbucket). Furthermore, as there is often little use for an elaborate graphical user
interface, they are predominantly offered as command-line tools (e.g., using Terminal, iterm).
This provides the most flexibility and allows for a wide range of customizable options. The
running time and memory requirements of these algorithms can be quite high ; therefore, it
is often advisable to rely on high-performance computers (HPCs) allowing the use of paral-
lel processing, which are generally accessible through major universities or private vendors
(e.g., AWS). To be more accessible, many tools are offered as online databases and web ser-
vers, where analyses can be run without any local installation. However, web servers often
come with strict limitations regarding the size of the inputs and local installation becomes
necessary for larger-scale analyses.

In Table 2.2, we compile a non-exhaustive list of motif scanning and de novo motif
discovery tools available to the community. These tools can be used, for example, to identify
motifs that are likely to be candidates for potential regulatory roles in modulating different
features of the RNA life cycle, including localization control. Dissecting the exact functions
of a particular motif therefore requires the implementation of biological assays to assess the
impact of the motif on RNA processing or activity (e.g., the use of reporter assays and

site-specific mutagenesis to disrupt candidate motifs).
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As there are an ever-increasing number of biologically validated motifs identified, data-
bases are a valuable first place to search. The RNA-Binding Protein DataBase (RBPDB) is
a large, manually curated, database grouping published observations of experimentally defi-
ned motifs [39]. This database has the advantage of allowing one to search by RNA-binding
domain (RBD), by species or to use it as a web server to scan an RNA sequence for putative
RBP binding sites. Along the same line, the Catalog of Inferred Sequence Binding Proteins
of RNA (CISBP-RNA) is a database of RBP motifs and specificities derived from the im-
pressive work compiling the results of systematic RNAcompete experiments. RNAcompete
is a method through which the consensus binding motifs of ~300 RBPs were characterized
through an in vitro selection assay in which purified RBPs were incubated with a random
RNA pool, followed by the profiling of the RNA molecules selectively bound by the RBP
[156].

A separate database that extends RBPDB and CISBP-RNA, and which has rapidly esta-
blished itself as a gold standard, is the ‘A daTabase of experimentally validated RNA binding
proteins and AssoCiated moTifs’ (ATtRACT) resource [67]. This database currently com-
piles information on 370 RBPs and 1583 manually curated consensus RBP binding motifs, in
addition to having integrated updates and information about protein-RNA complexes as des-
cribed in the Protein Data Bank (PDB) database [64]. As with other databases, ATtRACT
also provides the capacity to search for motifs in target sequences. Finally, MotifMap-RNA
is another database and web server that expands on RBPDB/CISBP-RNA and allows for
genome-wide motif searches [120]. While most databases described also offer web server ca-
pabilities to scan sequences and search for potential motifs, these tend to be limited. RBPmap
is a web server that improves upon the scanning of sequences. Building on motifs compiled
in all the previously mentioned databases, and with the possibility to input additional user-
defined motifs, this algorithm can be quite efficient in predicting and mapping binding sites
[150].

In order to gain more insights into CRMs, de novo motif search tools are a great com-
plement to established motif databases. These algorithms use only the sequence, and do not
consider structure, when calling a motif. A first suite of tools for de novo motif discovery is the
Hypergeometric Optimization of Motif EnRichment (HOMER) [76]. HOMER is a powerful

tool that identifies motifs by looking for subsequences with differential enrichment between
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two sets of sequences. While it is advised to use a background of meaningful sequences (e.g.,
localized vs. non-localized), the background set can be simply random sequences. Interestin-
gly, HOMER will also make some attempts to compare the motifs observed to a database
of known motifs and will identify similarities. When only one group of sequences is avai-
lable, Multiple EM for Motif Elicitation (MEME) is perhaps best suited. It is a suite of
tools that implement multiple motif-finding algorithms, each with their own specificities for
sequence search and motif discovery, analysis, and comparison. It builds upon the EM al-
gorithm described in section 4.1 [9, 8|. Alternatively, MatrixREDUCE is a motif discovery
algorithm that was originally designed to infer the binding specificity of transcription fac-
tors from microarray data, but can also be applied to the study of RNA sequence motifs
[57, 58, 179]. Local Enrichment of Sequence Motifs in biological Networks (LESMoN) takes
a different approach by being an enumerative motif discovery algorithm that integrates gene
set enrichment and biological network analysis [113].

While primary sequence is a critical component of cis elements, RNA secondary and
tertiary structures can also be key features that can influence the binding to trans-regulatory
machineries. Indeed, depending on the type of RNA binding domain (RBD) they contain,
RBPs can bind RNA based on primary sequence or structural motifs, although the most
abundant classes of RBPs tend to bind specific primary sequence motifs [65, 156]. As such,
some regulatory motif prediction algorithms are taking structural prediction information into
account. For example, the MEMERIS algorithm is built on the same principle as MEME but
searches for RNA motifs enriched in any type of single-stranded regions (e.g., the loop of a
hairpin). This has been shown to improve RNA binding site predictions [80]. Expanding on
the idea that approaches making use of RNA sequence and structure can be used for better
motifs predictions, the RNAcontext tool integrates predictions on whether a nucleotide is
paired, in a hairpin loop, or unstructured region, to help define putative regulatory elements
[94].

Machine-learning frameworks are proving to be quite efficient for identifying RBP binding
preferences. In that category, GRAPHprot is able to detect motifs by taking into conside-
ration both sequence and structure [131]. Alternatively, DeepBind, a state of the art in
sequence models, only considers sequence and not structure, but has been shown to perform

better than GRAPHprot [4]. RCK is an elegant machine learning algorithm that takes into
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account both sequence and structure and has established itself as an efficient and scalable
tool for robust motif discovery [145]. Another tool named sequence-structure hidden Markov
model (ssHMM) searches for motif based on a statistical model named hidden Markov model
(HMM) and Gibbs sampling, which it performs while integrating the sequence and structure
preference of an RBP [77].

Some algorithms have also been developed specifically to provide answers on localization.
DeepLncRNA is a machine-learning algorithm that predicts the subcellular localization of
IncRNA considering only its sequences |72|. Finally, RNATracker is a novel algorithm that
takes advantage of deep neural network using both sequence and structural information to
infer subcellular distribution of transcripts [186].

Individually, the results obtained from these databases, web servers, and stand-alone al-
gorithms must be analyzed with great caution, as they are likely to produce a very large
number of false positive predictions. This is unavoidable, given the low information content
of certain motifs. Cross-validation of results from multiple tools, detailed literature conside-
ration and experimental validation via mutational analysis or reporter assays is therefore of

the utmost importance.

5. Examples of motif discovery applications

In order to exemplify the most important concepts addressed in this chapter, we perfor-
med different known and de novo motif searches on the complete human coding transcriptome
(i.e. all portions of an mRNA) and between two sets of sequences that were observed to be
localized to either the nucleus or the cytoplasm of human HepG2 cells [15, 117].

We first sought to assess the general distribution of motifs for 70 RBPs (listed in Figure
2.3A) for which PWMs were obtained by RNAcompete [156]. Sites were identified using the
PWM scanning approach described in Section 4.1. For each PWM, we recorded sites whose
score was greater than a certain PWM-specific threshold T, where T" was established as the
99th percentile of the score distribution for that PWM. For example, for a PWM of length
4, we would calculate the score of all 256 possible 4-mers and kept only the two highest
scores as a threshold. As RNAcompete motifs were designed for preferentially binding single
strand RNA, we further reduce the list of putative motifs by selecting for those predicted
to lie within single-stranded regions of each mRNA. For this we used RNAplfold, a gold
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FiGURE 2.3. Global overview of known and de novo motifs and their putative
role in RINA localization. A. Circos plot showing the relative regionalization towards the
5 UTR, coding sequence (CDS), and 3" UTR of 70 known motifs from RNAcompete. B.
Histogram showing the percent of localized sequences, either enriched in the cytoplasm or
the nucleus, harbouring a known motif from an RNAcompete experiment (upper panel) and
from a de novo motifs search using HOMER (lower panel) in their 3° UTR. C. Sequence
logos comparing the known motif from an RNAcompete experiment to the de novo motif
identified by HOMER in the 3’ UTR of its localized sequence, in the normal strand or its
reverse complement.

standard RNA folding algorithm that calculates locally stable secondary structures and out-
puts base pairing probabilities for each nucleotide of an RNA of interest [123]. We retained
only predicted sites located in regions with a higher than 90% probability of being unpaired
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for each nucleotide of the k-mer. This provided us with a comprehensive list of predicted
binding sites for all 70 RBPs in all 179,236 annotated human mRNA transcripts. As shown
in Figure 2.3A, each of these 70 sets of putative CRMs exhibited variable distribution pro-
files across the 5’UTR, coding region and 3’ UTR of mRNAs. For example, target motifs
of the CPEB4 protein are predominantly found in 3° UTRs, consistent with its previously
established binding preferences [1].

Having a list of transcripts and their embedded motif instances, we next sought to de-
termine whether any of these motifs could be correlated with localization. For this we took
advantage of a recently published list of asymmetrically distributed mRNAs, determined
using subcellular fraction and RNA sequencing, where we could cluster mRNAs based on
their degree of enrichment within the nucleus or cytoplasm of HepG2 cells [15]. Starting with
a naive approach, we enumerated the percent of sequences bearing known RNAcompete mo-
tifs, within the nucleus and cytoplasm. As shown in Figure 2.3B (upper panel), the top 6
interrogated motifs tended to be roughly equally represented within nuclear and cytoplasmic
mRNA populations. We therefore executed de novo searches using HOMER, on the same
set of mRNA sequences. By doing so, it becomes apparent that specific subsequences are
enriched in one group or the other (Figure 2.3B, lower panel). Strikingly, all the de novo
motifs identified are longer than the ones previously defined using the RNAcompete in vi-
tro pipeline. Interestingly, when we compared the known motifs with those found de novo
using Tomtom, a motif comparison tool available in the MEME suite, we observed significant
similarities between the two sets of results |73]. Indeed, these 6 motifs of length 7 derived
from RNAcompete data can be embedded in the longer motifs identified by HOMER (Figure
2.3C). We can conclude from this that short motifs may not contain enough information to
differentiate sets of RNA with distinctive biological features or behaviours. However, supple-
menting such analyses with de novo motif predictions strategies offers a promising avenue

to identify biologically relevant CRM involved in localization.

6. Conclusion

As outlined in this review, mRNA localization has been shown to be a key layer of
post-transcriptional gene regulation that impacts a wide array of biological processes. The

targeting of a transcript to a precise subcellular location involves a complex coaction between
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a variety of CRMs, RBPs and additional factors to form an mRNP. Nevertheless, there is
much to be discovered regarding the necessary and sufficient region of each mRNA dictating
their subcellular distribution. Mathematical tools, such as information content and entropy,
have been adapted to address the representation of biological motifs, like PWMs and sequence
logos. This has laid the groundwork for the implementation of computational procedures,
such as motif enumeration, that may help in deciphering and classifying individual CRMs.
Already, a variety of programs exist that use these tools and procedures with the aim of
filtering true motifs within a given subset of sequences. We demonstrated that it was possible
to identify putative motifs involved in localization through the execution of these programs
on sets of asymmetrically distributed transcripts. By combining the resulting motif inferences
with classical molecular biology experiments, such as reporter assays, it is but a question of
time before we have a more comprehensive knowledge of the regulatory code driving mRNA

subcellular localization.

Références

[1] T. AFroz, L. SKRISOVSKA, E. BELLOC, J. GUILLEN-BOIXET, R. MENDEZ, AND F. H. ALLAIN, A
fly trap mechanism provides sequence-specific RNA recognition by CPEB proteins, Genes and Develop-
ment, 28 (2014), pp. 1498-514.

[2] K. AINGER, D. Avossa, A. S. DiaNa, C. BARRy, E. BARBARESE, AND J. H. CARSON, Transport
and localization elements in myelin basic protein mRNA, The Journal of Cell Biology, 138 (1997),
pp. 1077-87.

[3] K. AINGER, D. Avossa, F. MorGaN, S. J. HiLL, C. BARRY, E. BARBARESE, AND J. H. CARSON,

Transport and localization of exogenous myelin basic protein mRNA microinjected into oligodendrocytes,

The Journal of Cell Biology, 123 (1993), pp. 431-41.

[4] B. AvripaNaHI, A. DELONG, M. T. WEIRAUCH, AND B. J. FREY, Predicting the sequence specificities

of DNA-and RNA-binding proteins by deep learning, Nature Biotechnology, 33 (2015), pp. 831-9.

[5] L. ALLEN, M. Kroc, AND L. D. ETKIN, Identification and characterization of the Xlsirt cis-acting

RNA localization element, Differentiation, 71 (2003), pp. 311-21.

[6] G. E. ARANDA-ABREU, L. BEHAR, S. CHUNG, H. FURMEAUX, AND I. GINZBURG, Embryonic lethal
abnormal vision-like RNA-binding proteins requlate neurite outgrowth and tau expression in PC12 cells,

Journal of Neuroscience, 19 (1999), pp. 6907-17.

99



7]

8]

19]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

S. ARONOV, G. ARANDA, AND I. GINZBURG, Azonal tau mRNA localization coincides with tau protein

in living neuronal cells and depends on azonal targeting signal, Journal of Neuroscience, 21 (2001),

pp. 6577-87.

T. L. BAILEY, M. BoDEN, F. A. Buskg, M. FriTH, C. E. GRANT, L. CLEMENTI, J. REN, W. W.
L1, AND W. S. NOBLE, MEME Suite : tools for motif discovery and searching, Nucleic Acids Research,
37 (2009), pp. W202-8.

T. L. BAILEY AND C. ELKAN, Fitting a mixture model by expectation maximization to discover motifs
in bipolymers, Proceedings of the Second International Conference on Intelligent Systems for Molecular

Biology, (1994), pp. 28-36.

T. L. BAILEY AND C. ELKAN, Unsupervised learning of multiple motifs in biopolymers using expecta-

tion maximization, Machine Learning, 21 (1995), pp. 51-80.

N. N. BaTaDpA, L. A. SHEPP, AND D. O. SIEGMUND, Stochastic model of protein—protein interaction :
Why signaling proteins need to be colocalized, Proceedings of the National Academy of Sciences of the

United States of America, 101 (2004), pp. 6445-9.

M. BatisH, P. VAN DEN BOGAARD, F. R. KRAMER, AND S. TYAGI, Neuronal mRNAs travel singly
into dendrites, Proceedings of the National Academy of Sciences of the United States of America, 109

(2012), pp. 4645-50.

M. BECKSTETTE, R. HOMANN, R. GIEGERICH, AND S. KURTZ, Fust index based algorithms and

software for matching position specific scoring matrices, BMC Bioinformatics, 7 (2006), p. 389.

L. BEHAR, R. MARX, E. SapoT, J. BARG, AND I. GINZBURG, cis-acting signals and trans-acting
proteins are involved in tau mRNA targeting into neurites of differentiating neuronal cells, International

Journal of Developmental Neuroscience, 13 (1995), pp. 113-27.

L. P. BEnoIT BOUVRETTE, N. A. .. Copy, J. BERGALET, F. A. LEFEBVRE, C. DioT, X. WANG,
M. BLANCHETTE, AND E. LECUYER, CeFra-seq reveals broad asymmetric mRNA and noncoding RNA

distribution profiles in Drosophila and human cells, RNA, 24 (2018), pp. 98-113.

L. P. BENOIT BOUVRETTE, S. BOVAIRD, M. BLANCHETTE, AND E. LECUYER, oRNAment : a data-

base of putative RNA binding protein target sites in the transcriptomes of model species, Nucleic Acids

Research, 48 (2019), pp. D166-73.

J. BERGALET AND E. LECUYER, The functions and requlatory principles of mRNA intracellular traf-

ficking, Systems Biology of RNA Binding Proteins, 825 (2014), pp. 57-96.

S. E. BERGSTEN, T. HUANG, S. CHATTERJEE, AND E. R. GAVIS, Recognition and long-range inter-

actions of a minimal nanos RNA localization signal element, Development, 128 (2001), pp. 427-35.

E. BERTRAND, P. CHARTRAND, M. SCHAEFER, S. M. SHENOY, R. H. SINGER, AND R. M. LONG,

Localization of ASH1 mRNA particles in living yeast, Molecular Cell, 2 (1998), pp. 437—45.

60



[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

28]

[29]

[30]

31]

[32]

J. N. BETLEY, B. HEINRICH, I. VERNOS, C. SARDET, F. PRODON, AND J. O. DESHLER, Kinesin

1T mediates Vg1 mRNA transport in Xenopus oocytes, Current Biology, 14 (2004), pp. 219-24.

A. BLICHENBERG, M. REHBEIN, R. MULLER, C. C. GARNER, D. RICHTER, AND S. KINDLER,
Identification of a cis-acting dendritic targeting element in the mRNA encoding the asubunit of
Ca2+ /calmodulin-dependent protein kinase II, The European Journal of Neuroscience, 13 (2001),
pp. 1881-8.

A. BLICHENBERG, B. SCHWANKE, M. REHBEIN, C. C. GARNER, D. RICHTER, AND S. KINDLER,
Identification of a cis-acting dendritic targeting element in MAP2 mRNAs, Journal of Neuroscience,

19 (1999), pp. 8818-29.

M. D. BLOWER, E. FERrIC, K. WEIS, AND R. J. HEALD, Genome-wide analysis demonstrates conser-
ved localization of messenger RNAs to mitotic microtubules, Journal of Cell Biology, 179 (2007),
pp. 1365-73.

S. BovairD, D. PATEL, J. A. PADILLA, AND E. LECUYER, Biological functions, requlatory mecha-

nisms, and disease relevance of RNA localization pathways, FEBS Letters, 592 (2018), pp. 2948-72.

R. P. BRENDZA, L. R. SERBUS, J. B. DUFFY, AND W. M. SAXTON, A function for kinesin I in the

posterior transport of oskar mRNA and Staufen protein, Science, 289 (2000), pp. 2120-2.

S. BRENNER, F. JAcoB, AND M. MESELSON, An unstable intermediate carrying information from

genes to ribosomes for protein synthesis, Nature, 190 (1961), pp. 576-81.

S. L. BurLLock AND D. IsH-Horowicz, Conserved signals and machinery for RNA transport in

Drosophila oogenesis and embryogenesis, Nature, 414 (2001), pp. 611-6.

S. L. BuLrock, I. RINGEL, D. IsH-HOROWICZ, AND P. J. LUKAVSKY, A’-form RNA helices are
required for cytoplasmic mRNA transport in Drosophila, Nature Structural and Molecular Biology, 17
(2010), pp. 703-709.

J. M. CARLSON, A. CHAKRAVARTY, C. E. DEZIEL, AND R. H. Gross, SCOPE : a web server for

practical de novo motif discovery, Nucleic Acids Research, 35 (2007), pp. W259-64.

A. P. CHAN, M. KrLoc, S. BILINSKI, AND L. D. ETKIN, The vegetally localized mRNA fatvg is
associated with the germ plasm in the early embryo and is later expressed in the fat body, Mechanisms

of Development, 100 (2001), pp. 137-40.

A. P. CuaN, M. Kroc, aNnD L. D. ETKIN, fatvg encodes a new localized RNA that uses a 25-
nucleotide element (FVLE1) to localize to the vegetal cortex of Xenopus oocytes, Development, 126
(1999), pp. 4943-53.

J. A. CHAO, Y. PaTskovsKY, V. PATEL, M. LEvy, S. C. ALMO, AND R. SINGER, ZBP1 recognition

of B-actin zipcode induces RNA looping, Genes and Development, 24 (2010), pp. 148-58.

61



[33]

[34]

[35]

[36]

[37]

138

[39]

[40]

[41]

[42]

[43]

[44]

[45]

P. CHARTRAND, X. H. MENG, S. HUTTELMAIER, D. DONATO, AND R. H. SINGER, Asymmetric

sorting of ashlp in yeast results from inhibition of translation by localization elements in the mRNA,

Molecular Cell, 10 (2002), pp. 1319-30.

P. CHARTRAND, X. H. MENG, R. H. SINGER, AND R. M. LONG, Structural elements required for

the localization of ASH1 mRNA and of a green fluorescent protein reporter particle in vivo, Current

Biology, 9 (1999), pp. 333-6.

H. K. CHEUNG, T. L. SERANO, AND R. S. COHEN, FEvidence for a highly selective RNA transport
system and its role in establishing the dorsoventral axis of the Drosophila egg, Development, 114 (1992),
pp. 653-61.

M. CLAUSSEN AND T. PIELER, Xvelol uses a novel 75-nucleotide signal sequence that drives vegetal

localization along the late pathway in Xenopus oocytes, Developmental Biology, 266 (2004), pp. 270-84.

M. CrausseN, K. HorvAy, AND T. PIELER, FEwvidence for overlapping, but not identical, protein
machineries operating in vegetal RNA localization along early and late pathways in Xenopus oocytes,

Development, 131 (2004), pp. 4263-73.

N. A. Coby, C. IAMPIETRO, AND E. LECUYER, The many functions of mRNA localization during
normal development and disease : From pillar to post, Wiley Interdisciplinary Reviews-Developmental

Biology, 2 (2013), pp. 781-96.

K. B. Cook, H. Kazan, K. ZUBERI, Q. MORRIS, AND T. R. HUGHES, RBPDB : a database of
RNA-binding specificities, Nucleic Acids Research, 39 (2010), pp. D301-8.

A. J. CroFTS, H. WasHIDA, T. W. OKITA, M. OGAwA, T. KUMAMARU, AND H. SATOH, Targeting of

proteins to endoplasmic reticulum-derived compartments in plants. The importance of RNA localization,

Plant Physiology, 136 (2004), pp. 3414-9.

G. E. Crooks, G. Hon, J. M. CHANDONIA, AND S. E. BRENNER, WebLogo : a sequence logo

generator, Genome Research, 14 (2004), pp. 1188-90.

K. CzapLINSKI, T. KOCHER, M. SCHELDER, A. SEGREF, M. WiLM, AND I. W. MATTAJ, Identifi-
cation of 40LoVe, a Xenopus hnRNP D family protein involved in localizing a TGF-B-related mRNA
during oogenesis, Developmental Cell, 8 (2005), pp. 505-15.

R. DAHM AND M. KIEBLER, Cell biology : silenced RNA on the move, Nature, 438 (2005), pp. 432-5.

J. O. DESHLER, M. I. HIGHETT, T. ABRAMSON, AND B. J. SCHNAPP, A highly conserved RNA-
binding protein for cytoplasmic mRNA localization in vertebrates, Current Biology, 8 (1998), pp. 489—
96.

J. O. DESHLER, M. I. HIGHETT, AND B. J. SCHNAPP, Localization of Xenopus Vgl mRNA by Vera

protein and the endoplasmic reticulum, Science, 276 (1997), pp. 1128-31.

62



[46]

[47]

(48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

J. B. DICTENBERG, S. A. SWANGER, L. N. ANTAR, R. H. SINGER, AND G. J. BASSELL, A direct
role for FMRP in activity-dependent dendritic mRNA transport links filopodial-spine morphogenesis to
fragile X syndrome, Developmental Cell, 14 (2008), pp. 926-39.

M. DienN, R. BHATTACHARYA, D. BOTSTEIN, AND P. O. BROWN, Genome-scale identification of

membrane-associated human mRNAs, PLoS Genetics, 2 (2006), p. ell.

M. DIENSTBIER, F. BOEHL, X. Li, AND S. L. BULLOCK, Egalitarian is a selective RNA-binding
protein linking mRNA localization signals to the dynein motor, Genes and Development, 23 (2009),
pp. 1546-58.

D. DoMINGUEZ, P. FREESE, M. S. ALEX1S, A. Su, M. HocamaN, T. PALDEN, C. BaziLg, N. J.
LAMBERT, E. L. VAN NOSTRAND, G. A. PrATT, G. W. YEO, B. R. GRAVELEY, AND C. B. BURGE,
Sequence, structure, and context preferences of human RNA binding proteins, Molecular Cell, 70 (2018),

pp- 854-867 €9.

J. L. DYNES AND O. STEWARD, Dynamics of bidirectional transport of arc mrna in neuronal dendrites,

The Journal of Comparative Neurology, 500 (2007), pp. 433-447.

—, Arc mRNA docks precisely at the base of individual dendritic spines indicating the existence of
a specialized microdomain for synapse-specific mRNA translation, The Journal of Comparative Neuro-

logy, 520 (2012), pp. 3105-19.

J. EBERWINE, B. BELT, J. E. KACHARMINA, AND K. MIYASHIRO, Analysis of subcellularly locali-
zed mRNAs using in situ hybridization, mRNA amplification, and expression profiling, Neurochemical

Research, 27 (2002), pp. 1065-77.

K. L. FariNa, S. HOTTELMAIER, K. MUSUNURU, R. DARNELL, AND R. SINGER, Two ZBP1 KH
domains facilitate B-actin mRNA localization, granule formation, and cytoskeletal attachment, The

Journal of Cell Biology, 160 (2003), pp. 77-87.

S. FARRIS, G. LEwWANDOWSKI, C. D. Cox, AND O. STEWARD, Selective localization of arc mRNA in

dendrites involves activity- and translation-dependent mRNA degradation, The Journal of Neuroscience,

34 (2014), pp. 4481-93.

F. FAUTEUX, M. BLANCHETTE, AND M. V. STROMVIK, Seeder : discriminative seeding DNA motif

discovery, Bioinformatics, 24 (2008), pp. 2303-7.

D. FERrRANDON, I. KocH, E. WESTHOF, AND C. NUSSLEIN-VOLHAR, RNA-RNA interaction is
required for the formation of specific bicoid mRNA 8 UTR-STAUFEN ribonucleoprotein particles,
The EMBO Journal, 16 (1997), pp. 1751-997.

B. C. Foar, S. S. HousaMaANDI, W. M. OLivas, AND H. J. BUSSEMAKER, Profiling condition-

specific, genome-wide requlation of mRNA stability in yeast, Proceedings of the National Academy of

Sciences of the United States of America, 102 (2005), pp. 17675-80.

63



[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

B. C. Foar, A. V. MOROzZOV, AND H. J. BUSSEMAKER, Statistical mechanical modeling of genome-

wide transcription factor occupancy data by MatritREDUCE, Bioinformatics, 22 (2006), pp. e141-9.

K. M. FORREST AND E. R. Gavis, Live imaging of endogenous RNA reveals a diffusion and entrap-

ment mechanism for nanos mRNA localization in Drosophila, Current Biology, 13 (2003), pp. 1159-68.

D. GauTtreAau, C. A. Cotg, AND K. L. MOwWRY, Two copies of a subelement from the Vgl RNA
localization sequence are sufficient to direct vegetal localization in Xenopus oocytes, Development, 124

(1997), pp. 5013-20.

E. R. Gavis, D. CurTis, AND R. LEHMANN, Identification of cis-acting sequences that control nanos

RNA localization, Developmental Biology, 176 (1996), pp. 36-50.

E. R. Gavis AND R. LEHMANN, Localization of nanos RNA controls embryonic polarity, Cell, 71

(1992), pp. 301-13.

E. R. Gavis, L. LUNSFORD, S. E. BERGSTEN, AND R. LEHMANN, A conserved 90 nucleotide element

mediates translational repression of nanos RNA, Development, 122 (1996), pp. 2791-800.

C. GENE ONTOLOGY, Gene Ontology Consortium : going forward, Nucleic Acids Research, 43 (2015),
pp- D1049-56.

S. GERSTBERGER, M. HAFNER, AND T. TUSCHL, A census of human RNA-binding proteins, Nature

Reviews Genetics, 15 (2014), pp. 829-45.

C. GIioraIl AND M. J. MOORE, The nuclear nurture and cytoplasmic nature of localized mRNPs,

Seminars in Cell and Developmental Biology, 18 (2007), pp. 186-93.

G. GIUDICE, F. SANCHEZ-CABO, C. TORROJA, AND E. LARA-PEzzI, ATtRACT—a database of

RNA-binding proteins and associated motifs, Database, (2016).

C. GoMEs, T. T. MERIANDA, S. LEE, S. YOO, AND J. L. Twiss, Molecular determinants of the

azonal mRNA transcriptome, Developmental Neurobiology, 74 (2014), pp. 218-232.

I. GoNnzaLEZ, S. B. BuoNoMO, K. NASMYTH, AND U. VON AHSEN, ASHI mRNA localization in

yeast involves multiple secondary structural elements and Ashl protein translation, Current Biology, 9

(1999), pp. 337-40.

F. Gros, H. Hiart, W. GILBERT, C. G. KURLAND, R. W. RISEBROUGH, AND J. D. WATSON,
Unstable ribonucleic acid revealed by pulse labelling of Escherichia coli, Nature, 190 (1961), pp. 581—
85.

W. Gu, F. PAN, H. ZHANG, G. J. BASSELL, AND R. H. J. SINGER, A predominantly nuclear protein

affecting cytoplasmic localization of B-actin mRNA in fibroblasts and neurons, Journal of Cell Biology,

156 (2002), pp. 41-51.

B. L. GUDENAS AND L. WANG, Prediction of LncRNA subcellular localization with deep learning from

sequence features, Scientific Report, 8 (2018), p. 16385.

64



[73]

[74]

[75]

[76]

[77]

78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[36]

S. GupTA, J. A. STAMATOYANNOPOULOS, T. L. BAILEY, AND W. S. NOBLE, Quantifying similarity

between motifs, Genome Biology, 8 (2007), p. R24.

O. HACHET AND A. EPHRUSSI, Drosophila Y14 shuttles to the posterior of the oocyte and is required

for oskar mRNA transport, Current Biology, 11 (2001), pp. 1666-1674.

O. HACHET AND A. EPHRUSSI, Splicing of oskar RNA in the nucleus is coupled to its cytoplasmic
localization, Nature, 428 (2004), pp. 959-63.

S. HEiNz, C. BENNER, N. SPANN, E. BErRTOLINO, Y. C. LIN, P. LAssLo, J. X. CHENG, C. MURRE,
H. SinGH, AND K. K. GLASS, Simple combinations of lineage-determining transcription factors prime
cis-requlatory elements required for macrophage and B cell indentities, Molecular Cell, 38 (2010),

pp- 576-89.

D. HELLER, R. KRESTEL, U. OHLER, M. VINGRON, AND A. MARSICO, ssHMM : extracting intuitive
sequence-structure motifs from high-throughput RNA-binding protein data, Nucleic Acids Research, 45
(2017), pp. 11004-18.

J. J. HENRY, K. J. PERRY, L. FUKUI, AND N. Awvi, Differential localization of mRNAs during early
development in the mollusc, Crepidula fornicata, Integrative and Comparative Biology, 50 (2010),
pp- 720-33.

R. G. HEYM AND D. NIESSING, Principles of mRNA transport in yeast, Cellular and Molecular Life
Sciences, 69 (2012), pp. 1843-53.

M. HILLER, R. PUDIMAT, A. BUSCH, AND R. BACKLOFEN, Using RNA secondary structures to guide

sequence motif finding towards single-stranded regions, Nucleic Acids Research, 34 (2006).

K. S. Hoek, G. J. KipDp, J. H. CARSON, AND R. SMITH, hnRNP A2 selectively binds the cytoplasmic

transport sequence of myelin basic protein mRNA, Biochemistry, 37 (1998), pp. 7021-9.

Y. S. Huang, J. H. CARSON, E. BARBARESE, AND D. RICHTER, Fucilitation of dendritic mRNA

transport by CPEB, Genes and Developments, 17 (2003), p. 638-53.

S. HUTTELMAIER, D. ZENKLUSEN, M. LEDERER, J. DICTENBERG, M. LORENZ, X. MENG, G. J.
BAsseLL, J. CONDEELIS, AND R. H. SINGER, Spatial requlation of B-actin translation by Src-dependent

phosphorylation of ZBP1, Nature, 438 (2005), pp. 512-5.

S. HUTTEN, T. SHARANGDHAR, M. KIEBLER, S. HUTTEN, T. SHARANGDHAR, AND M. KIEBLER,

Unmasking the messenger, RNA Biology, 11 (2014), pp. 992-997.

J.-R. HuynH, T. P. MuNRO, K. SMITH-LITIERE, J.-A. LEPESANT, AND D. ST JOHNSTON, The
Drosophila hnRNPA /B homolog, Hrp/8, is specifically required for a distinct step in osk mRNA loca-
lization, Developmental Cell, 6 (2004), pp. 625-35.

F. JacoB AND J. MONOD, Genetic requlatory mechanisms in the synthesis of proteins, Journal of

Molecular Biology, 3 (1961), pp. 318-356.

65



[87]

[88]

[89]

[90]

[91]

192]

[93]

[94]

[95]

[96]

[97]

98]

[99]

A. JAMBHEKAR AND J. L. DERIsI, Cis-acting determinants of asymmetric, cytoplasmic RNA trans-

port, RNA, 12 (2007), pp. 625-42.

A. JAMBHEKAR, K. MCDERMOTT, S. SORBER, K. A. SHEPARD, R. D. VALE, P. TAKIZAVA, AND
J. L. DERISI, Unbiased selection of localization elements reveals cis-acting determinants of mRNA bud
localization in Saccharomyces cerevisiae, of the United StatesProceedings of the National Academy of

Sciences of the United States of Americas, 102 (2005), pp. 18005-18010.

H. JAMBOR, V. SURENDRANATH, A. T. KALINKA, P. MEJSTRIK, S. SAALFELD, AND P. TOMANCAK,
Systematic imaging reveals features and changing localization of mRNAs in Drosophila development,
eLife, 4 (2015).

R. JEENER AND D. SZAFARZ, Relation between the rate of renewal and the intracellular localization of

ribonucleic acid, Archives of Biochemistry and Biophysics, 26 (1950), pp. 54—67.

W. R. JEFFERY, C. R. TOMLINSON, AND R. D. BRODEUR, Localization of actin messenger RNA

during early ascidian development, Developmental Biology, 99 (1983), pp. 408-17.

O. JOHNSTONE AND P. LASkO, Translational regulation and RNA localization in Drosophila oocytes

and embryos, Annual Review of Genetics, 35 (2001), pp. 365-406.

P. KAEWSAPSAK, D. M. SHECHNER, W. MALLARD, J. L. RINN, AND A. Y. TING, Live-cell map-

ping of organelle-associated RNAs via proximity biotinylation combined with protein-RNA crosslinking,

eLife, 6 (2017).

H. Kazan, D. RAay, E. T. CHAN, AND T. R. HUGHES, RNAcontext : a new method for learning the
sequence and structure binding preferences of RNA-binding proteins, PLoS Computational Biology, 6
(2010).

K. C. KEILER, RNA localization in bacteria, Current Opinion Microbiology, 14 (2011), pp. 155-9.

A. E. KL, E. GossLING, I. REUTER, E. CHEREMUSHKIN, O. V. KEL-MARGOULIS, AND E. WIN-
GENDER, MATCH : A tool for searching transcription factor binding sites in DNA sequences, Nucleic

Acids Research, 31 (2003), pp. 3576-9.

A. KHaN, O. FORNES, A. STIGLIANI, M. GHEORGHE, J. A. CASTRO-MONDRAGON, R. VAN DER
LEE, A. BEssy, J. CHENEBY, S. R. KULKARNI, G. TAN, D. BARANASIC, D. J. ARENILLAS, A. SAN-
DELIN, K. VANDEPOELE, B. LENHARD, B. BALLESTER, W. W. WASSERMAN, F. PARCY, AND
A. MATHELIER, JASPAR 2018 : update of the open-access database of transcription factor binding
profiles and its web framework, Nucleic Acids Research, 46 (2018), p. D1284.

J. Kiv, J. LEE, S. LEg, B. LEE, AND J. KiM-HA, Phylogenetic comparison of oskar mRNA locali-
zation signals, Biochemical and Biophysical Research Communications, 444 (2014), pp. 98-103.

J. KiM-HaA, J. L. SMITH, AND P. M. MACDONALD, oskar mRNA is localized to the posterior pole of

the Drosophila oocyte, Cell, 66 (1991), pp. 23-35.

66



[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

J. Kim-Ha, P. J. WEBSTER, J. L. SMITH, AND P. M. MACDONALD, Multiple RNA regulatory
elements mediate distinct steps in localization of oskar mRNA, Development, 119 (1993), pp. 169-78.

E. H. KisLAUSKIS AND R. H. SINGER, Determinants of mRNA localization, Current Opinion in Cell

Biology, 4 (1992), pp. 975-8.

E. H. KisLauskis, X. ZHU, AND R. H. SINGER, Sequences responsible for intracellular localization of

B-actin messenger RNA also affect cell phenotype, The Journal of Cell Biology, 127 (1994), pp. 441-451.

M. Kroc, S. BiLiNskI, A. PUI-YEE CHAN, AND L. D. ETKIN, The targeting of Xcat2 mRNA to the
germinal granules depends on a cis-acting germinal granule localization element within the 3’ UTR,

Developmental Biology, 217 (2000), pp. 221-9.

R. B. KNOWLES, J. H. SABRY, M. E. MARTONE, T. DEERINK, M. ELLISMAN, G. J. BASSELL,
AND K. Kosik, Translocation of RNA granules in living neurons, Journal of Neuroscience, 16 (1996),

pp. 7812-20.

L. J. KorN, C. L. QUEEN, AND M. N. WEGMAN, Computer analysis of nucleic acid regulatory
sequences, Proceedings of the National Academy of Sciences of the United States of America, 74

(1977), pp. 4401-5.

M. KOWANDA, J. BERGALET, M. WIECZOREK, G. BROUHARD, E. LECUYER, AND P. LASKO, Loss
of function of the Drosophila Ninein-related centrosomal protein Bsg25D causes mitotic defects and

impairs embryonic development, Biology Open, 5 (2016), pp. 1040-51.

T. L. Kress, Y. J. Yoon, AND K. L. MOwWRY, Nuclear RNP complex assembly initiates cytoplasmic

RNA localization, The Journal of Cell Biology, 165 (2004), pp. 203-11.

C. KRrRUSE, A. JAEDICKE, J. BEAUDOUIN, F. BOHL, D. FERRING, T. GUTTLER, J. ELLENBERG,
AND R.-P. JANSEN, Ribonucleoprotein-dependent localization of the yeast class V myosin Myo4p, The

Journal of Cell Biology, 159 (2002), pp. 971-82.

J. M. KUGLER AND P. LASKO, Localization, anchoring and translational control of oskar, gurken,

bicoid and nanos mRNA during Drosophila oogenesis, Fly, 3 (2009), pp. 15-28.

J. KURIYAN, D. EISENBERG, J. KURIYAN, AND D. EISENBERG, The origin of protein interactions

and allostery in colocalization, Nature, 450 (2007), pp. 983-90.

V. LANTZ AND P. SCHEDL, Multiple cis-acting targeting sequences are required for orb mRNA locali-

zation during Drosophila oogenesis, Molecular and Cellular Biology, 14 (1994), pp. 2235-342.

P. LASKO, mRNA localization and translational control in Drosophila oogenesis, Cold Spring Harbor

Perspectives in Biology, 4 (2012).

M. LAVALLEE-ADAM, P. CLOUTIER, AND B. COULOMBE, Functional 5° UTR motif discovery with
LESMoN : Local enrichment of sequence motifs in biological networks, Nucleic Acids Research, 45

(2017), pp. 10415-27.

67



[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

C. E. LAWRENCE, S. F. ArrscHuL, M. S. BoGauski, J. S. Liu, A. F. NEUWALD, AND J. C. WooOT-
TON, Detecting subtle sequence signals : a Gibbs sampling strategy for multiple alignment, Science, 262

(1993), pp. 208-14.

C. E. LAWRENCE AND A. A. REILLY, An expectation mazimization (EM) algorithm for the identifi-
cation and characterization of common sites in unaligned biopolymer sequences, Proteins : Structure,

Function, and Genetics, 7 (1990), pp. 41-51.

E. LECUYER, H. YOSHIDA, N. PARTHASARATHY, C. ALM, T. BABAK, T. CEROVINA, T. R. HUGHES,
P. ToMANCAK, AND H. M. KRAUSE, Global analysis of mRNA localization reveals a prominent role

in organizing cellular architecture and function, Cell, 131 (2007), pp. 174-87.

F. A. LereBVRE, N. A. L. Copy, L. P. BENOIT BOUVRETTE, J. BERGALET, X. WANG, AND
E. LECUYER, CeFra-seq : Systematic mapping of RNA subcellular distribution properties through cell
fractionation coupled to deep-sequencing, Methods, 126 (2017), pp. 138-48.

D. A. LErIT AND E. R. Gavis, Transport of germ plasm on astral microtubules directs germ cell

development in Drosophila, Current Biology, 21 (2011), pp. 439-48.

A. LIEFOOGHE, H. TOUZET, AND J. S. VARRE, Large scale matching for position weight matrices,

Annual Symposium on Combinatorial Pattern Matching, (2006).

Y. Liu, S. SuN, T. BREDY, M. WoobD, R. C. SPITALE, AND P. BALDI, MotifMap-RNA : a genome-
wide map of RBP binding sites, Bioinformatics, 33 (2017), pp. 2029-31.

R. M. LoNGg, W. Gu, E. LORIMER, R. H. SINGER, AND P. CHARTRAND, She2p is a novel RNA-
binding protein that recruits the Myo4p-She3p complex to ASHI mRNA, The EMBO Journal, 19 (2000),
pp- 6592-601.

R. M. Long, R. H. SINGER, X. MENG, I. GONZALEZ, K. NASMYTH, AND R.-P. JANSEN, Mating
type switching in yeast controlled by asymmetric localization of ASHI mRNA, Science, 277 (1997),
pp. 383-T7.

R. LorENZ, S. H. BERNHART, C. HONER ZU SIEDERDISSEN, H. TAFER, C. FLAMM, P. F. STADLER,

AND I. L. HOFACKER, ViennaRNA package 2.0, Algorithms for Molecular Biology, 6 (2011), p. 26.

P. M. MacpoNALD AND K. KERR, Redundant RNA recognition events in bicoid mRNA localization,
RNA, 3 (1997), pp. 1413-20.

——, Mutational analysis of an RNA recognition element that mediates localization of bicoid mRNA,

Molecular and Cellular Biology, 18 (1998), p. 3788-95.

P. M. MAcCDONALD, K. KERR, J. L. SMITH, AND A. LEASK, RNA regulatory element BLE1 directs
the early steps of bicoid mRNA localization, Development, 118 (1993), pp. 1233-43.

P. M. MACDONALD AND G. STRUHL, Cis-acting sequences responsible for anterior localization of

bicoid mRNA in drosophila embryos, Nature, 336 (1988), pp. 595-8.

68



[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

[139]

J. MACHTA, Entropy, information, and computation, American Journal of Physics, 62 (1999), pp. 1074—
7.

K. D. MacIsaAc AND E. FRAENKEL, Practical strategies for discovering requlatory DNA sequence

motifs, PLoS Computational Biology, 2 (2006), p. e36.

K. C. MARTIN AND A. EPHRUSSI, mRNA localization : gene expression in the spatial dimension, Cell,

136 (2009), pp. 719-30.

D. Maticzka, S. J. LANGE, F. CostA, AND R. BACKLOFEN, GraphProt : modeling binding prefe-

rences of RNA-binding proteins, Genome Biology, 15 (2014).

V. Marys, E. FrRICKE, R. GEFFERS, E. GOSSLING, M. HAUBROCK, R. HEHL, K. HORNISCHER,
D. Karas, A. E. KeL, O. V. KeL-MaARrcouLis, D. U. KLoos, S. LAND, B. LEWICKI-POTAPOV,
H. MicHAEL, R. MUNCH, I. REUTER, S. ROTERT, H. SAXEL, M. SCHEER, S. THIELE, AND E. WIN-
GENDER, TRANSFAC : transcriptional requlation, from patterns to profiles, Nucleic Acids Research,
31 (2003), pp. 374-8.

M. MAYFORD, D. BARANES, K. PODSYPANIA, AND E. KANDEL, The 3-untranslated region of CaM-
Kllaplha is a cis-acting signal for the localization and translation of mRNA in dendrites, Proceedings

of the National Academy of Science of the United States of America, 93 (1996), pp. 13250-5.

C. MEebpIONI, K. MOWRY, AND F. BESSE, Principles and roles of mRNA localization in animal deve-

lopment, Development, 139 (2012), pp. 3263-76.

E. J. MEER, D. WANG, S. KiMm, I. BARR, F. Guo, K. C. MARTIN, E. J. MEER, D. WaNG, S. KiM,
I. BARR, F. Guo, AND K. C. MARTIN, Identification of a cis-acting element that localizes mRNA
to synapses, Proceedings of the National Academy of Sciences of the United States of Americas, 109

(2012), pp. 4639-44.

T. J. MEssiTT, J. A. GAGNON, J. A. KREILING, C. A. PrRATT, Y. J. YOON, AND K. L. MOWRY,
Multiple kinesin motors coordinate cytoplasmic RNA transport on a subpopulation of microtubules in

Xenopus oocytes, Developmental Cell, 15 (2008), pp. 426-36.

M. MIKL, G. VENDRA, AND M. A. KIEBLER, Independent localization of MAP2, CaMKIlaand B-actin
RNAs in low copy numbers, EMBO Report, 12 (2011), pp. 1077-84.

S. MiLi, K. Mo1ssoGLU, AND I. G. MACARA, Genome-wide screen reveals APC-associated RNAs

enriched in cell protrusions, Nature, 453 (2008), pp. 115-21.

E. MOHR, J. F. MORRIS, AND D. RICHTER, Differential subcellular mRNA targeting : deletion of a
single nucleotide prevents the transport to axons but not to dendrites of rat hypothalamic magnocellular
neurons, Proceedings of the National Academy of Sciences of the United States of America, 92 (1995),
pp. 4377-81.

69



[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

Y. Mori, K. Ima1zumi, T. KATAYAMA, T. YONEDA, AND M. TOHYAMA, Two cis-acting elements in
the 8’ untranslated region of a-CaMKII regulate its dendritic targeting, Nature Neuroscience, 3 (2000),
pp. 1079-84.

K. L. Mowry AND D. A. MELTON, Vegetal messenger RNA localization directed by a 340-nt RNA
sequence element in Xenopus oocytes, Science, 255 (1992), pp. 991-4.

T. P. MuNroO, R. J. MAGEE, G. J. KipDp, J. H. CARSON, E. BARBARESE, L. M. SMITH, AND

R. SMITH, Mutational analysis of a heterogeneous nuclear ribonucleoprotein A2 response element for

RNA trafficking, Journal of Biological Chemistry, 274 (1999).

Y. OLEYNIKOV AND R. H. SINGER, Real-time visualization of ZBP1 association with B-actin mRNA

during transcription and localization, Current Biology, 13 (2003), pp. 199-207.

C. OLIVIER, G. POIRIER, P. GENDRON, A. BOISGONTIER, M. MAJOR, AND P. CHARTRAND, Iden-

tification of a conserved RNA motif essential for She2p recognition and mRNA localization to the yeast

bud, Molecular and Cellular Biology, 25 (2005), pp. 4752—66.

Y. ORENSTEIN, Y. WANG, AND B. BERGER, RCK : accurate and efficient inference of sequence-
and structure-based protein—-RNA binding models from RNAcompete data, Bioinformatics, 32 (2016),
pp- 1351-9.

F. PaN, S. HOTTELMAIER, R. H. SINGER, AND W. GU, ZBPZ2 facilitates binding of ZBP1 to B-actin
mRNA during transcription, Molecular and Cellular Biology, 27 (2009), p. 8340-8351.

N. PAQUIN AND P. CHARTRAND, Local regulation of mRNA translation : new insights from the bud,

Trends in Cell Biology, 18 (2008), pp. 105-11.

V. L. PaTeL, S. MiTRA, R. HARRIS, A. R. BuxBauM, T. LIONNET, M. BRENOWITZ, M. GIRVIN,
M. LEvy, S. C. ALMO, AND R. H. SINGER, Spatial arrangement of an RNA zipcode identifies mRNAs
under post-transcriptional control, Genes and Development, 26 (2012), pp. 43-53.

G. Pavesi, P. MEREGHETTI, G. MAURI, AND G. PESOLE, Weeder web : discovery of transcription
factor binding sites in a set of sequences from co-regulated genes, Nucleic Acids Research, 32 (2004),

pp. W199-203.

I. Paz, I. KosTi, M. ARES Jr, AND M. CLINE, RBPmap : a web server for mapping binding sites of
RNA-binding proteins, Nucleic Acids Research, 42 (2014), pp. W361-7.

A. Paziewska, L. S. Wyrwicz, J. M. Buinicki, K. BOMSZTYK, AND J. OSTROWSKI, Cooperative

binding of the hnRNP K three KH domains to mRNA targets, FEBS Letters, 577 (2004), pp. 134—40.

N. PrAKASH, S. FEHR, E. MOHR, AND D. RICHTER, Dendritic localization of rat vasopressin mRNA :

ultrastructural analysis and mapping of targeting elements, The European Journal of Neuroscience, 9

(1997), pp. 523-32.

70



[153]

[154]

[155]

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

[164]

F. PrRODON, L. YAMADA, M. SHIRAE-KURABAYASHI, Y. NAKAMURA, AND Y. SASAKURA, Post-
plasmic/PEM RNAs : a class of localized maternal mRNAs with multiple roles in cell polarity and
development in ascidian embryos, Developmental Dynamic, 236 (2007), pp. 1698-715.

C. QUEEN, M. N. WEGMAN, AND L. J. KORN, Improvements to a program for DNA analysis : a

procedure to find homologies among many sequences, Nucleic Acids Research, 10 (1982), pp. 449-56.

C. Racca, A. Garpior, T. EoMm, J. ULE, A. TRILLER, AND R. B. DARNELL, The neuronal splicing

factor Nova co-localizes with target RNAs in the dendrite, Frontiers in Neural Circuits, 4 (2010).

D. Ray, H. KazaN, K. B. Cook, M. T. WEIRAUCH, H. S. NAJAFABADI, X. L1, S. GUEROUSSOV,
M. ALBu, H. ZHENG, A. YANG, H. NaA, M. IrimiA, L. H. MaTtzaT, R. K. DALE, S. A. SMITH,
C. A. YAarOsH, S. M. KeLLy, B. NABET, D. MECENAS, W. L1, R. S. LAISHRAM, M. Q1a0, H. D.
LipsHiTZ, F. Pi1ano, A. H. COorRBETT, R. P. CARSTENS, B. J. FREY, R. A. ANDERSON, K. W.
LyncH, L. O. PENALVA, E. P. LEI, A. G. FRASER, B. J. BLENCOWE, Q. D. MORRIS, AND T. R.
HUGHES, A compendium of RNA-binding motifs for decoding gene regulation, Nature, 499 (2013),
pp. 172-7.

K. RiHAN, E. ANTOINE, T. MAURIN, B. BARDONI, R. BORDONNE, J. SORET, AND F. RAGE, A
new cis-acting motif is required for the azonal SMN-dependent Anza2 mRNA localization, RNA, 23
(2017), p. 899.

A. F. Ross, Y. OLEYNIKOV, E. H. KisLAuskis, K. L. TANEJA, AND R. SINGER, Characterization

of a B-actin mRNA zipcode-binding protein, Molecular and Cellular Biology, 17 (1997), pp. 2158-65.

Y. H. Ryu, A. KENNY, Y. GIM, M. SNEE, AND P. M. J. MACDONALD, Multiple cis-acting signals,

some weak by necessity, collectively direct robust transport of oskar mRNA to the oocyte, Journal of

Cell Science, 130 (2017).

A. SANDELIN, W. ALKEMA, P. ENGSTROM, W. W. WASSERMAN, AND B. LENHARD, JASPAR :

an open-access database for eukaryotic transcription factor binding profiles, Nucleic Acids Reseach, 32

(2004), pp. D91-4.

G. K. SANDVE AND F. DRABLOS, A survey of motif discovery methods in an integrated framework,

Biology Direct, 1 (2006), p. 11.

C. SAUNDERS AND R. S. COHEN, The role of oocyte transcription, the 5 UTR, and translation

repression and derepression in Drosophila gurken mRNA and protein localization, Molecular Cell, 3

(1999), pp. 43-54.

T. D. SCHNEIDER, A brief review of molecular information theory, Nano Communication Networks, 1

(2010), pp. 173-80.

T. D. SCHNEIDER AND R. M. STEPHENS, Sequence logos : a new way to display consensus sequences,

Nucleic Acids Research, 18 (1990), pp. 6097-100.

71



[165]

[166]

[167]

[168]

[169]

[170]

[171]

[172]

[173]

[174]

[175]

[176]

[177]

[178]

J. SERANO AND G. M. RUBIN, The Drosophila synaptotagmin-like protein bitesize is required for
growth and has mRNA localization sequences within its open reading frame, Proceedings of the National
Academy of Sciences of the United States of Americas, 100 (2003), pp. 13368-73.

T. L. SERANO AND R. S. COHEN, A small predicted stem-loop structure mediates oocyte localization
of Drosophila K10 mRNA, Development, 121 (1995), pp. 3809-3818.

K. A. SERIKAWA, D. M. PORTERFIELD, AND D. F. MANDOLI, Asymmetric subcellular mRNA dis-
tribution correlates with carbonic anhydrase activity in Acetabularia acetabulum, Plant Physiology, 125
(2001), pp. 900-11.

M. C. SHANER, [. M. BLAIR, AND T. D. SCHNEIDER, Sequence logos : A powerful, yet simple, tool,
IEEE, 1 (1993), pp. 813-21.

E. A. SuestakovA, R. H. SINGER, AND J. CONDELLS, The physiological significance of B-actin
mRNA localization in determining cell polarity and directional motility, Proceedings of the National
Academy of Science of the United States of America, 98 (2001), pp. 7045-50.

S. SINHA AND M. TowmpA, YMF : A program for discovery of novel transcription factor binding sites
by statistical overrepresentation, Nucleic Acids Research, 31 (2003), pp. 3586-8.

M. J. SNEE, E. A. ARN, S. L. BULLOCK, AND P. M. MACDONALD, Recognition of the bed mRNA loca-
lization signal in Drosophila embryos and ovaries, Molecular and Cellular Biology, 25 (2005), pp. 1501—
1510.

D. ST JoHNSTON, D. BEUCHLE, AND C. NUSSLEIN-VOLHARD, Staufen, a gene required to localize
maternal RNAs in the Drosophila egg, Cell, 66 (1991), pp. 51-63.

R. STADEN, Computer methods to locate signals in nucleic acid sequences, Nucleic Acids Research, 12
(1984), pp. 505-19.

P. A. Takizawa, A. S, J. R. SWeEpLOw, I. HERSKOWITZ, AND R. D. VALE, Actin-dependent
localization of an RNA encoding a cell-fate determinant in yeast, Nature, 389 (1997), pp. 90-93.

H. TEKOTTE AND 1. DAVIS, Intracellular mRNA localization : motors move messages, Trends Genetics,
18 (2002), pp. 636-42.

V. VAN DE BOR AND I. Davis, mRNA localisation gets more complex, Current Opinion in Cell Biology,
16 (2004), pp. 300-307.

V. VAN DE Bor, E. HARTsSwWooOD, C. JONES, D. FINNEGAN, AND 1. Davis, gurken and the I factor
retrotransposon RNAs share common localization signals and machinery, Developmental Cell, 9 (2005),
pp. H1-62.

E. T. Wang, N. A. Coby, S. Jog, M. BiaNcoOLELLA, T. T. WanG, D. J. TREACY, S. Luo,
G. P. ScHrOTH, D. E. HOUSMAN, S. REDDY, E. LECUYER, AND C. B. BURGE, Transcriptome-wide

regulation of pre-mRNA splicing and mRNA localization by muscleblind proteins, Cell, 150 (2012),
pp. 710-24.

72



[179]

[180]

[181]

[182]

[183)]

[184]

[185]

[186]

[187]

188

[189]

[190]

[191]

[192]

L. D. WARD AND H. J. BUSSEMAKER, Predicting functional transcription factor binding through

alignment-free and affinity-based analysis of orthologous promoter sequences, Bioinformatics, 24 (2008),

pp. 1165-71.

T. T. WEIL, K. M. FORREST, AND E. R. GAvIis, Localization of bicoid mRNA in late oocytes is

maintained by continual active transport, Developmental Cell, 11 (2006), pp. 251-262.

K. WELSHHANS AND G. J. BASSELL, Netrin-I-induced local B-actin synthesis and growth cone guidance

requires zipcode binding protein 1, Journal of Neuroscience, 31 (2011), pp. 9800-13.

J. E. WILHELM AND R. D. VALE, RNA on the move : the mRNA localization pathway, The Journal
of Cell Biology, 123 (1993), pp. 269-74.

R. WiLk, J. Hu, D. BLoTsky, AND H. M. KRAUSE, Diverse and pervasive subcellular distributions

for both coding and long noncoding RNAs, Genes and Development, 30 (2016), pp. 594-609.

M. YAMAGISHI, Y. ISHIHAMA, Y. SHIRASAKI, H. KURAMA, AND T. FUNATSU, Single-molecule ima-
ging of B-actin mRNAs in the cytoplasm of a living cell, Experimental Cell Research, 315 (2009),
pp. 1142-7.

M. YAMAGISHI, Y. SHIRASAKI, AND T. FUNATSU, Size-dependent accumulation of mRNA at the
leading edge of chicken embryo fibroblasts, Biochemical and Biophysical Research Communications,

390 (2009), pp. 750-4.

Z. YAN, E. LECUYER, AND M. BLANCHETTE, Prediction of mRNA subcellular localization using deep

recurrent neural networks, Proceedings of ISMB 2019, (2019).

T. YANO, S. LOPEZ DE QUINTO, Y. MATSUI, A. SHEVCHENKO, A. SHEVCHENKO, AND A. EPHRUSSI,
Hrp48, a Drosophila hnRNPA/B homolog, binds and requlates translation of oskar mRNA, Develop-
mental Cell, 6 (2004), pp. 637-48.

K. ZARNACK AND M. FELDBRUGGE, Microtubule-dependent mRNA transport in fungi, Eukaryotics
Cell, 9 (2010), pp. 982-90.

H. L. Zuang, T. EoM, Y. OLEYNIKOV, S. M. SHENOY, D. A. LiEBELT, J. B. DICTENBERG, R. H.
SINGER, AND G. J. BASSELL, Neurotrophin-induced transport of a B-actin mRNP complex increases

B-actin levels and stimulates growth cone motility, Neuron, 31 (2001), pp. 261-75.

Y. Zuou AND M. L. KinG, Localization of Xcat-2 RNA, a putative germ plasm component, to the
mitochondrial cloud in Xenopus stage I oocytes, Development, 122 (1996), pp. 2947-53.

———, RNA transport to the vegetal cortex of Xenopus oocytes, Developmental Biology, 179 (1996),
pp- 173-83.

V. L. ZimyaNIN, K. BELAYA, J. PECREAUX, M. J. GILCHRIST, A. CLARK, I. DAvVIS, AND
D. ST JOHNSTON, In vivo imaging of oskar mRNA transport reveals the mechanism of posterior loca-

lization, Cell, 134 (2008), pp. 843-53.

73



Deuxiéme article.

CeFra-seq reveals broad
asymmetric mRNA
and noncoding RNA

distribution profiles in
Drosophila and human cells

Louis Philip Benoit Bouvrette

Cet article & été publié dans le revue RNA (2018. 24 : 98-113,
https:/doi.org/10.1261/rna.063172.117)


https:/doi.org/10.1261/rna.063172.117

Préface et contributions

Ce chapitre est présenté sous la forme d’un article de recherche et a aussi été publié dans
le journal RNA.

L’article présente une méthode optimisée impliquant le fractionnement cellulaire bio-
chimique et le séquencage d’ARN (CeFra-seq), en utilisant, en paralléle, des protocoles de
déplétion en ARN ribosomal ou d’enrichissement poly-(A). Ceci m’a permis de profiler glo-
balement la distribution asymétrique des ARN et leurs caractéristiques dans les modéles
cellulaires épithéliaux humains HepG2 et de Drosophile Dm-D17. La procédure débute par
l'isolement de quatre fractions subcellulaires (c.-a-d., noyau, cytosol, membrane et insoluble)
de la méme population cellulaire de départ, suivie d'une analyse & haut débit et détaillée
de la composition en ARN et protéines. Les analyses transcriptomiques de CeFra-seq ont
révélées un haut degré de distribution asymétrique des ARN (> 80 % des transcrits détectés)
dans les cellules humaines et de mouches, ainsi qu’'une conservation évolutive des caracté-
ristiques communes aux ARN localisés. Ces résultats sont cohérents avec une estimation
antérieure de la prévalence de la localisation d’ARNm observée par imagerie systématique,
par hybridation in situ en fluorescence (FISH), d’environ 3000 ARNm dans des embryons
de Drosophile [41], et élargissent considérablement les travaux antérieurs en offrant une vue
non seulement a ’échelle du transcriptome, mais incluant tous les biotypes d’ARN. En ef-
fet, cette étude révéle la forte prévalence de la localisation subcellulaire des transcrits non
codants, tels que les longs ARN non codants (IncRNA) et les ARN circulaires (circRNA),
qui présentent un ciblage important vers les fractions cytoplasmiques. Enfin, I’analyse com-
parative par spectrométrie de masse de protéines isolées a partir des mémes échantillons
fractionnés m’a permis d’évaluer les corrélations générales de distribution des ARNm et des
protéines qu’elles encodent. Ces analyses ont révélé des signatures distinctes de distribution
d’ARN /protéine corrélées et anti-corrélées et apportent un nouvel éclairage sur les fonctions
potentielles de la localisation d’ARN dans le ciblage des modules protéiques.

Jai effectué les analyses bio-informatiques, créé 'ensemble des figures et écrit 'intégralité
du manuscrit. Neal Cody a fortement contribué au développement de la méthode CeFra-seq
et a optimisé et effectué le fractionnement cellulaire. Julie Bergalet, Fabio Alexis Lefebvre,
Cédric Diot et Xiaofeng Wang ont effectué diverses analyses biologiques, dont les extrac-

tions ARN et protéique sur les extraits subcellulaires, les immunobuvardages de Western, les
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RT-qPCR, et la préparation des analyses pour la spectrométrie de masse. Eric Lécuyer et
Mathieu Blanchette ont supervisé les travaux et I'écriture du manuscrit et ont suggéré des
modifications concernant, principalement et respectivement, les aspects biologique et infor-
matique. Tous les co-auteurs ont approuvé le manuscrit avant sa soumission a 1’éditeur de

RNA, qui I’a fait évaluer par des paires avant de le publier.
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ABSTRACT. Cells are highly asymmetrical, a feature that relies on the sorting of molecular

constituents, including proteins, lipids and nucleic acids, to distinct subcellular locales. The

localization of RNA molecules is an important layer of gene regulation required to modu-

late localized cellular activities, although its global prevalence remains unclear. We combine

biochemical cell fractionation with RNA sequencing (CeFra-seq) analysis to assess the preva-

lence and conservation of RNA asymmetric distribution on a transcriptome-wide scale in

Drosophila and human cells. This approach reveals that the majority (~80%) of cellular

RNA species are asymmetrically distributed, whether considering coding and noncoding

transcript populations, in patterns that are broadly conserved evolutionarily. Notably, a

large number of Drosophila and human long noncoding RNAs and circular RNAs display

enriched levels within specific cytoplasmic compartments, suggesting that these RNAs fulfill

extra-nuclear functions. Moreover, fraction-specific mRNA populations exhibit distinctive

sequence characteristics. Comparative analysis of mRNA fractionation profiles with that of

their encoded proteins reveals a general lack correlation in subcellular distribution, marked

by strong cases of asymmetry. However, coincident distribution profiles are observed for

mRNA /protein pairs related to a variety of functional protein modules, suggesting complex

regulatory inputs of RNA localization to cellular organization.

Highlights

— CeFra-seq enables mapping of transcriptome localization features of human and Drosophila cells.

— The high prevalence and features of localized coding and noncoding RNAs are deeply conserved.

— Profiling of mRNA /protein distribution suggests diverse regulatory functions of RNA localiza-
tion.

Keywords: RNA Localization, Subcellular fractionation, RNA-sequencing, Messenger

RNA, Noncoding RNA, Cellular Organization

1. Introduction

In eukaryotic cells, biochemical reactions are often carried out within distinct subcellular
compartments by localized molecular machineries. Indeed, most signal transduction systems
rely on the colocalization of ligand-receptor pairs, as well as proteins that fulfill various
molecular sensing, scaffolding and enzymatic functions [27]. Similarly, the diverse array of
regulatory events that modulate gene expression are mediated by compartment-specific ri-
bonucleoprotein (RNP) complexes involved in RNA synthesis, processing, nuclear export,
cytoplasmic localization, translation and degradation [24]. By increasing the local concen-

trations of molecular constituents, colocalization is thought to enhance the probability of
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productive molecular interactions [40]. In the case of protein-protein interactions, subcel-
lular localization strongly influences proteome organization and has been proposed to be a
driving force in the evolution of functional binding interactions and allostery [40, 46]. Mo-
reover, modeling studies suggest that coincident sites of synthesis may be crucial for ensuring
the efficient assembly of protein complexes |[2].

The intracellular trafficking of RNA molecules is an important and evolutionarily conser-
ved mechanism for controlling cell polarity [50, 4]. This process has been most extensively
studied in the context of messenger RNAs (mRNAs), for which localized translation at pre-
cise cytoplasmic destinations is implicated in a broad range of biological processes, including
developmental patterning, cell fate determination, synaptic plasticity and cell migration [15].
Likewise, subcellular targeting strongly influences the function of various noncoding RNA
species, such as long noncoding RNAs (IncRNAs) and small nucleolar RNAs (snoRNAs), and
it has been proposed that such RNAs may act as key components of subcellular addressing
systems [3]. Over the years, several transcriptome profiling surveys of purified organelles and
subcellular compartments have revealed cofractionation of functionally coherent collections
of mRNAs [38, 20, 22, 48, 45, 19, 6, 23, 53, 60, 77, 9, 72, 33, 74, 42|. Similarly, global
RNA imaging-based screens in Drosophila oocytes and embryos have demonstrated that as
much as 70% of coding transcripts are localized in patterns that broadly correlate with the
distribution and function of their encoded proteins [41, 32, 73|. However, as Drosophila em-
bryos may represent an exceptional case where mRNA localization is particularly prominent,
due to their large size and syncytial nature, it remains unclear whether a comparably high
prevalence of RNA localization is also manifest in standard cells grown in culture.

In this study, we combine subcellular fractionation with RNA sequencing in human
and Drosophila cellular models, following poly(A)-enrichment or ribosomal RNA (rRNA)-
depletion regimens, to assess the extent of RNA subcellular localization in eukaryotic cells.
These results reveal the high prevalence of RNA asymmetric localization, with distinctive
subcellular enrichments observed for a diverse array of cellular RNA species exhibiting dis-
criminative sequence features. Comparative transcriptome and proteome profiling of cellular
fractions further reveals functional coherence in the molecular components enriched within
individual fractions, as well as diverse patterns of RNA-protein distribution suggestive of

complex regulatory relationships.
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2. Results

2.1. Subcellular fractionation and RNA sequencing (CeFra-Seq) of human and

insect cells

To gain global insights into the subcellular localization properties of cellular RNAs in
eukaryotic cells, and the degree of conservation of RNA distribution signatures, we applied
a biochemical cell fractionation strategy coupled with RNA sequencing (CeFra-Seq) to hu-
man and Drosophila cellular models (Figure 3.1A) [72]. For this, we focused on two cell
lines with epithelial-like features, human HepG2 hepatocellular carcinoma cells and Droso-
phila DM-D17-¢3 (D17) cells, a cell line derived from imaginal discs [16, 14]. As outlined
in Figure 3.1A, following harvesting, cells were swelled and lysed in hypotonic solution,
then subjected to a low-speed centrifugation (1200xg) to isolate pelleted nuclei and a su-
pernatant representing the general cytoplasmic extract. The pellet was further processed
via centrifugation over a sucrose cushion to remove un-lysed cells and large cellular debris
from the ‘Nuclear’ fraction. The general cytoplasmic extract was first subjected to high-
speed ultracentrifugation at 100,000xg, after which the supernatant was retrieved as the
‘Cytosolic’ fraction. The recovered pellet was then incubated in buffer supplemented with
Triton-X to solubilize endo-membranous components. Subsequent ultracentrifugation thus
resulted in the isolation of a soluble ‘Membrane’ fraction and a pellet consisting of ‘Insolu-
ble’ cellular material |72, 28, 31]. RNA and protein extracts were prepared from each sample
and fractionation efficiency was evaluated via western blotting and RT-qPCR (Figure 3.1B,
3.S1A) analyses of fraction-specific markers, in comparison to total extracts from unfractio-
nated cells. Western analysis revealed the expected distribution profiles of protein markers;
with enrichments observed for histone H? in the nuclear fraction, monomeric a-Tubulin in
the cytosol, prominent membrane-targeting of proteins bearing the KDEL motif typically
present on in endoplasmic reticulum proteins, and insoluble signatures for cytoskeletal and
mitotic apparatus-associated proteins such as Shot and Ninein (Figure 3.1B). This was also
generally the case at the RNA level, with the distinction that transcripts often exhibited
a combination of nuclear and cytoplasmic localization signatures, reflecting the nuclear ori-
gin of most cellular RNAs. For instance, predominant nuclear targeting was observed for

transcripts such hsr-omega and SNORD17, while others showed enrichments in the cytosolic
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(RN7SK, Rpl23a), membrane (MT-CO1, mt-NDF6) and insoluble (TJP-1, dlg-1) fractions
of the cytoplasm (Figure 3.S1A).

To evaluate global subcellular transcriptome distribution features, we next subjected
RNA from biological replicate fractionation samples of HepG2 and D17 cells to strand-
specific and paired-end RNA sequencing, following either poly(A)-enrichment (PA) or rRNA-
depletion (RD) regimens. Sequencing reads were respectively aligned to the human and Dro-
sophila reference genomes (GRCH 37.75 and BDGP 5.78). For D17 and HepG2 respectively,
an average number of aligned reads of 19.9M and 30.5M was obtained for RD libraries and
20.6M and 22M for poly-A+ libraries (Table 3.51 and Supplemental Files 1-4). Pearson cor-
relation measurements and principal component analyses (PCA) revealed highly correlated
transcriptomic signatures between biological replicate samples and distinctive gene expres-
sion profiles for each fraction type (Figure 3.1C and 3.51B). The cumulative number of
expressed transcripts, using a threshold of > 1 average fragments per kilobase per million
mapped reads (FPKM), for PA and RD libraries was respectively 8308 and 8505 for D17
cells, and 13,787 and 15,158 for HepG2 cells (Table 3.1). The majority of transcripts were
detectable using both PA and RD regimens, although a subset of RNAs was only robustly
detectable in either dataset (Table 3.1, blue numbers). Moreover, certain biotypes such as
IncRNA, miRNAs (here primary miRNAs, pri-miRNAs), snoRNAs and snRNAs were more
strongly represented in RD samples. Comparison of inter-fraction expression signatures re-
vealed that most RNA species are detectable across all interrogated subcellular fractions.
However, as will be detailed below, the majority display extensive asymmetry in relative
fraction enrichment profiles, while many transcripts (2256,/1565 and 762/533 for human and
fly in RD/PA datasets respectively) were only reliably detected in one fraction compared to
all other (Table 3.1, red numbers).

81



FIGURE 3.1.
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Cell fractionation combined with RNA sequencing (CeFra-seq) of
human and Drosophila epithelial cell models. (A) Schematic diagram of the fractionation
procedure based on Dounce homogenization, centrifugation and detergent extraction steps to obtain nuclear,
cytosolic, membrane and insoluble fractions. (B) Western blots of proteins sample controls show fraction
efficiency. The accumulation of the indicated protein markers was assessed in human HepG2 and Drosophila
D17 cells. (C) Principal Component Analysis of RNA-seq replicates for HepG2 and D17 cells. (D) Simplex
graph of the relative localization of mRNAs (top row) or noncoding RNAs (bottom row) across subcellular
fractions, either assessed from poly(A)-enriched (PA) or rRNA-depleted (RD) sequencing datasets. T= Total,
C=Cytosolic, M= Membrane, I= Insoluble, N= Nuclear.
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To help visualize RNA distribution across subcellular fractions, we next built three-
simplex graphs in which FPKM values are converted to Cartesian coordinates (see Material
and Methods), such that each dot depicts the relative distribution of an individual RNA in
relation to the interrogated fractions (Figure 3.1D). For this, we distinguished eight RNA sub-
types : (i) mRNAs; (ii) IncRNAs, including antisense, sense intronic, sense overlapping long
intergenic noncoding RNA, and processed transcripts; (iii) pseudogene-derived transcripts ;
(iv) rRNAs; (v) snoRNA ; (vi) snRNAs, (vi) miscellaneous RNA ; and (vii) pri-miRNAs. This
representation conveys the tendency of coding (upper) and noncoding (lower) transcripts to
be asymmetrically distributed towards specific fractions, both in HepG2 and D17 cells. We
conclude that RNA expression signatures are highly reproducible across CeFra-seq replicate

samples and clearly distinctive between subcellular fractions.

2.2. Subcellular fractions exhibit distinctive RN A biotype composition

To further characterize the RNA composition of interrogated fractions, we calculated
transcript per million (TPM) values for each fraction, a measure that conveys the relative
molar concentrations of transcripts within each sample [71]. Adding to our previous eight
RNA subtypes, we grouped within the “other” category biotypes for which the highest TPM
in any given fraction was below 1%. This analysis revealed clear distinctions in the relative
RNA composition of subcellular fractions for both species (Figure 3.2A). For example, in
RD samples of HepG2 cells, more than half of the TPM in the cytosolic and membrane
fractions were derived from three abundant Pol III transcribed RNAs : RN7SL, the RNA
component of the signal recognition particle involved in ER targeting of mRNAs encoding
transmembrane proteins; RN7SK, a IncRNA implicated in transcription elongation as a
component of the pTEFB complex ; and Ribonuclease P RNA Component H1 (RPPH1), an
endoribonuclease implicated in the maturation of nuclear and mitochondrial tRNAs. These
findings are consistent with previous studies reporting strong expression of these RNAs in
the cytoplasmic compartments of HEK293 cells and motor neurons |66, 7|. The Drosophila
orthologs of these transcripts (RNAseP :RNA, RN7SK and RN7SL) were also abundant in
the cytosol and membrane fractions of D17 cells, albeit to a lesser extent than HepG2. By
contrast, a predominant mRNA signature was observed for the insoluble compartment in RD

datasets of both cell types (Figure 3.2A), while snoRNAs and pri-miRNAs were primarily
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nuclear-enriched. As expected, mRNAs were the predominant RNA species represented in
PA samples for all fractions tested (Figure 3.52A).

In our analyses, we found that the total number of FPKMs was different between frac-
tions, following the order cytosol > membrane > insoluble = nuclear. For instance, total
FPKMs ranged from 0.24 x 10° (nuclear) to 3.2 x 10% (cytosol) for HepG2 cells, despite
having sequenced the fractions to similar depths (Table 3.51). We reasoned that this varia-
bility in total FPKM values might reflect differences in the size distributions of the RNA
populations isolated from each fraction. To address this question, we partitioned transcripts
expressed in each fraction based on the size of their longest annotated isoform, following
a logl0 scale spanning 1.5-5 with increments of 0.1 (i.e., ranging from 31 to 100,000 nt in
length), and calculated TPM values within each bin, both for RD and PA samples (Figure
3.2B, 3.52B). Calculating the expected lengths of mRNAs for each fraction revealed an en-
richment for shorter transcripts in the cytosolic fraction (1470 nt in PA / 1401 nt in RD
samples), transcripts of intermediate length in the membrane fraction (1893 nt in PA / 1818
nt in RD) and a prevalence of longer mRNAs in the insoluble (2918 nt in PA / 2332 nt
in RD) and nuclear fractions (2737 nt in PA / 2815 nt in RD). Similar expected length
profiles were observed for Drosophila D17 samples (Figure 3.2B, 3.52B), and these fraction-
specific differences were apparent whether considering mRNAs or by combining all RNA
biotypes together (designated as ‘total’). Finally, while the nuclear fraction is enriched in
short noncoding transcripts both in HepG2 and D17 cells, total FPKM counts were lower in
this fraction due to the high abundance of intronic and intergenic reads, which ranged from
22-70% (Figure 3.53).

To define the distribution profiles of individual transcripts across subcellular fractions,
we next calculated a percent FPKM (pFPKM) value for each fraction, which depicts the pro-
portion of FPKMs obtained within one fraction divided by the sum of FPKMs in all fractions
combined (pF'PKM; = FPKM;/ >y cicov vy FPE My for i € {C,M,I,N}). We found that
pFPKM values closely reflect transcript expression signatures assessed by RT-qPCR valida-
tion (r = 0.94; Figure 3.54), offering a reliable metric to assess the relative distribution
profiles of individual transcripts across fractions. As depicted in Figure 3.2C and3.52C, the
median pFPKM values of all transcripts belonging to specific biotypes revealed distinctive

distribution signatures across fractions. For instance, pFPKM values for mRNAs were similar
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FIGURE 3.2. Distinctive transcript composition of subcellular fractions in rRNA-
depletion dataset. (A) Histograms depicting the RNA biotype content, in TPM, detected via RD se-
quencing of cytosolic (C), membrane (M), insoluble (I) and nuclear (N) fractions or whole-cell RNA (T=total)
from HepG2 (upper panel) and D17 cells (lower panel). (B) Histograms of the RNA biotype content of HepG2
(upper panel) and D17 (lower panel) cell fractions, binned according to the length of the longest annotated
isoform of detected RNA species, following a logl0 scale from 1.5-5 (i.e., ranging from 31-100,000 nt). The
expected lengths for mRNA and total RNA populations are indicated for each fraction. For (A) and (B),
biotypes accounting for less than 1% of the overall TPMs were grouped as “other”.
the fraction distribution profiles of different RNA biotypes in percent FPKM (pFPKM) for HepG2 (upper
panel) and D17 (lower panel) cells. The number (n) of transcripts analyzed for each biotype is indicated.
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across all fractions, each showing a median pFPKM of ~25% in both RD and PA datasets.
In contrast, transcript biotypes such as pri-miRNAs, snRNA, and snoRNAs showed higher
prevalence in the nuclear compartment, while IncRNAs and pseudogene-derived transcripts
were generally depleted from the insoluble fraction (Figure 3.2C). Thus, our data reveal that
biochemically defined subcellular fractions exhibit distinct RNA composition, both in terms
of RNA biotype profiles and expected transcript lengths, features that are strikingly similar

between Drosophila and human cells.

2.3. Subcellular localization of mRNAs is prevalent and conserved

Previous FISH-based studies in Drosophila embryos revealed the high prevalence of RNA
subcellular localization [41], a feature that has remained poorly defined in cultured cells. To
address this question, we next took advantage of our CeFra-seq datasets, for which each
fraction was successively isolated from the same starting cellular population, to quantify the
global prevalence of RNA asymmetric distribution in HepG2 and D17 cells. For this, we
categorized a given RNA as asymmetric when it exhibited a > 2-fold difference in expression
in at least one fraction when assessed by pair-wise comparisons of fraction FPKM values, ei-
ther considering all fractions (including the nucleus) or only the cytoplasmic compartments.
We further defined RNAs as fraction-specific when they showed > 2-fold expression enrich-
ment in one fraction compared to all others. Based on this metric, we found that ~ 90% of
mRNAs are asymmetrically distributed across all fractions, ~ 60% when considering only
cytoplasmic fractions, while ~ 25% are fraction-specific (Figure 3.3A,B). A similar preva-
lence of asymmetry was observed in both cell lines and with both PA and RD datasets
(Figure 3.3A,B, 3.55A,B). Expectedly, transcripts classified as fraction-specific using this
metric showed a clear regionalization towards the vertices of three-simplex graphs depic-
ting HepG2 and D17 subcellular transcriptomes, in particular towards the nuclear, cytosolic
and insoluble fractions (Figure 3.3C,D and3.55C,D). Notably, few mRNAs were specific to
the membrane fraction, as most abundant membrane transcripts were also abundant in the
insoluble or cytosolic compartments.

To assess whether mRNA asymmetry signatures are conserved between species, we next
compared the fractionation profiles of 2541 mRNAs with high confidence one-to-one ortho-

logs between Drosophila and human from the Ensembl database. Strikingly, unsupervised
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FIGURE 3.3. The subcellular distribution of mRNAs from PA datasets is highly asymmetric
and evolutionarily conserved. (A-B) Histograms showing the percent of asymmetrically distributed and
fraction-specific mRNAs in HepG2 (A) and D17 (B) cells. (C-D) Simplex graphs (left panels) and pie
charts (right panels) depicting the relative distribution and proportion of fraction-specific mRNAs, coloured
according to the fraction they are enriched in, relative to the total mRNA population in HepG2 (C) or
D17 (D) cells. (E) Heatmap of the hierarchical clustering of percent FPKM of Drosophila and human
orthologs. The hot metal color scale reflects the median-centered distributions of pFPKM. (F) Bubble plot
showing examples of relative fraction enrichment profiles of orthologous fly and human mRNAs. Gradient
blue coloration and bubble size represent loglO(FPKM) and pFPKM values respectively. (G) A distance
measurement score was devised by summing the differences in fraction-specific expression signatures for
orthologous mRNAs (upper schematic). This metric was used to quantify the relative distance between all
human and Drosophila orthologs (blue) and the values were binned according to distance range. Identical
measurements were performed on the same population of mRNAs that were paired through random shuffling
(grey). Vertical dotted lines indicate the median values of the distance distributions for othologous and
shuffled pairs. C= Cytosolic, M= Membrane, I= Insoluble, N= Nuclear.
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hierarchical clustering analysis revealed general similarities in the mRNA distribution pro-
files of corresponding HepG2 and D17 subcellular fractions, resulting in their co-clustering
(Figure 3.3E). Analysis of pFPKM signatures revealed strong similarities for corresponding
D17 and HepG2 subcellular fractions, with Pearson coefficients ranging from 0.33 (mem-
brane) to 0.52 (cytosolic) (p < 2.2 x 1071%) (Figure 3.56), and similar fractionation profiles
of specific orthologs (Figure 3.3F). We further devised a distance measurement score (Fi-
gure 3.3G, examples in upper chart), defined as the sum of the differences in pFPKM values
across fractions for each ortholog pair, with values ranging from 0 (perfect co-localisation) to 2
(perfectly asymmetric). This score conveys the similarity in relative localization of mRNA or-
thologs based on their respective pFPKM distribution profiles. By binning orthologous pairs
by distance intervals (Figure 3.3G, lower histogram), we found that orthologous transcripts
show a significantly shorter average distance (dashed blue line) across fractions, compared
to randomly shuffled pairs (dashed grey line) generated from the same starting transcript
list (Wilcoxon-Mann-Whitney, p-value < 2.2 x 1071¢). Collectively, these results indicate
that the asymmetric localization of human and Drosophila mRNAs is highly prevalent and

broadly conserved evolutionarily.

2.4. Subcellular localization properties of IncRNAs and circular RNAs

We next evaluated the global subcellular distribution properties of IncRNAs. As with co-
ding transcripts, IncRNAs displayed a high prevalence of distribution, with ~90% detected as
asymmetric across all fractions, ~75% among cytoplasmic compartments, while ~30% were
fraction-specific (Figure 3.4A,B). Similar results were obtained whether considering RD or
PA datasets (Figure 3.4A,B, 3.57A,B) and the fraction-specific IncRNAs exhibited striking
regionalization when visualized in three-simplex format (Figure 3.4C, 3.57C). In both human
and fly cells, the most highly asymmetric IncRNAs were primarily cytosolic or nuclear, whe-
reas very few were specifically enriched within the insoluble or membrane fractions. While our
standard asymmetry assessment considered all IncRNAs with a minimal expression threshold
> 1 FPKM, focusing our analysis on more highly expressed genes (> 10 FPKM) revealed a
preferential enrichment within the cytosolic fraction (Figure 3.4D, 3.57D). Notwithstanding
their prevalence within the cytosolic and nuclear fractions, we also identified a variety of

IncRNAs displaying predominant targeting to each subcellular compartment interrogated,
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both in HepG2 and D17 cells (Figure 3.4E). For example, the highly conserved RNA com-
ponent of RNAse P (RPPH1 and RNAseP :RNA/CRS32868) is cytosolically-enriched in both
human and fly cells. The imprinted maternally expressed H19 IncRNA, which is aberrantly
regulated in Beckwith Wiedermann Syndrome, shows a distinctive localization to the mem-
brane fraction of HepG2 cells. Other fraction enriched transcripts include nuclear IncRNAs
such as MALATI1 and CR42862, while transcripts such as RP11-342K6.1 and CR318/5 are
enriched in the insoluble fraction.

With the recent emergence of circular RNAs (circRNA) as an intriguing class of cellular
transcript generated through back splicing circularization [11], we next sought to interrogate
our CeFra-seq data to glean insights into the subcellular compartmentalization features of
these RNAs. For this, we first investigated the expression profiles of genes known to encode
intron-derived circRNAs, such as ANKRD52. Indeed, the ANKRD52 locus (Figure 3.5A),
which transcribes an mRNA coding for a PP6 Phosphotase subunit, as well as a circRNA
derived from its second intron |76], reveals a primarily insoluble mRNA signature and strong
intron 2 read peak in the cytosol. This intronic peak was present in RD samples, but absent
in PA samples, and presumably represents a circRNA signature. To gain a broader view of
putative circRNA fractionation properties, we next assessed FPKM values for 103 intronic
regions known to produce circRNAs, previously characterized by Zhang et al. [76]. As shown
in circos plot (Figure 3.5B) and box plot (Figure 3.5C) representations, FPKMs aligning to
circRNA-producing introns were enriched in the cytosolic and membrane fractions, with a
striking depletion from the insoluble compartment. In contrast, analysis non-circRNA produ-
cing introns revealed weak expression signatures that were primarily restricted to the nucleus,
likely attributable to the unspliced pri-mRNA, whether focusing on a random selection of
103 introns (Figure 3.5D) or all Ensembl-annotated introns (Figure 3.58A,B). These results
are consistent with recent findings that circRNAs are present in the cytoplasm and can be
translated |35, 34, 75]|.

To evaluate circRNA distribution properties using an orthogonal approach, we adapted
the CIRCexplorer protocol [75] to search for signature back-spliced junction reads corres-
ponding to circRNAs. This enabled us to identify 1159 and 173 putative circRNAs in our
human and fly RD datasets, respectively ; which were primarily detectable in the cytosolic

or membrane fractions in both species (Figure 3.5E-H). As expected, no circRNA junction
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FIGURE 3.4. LncRNAs from PA datasets are asymmetrically distributed and exhibit pre-
ferential polarization towards the nucleus and cytosol. (A-B) Histogram showing the percent of
asymmetrically distributed and fraction-specific IncRNAs expressed in HepG2 (A) and D17 (B) cells, ei-
ther using a standard expression threshold (>1FPKM) or focusing on highly expressed transcripts (>10
FPKM). (C-D) Simplex graphs (C) and pie charts (D) depicting the relative distribution and proportion
of fraction-specific IncRNAs, coloured according to the fraction they are enriched in, relative to the total
IncRNA populations detected in HepG2 or D17 cells at the expression thresholds indicated in (A-B). (E)
Genome browser views of candidate IncRNAs exhibiting fraction enrichment, either in HepG2 or D17 cells.
C= Cytosolic, M= Membrane, I= Insoluble, N= Nuclear.
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(B) Circos plot showing the expression, in FPKM, of 103 intronic regions known to encode circRNAs in
human cells. The width of the bar is relative to the length of the intron and the height to its expression within
the indicated fractions of HepG2 cells. (C-D) Relative expression of the 103 circRNA producing introns (C)
detailed in (B) and 103 randomly selected introns (D). (E-H) Identification of putative back-spliced circR-
NAs using the CIRCexplorer algorithm with HepG2 and D17 datasets. (E, G) Venn diagrams of the number
of individual circular RNAs detected within the indicated fractions in HepG2 (E) and D17 (G) cells. (F, H)
Boxplots showing the FPKM values of these putative circRNAs within the indicated fractions in HepG2 (F)
and D17 (H) cells. C= Cytosolic, M= Membrane, I= Insoluble, N= Nuclear.
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reads were identified in our PA datasets. We also sought to assess whether there is any re-
lation between the distribution features of circRNAs and that of the cognate mRNAs from
which they derive. For this, similarly to our analysis of orthologous mRNAs, we computed a
distance measurement between the relative localization of an mRNA and its derived circRNA
across fractions for each mRNA /circRNA pair (Figure 3.58C). These analyses revealed that
the distances measured for true mRNA /circRNA pairs was indistinguishable from randomly
shuffled pairs, indicating that there is no broad concordance between the localization patterns
of mRNA and circRNA transcripts originating from the same locus. Altogether, we conclude
that noncoding transcripts, such as IncRNAs and circRNAs, exhibit a high prevalence of

subcellular localization in eukaryotic cells.

2.5. Comparison of protein and mRNA distribution signatures across subcellular

fractions

To characterize the proteomic signatures generated with the fractionation procedure, we
next performed liquid chromatography tandem mass spectrometry (LC-MS/MS) analysis of
proteins isolated from the same subcellular fractions as our RNA samples (Supplemental Files
S5-S6). Using a stringent filtering procedure (see Material and Methods), we identified 1890
proteins expressed across HepG2 cell fractions. The proteomic signature of each fraction was
distinctive (Figure 3.59) and demarcated functionally coherent protein repertoires associated
with specific Gene Ontology (GO) annotations (Tables 3.52), which matched several of the
GO term enrichments observed for fraction-specific mRNAs (Table 3.53). To evaluate the
fractionation similarities of mRNAs and their encoded proteins, we first calculated Spearman
correlations of expression signatures, comparing FPKM and spectrum count values as well
as asymmetry, comparing pFPKM and percent spectrum counts for mRNA /protein pairs in
each fraction. These simple comparisons revealed modest but significant fraction-specific po-
sitive correlations in expression, with values ranging from 0.24-0.34 for HepG2 fractions and
0.3-0.47 for D17 fractions (p-values < 2.2 x 1071%) (Figure 3.6A, left panel). The fraction-
specific correlation of asymmetry showed weaker values, ranging from -0.03 to 0.16 in human
cells and -0.16 to 0.16 in fly cells (p-values < 2.2 x 1071¢) (Figure 3.6A, right panel). These
generally modest correlation scores were expected, as they are likely to be influenced by cases

of mRNA-protein pairs exhibiting strong asymmetric distribution across fractions. Indeed,
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three-simplex graphs displaying the relative distribution of mRNA /protein pairs for specific
protein complexes revealed several striking features (Figure 3.6B). Firstly, when compared
amongst each other, functionally-related mRNAs tended to cluster to specific regions of the
simplex, a feature that was even more pronounced at the protein level, underlining a gene-
ral coherence in the distribution properties of mRNA and protein subgroups. In contrast,
comparison of mRNA versus protein subsets revealed varying degrees of proximity (Figure
3.6B,C). For example, mRNAs for components of the actin-related protein 2/3 (Arp2/3)
complex, which are known to undergo localized translation in the cellular cortex [54], were
co-clustered with their encoded protein products (Figure 3.6B). Transcripts encoding ri-
bosomal proteins localized to the cytosol, while their protein products show enrichment
towards the insoluble/membrane fractions. Components of the PA700 regulatory complex
of the 26S proteasome were also asymmetrically partitioned, with mRNAs displaying inso-
luble/membrane partitioning, while the protein components localize towards the cytosolic
vertex (Figure 3.6B). These examples underline the variability in subcellular localization
properties of specific classes of mRNA /protein pairs.

To further assess the relationship between the distribution features of mRNAs and that
of their encoded proteins, we calculated a percent spectrum count, similar to the pFPKM
metric used to define RNA signatures. We further used our distance measurement scores,
summing the absolute values of the differences in pFPKM and percent spectrum counts
across fractions, for all mRNA /protein pairs detected in our samples. To deconvolve the
data in a functionally relevant manner, we evaluated the distance measurements displayed
by mRNAs encoding subunits of experimentally-defined protein complexes tabulated within
the CORUM database [62], focusing on complexes containing at least 3 subunits and for
which we had localization data for at least 75% of the subunits (Figure 3.6C). Overall, more
than a third of the clusters meeting our strict thresholds show relative proximity with a
distance less than 1 and more than 10% could be defined as colocalizing with a distance
less than 0.5. These results suggest that mRNA localization may serve to modulate the

subcellular partitioning of several protein machineries through localized translation.
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FIGURE 3.6. Proteins are asymmetrically detected in each fraction in patterns that demons-
trate specific co-localization with mRNA for a specific subset of genes. (A) Summary table of the
Spearman correlation values of mRNA /protein expression (left) and mRNA /protein asymmetry (right) wi-
thin the indicated HepG2 and D17 fractions. (B) Simplex graphs depicting the relative distribution profiles
of components of different protein complexes (blue) and their corresponding mRNAs (red). (C) Boxplot of
the distance measurement scores of protein components of specific biochemically-defined protein complexes
and their corresponding mRNAs. C= Cytosolic, M= Membrane, I= Insoluble, N= Nuclear.
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2.6. Asymmetrically distributed mRNAs exhibit conserved features

Having identified subsets of fraction-specific mRNAs, we next sought to assess whether
these transcripts exhibit distinctive features. For this, we investigated specific sequence at-
tributes of fractionated mRNA populations, such as the average length of 5’ untranslated
regions (5" UTR), coding sequences (CDS) and 3’ UTRs, or the exon (Figure 3.7A). While
5" UTR lengths were similar across cytoplasmic compartments in both HepG2 and D17 cells,
significant differences were apparent when exploring other sequence features. For instance,
cytosolic mRNAs exhibit significantly shorter CDS and 3’ UTRs compared to other fractions,
whereas the 3 UTRs of membrane (in both human and fly cells) and insoluble (in human
cells) transcripts were longer on average, suggesting that these transcripts may be more
susceptible to post-transcriptional regulatory events mediated by 3" UTR trans-regulatory
factors. Finally, the CDS of mRNAs enriched in the insoluble and nuclear fractions are longer
and contain a significantly larger number of exons compared to other fractions. This observa-
tion likely reflects the propensity for longer and more intricately spliced mRNAs to require a
prolonged nuclear residence time for their synthesis and maturation. We next evaluated the
fractionation properties of mRNA populations known to undergo specific modes of matu-
ration control. For instance, when considering mRNAs encoding secretory proteins bearing
signal peptides or transmembrane domains, we observed enrichment for these transcripts in
the cytosolic and membrane fractions (Figure 3.510A), with marked depletion in insoluble,
consistent with the known transiting of these mRNAs from the cytosol to the ER via the
signal recognition particle. In contrast, canonical histone mRNAs, which are nonpolyadeny-
lated and undergo specialized 3’ end processing steps involving a highly conserved stem-loop
element, are enriched in the cytosolic fraction in both HepG2 and D17 cells (Figure 3.510B).
Thus, such transcript features help demarcate subcellular localized mRNAs pool and may
influence localization control.

Our findings that fraction mRNAs exhibit distinctive features that are evolutionarily
conserved in human and Drosophila cellular models prompted us to investigate whether RNA
regulatory factors also show conserved localization properties. RNA-binding proteins (RBPs)
are deeply conserved and essential modulators of RNA metabolism including RNA localiza-

tion, which can be separated into distinct classes based on the nature of their RNA-binding
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FIGURE 3.7. Subcellular fractions are enriched for mRNAs with distinctive sequence fea-
tures and RNA binding protein (RBP) families in both human and Drosophila cells. (A)
Boxplots of the longest isoform lengths of the indicated RNA regions (5> UTR, CDS or 3’ UTR) and total
exon numbers for fraction-specific and not fraction-specific mRNAs in HepG2 (upper panel) and D17 (lo-
wer panel) cell fractions. (B) Boxplots indicating the relative fraction distribution profiles of all RBP with
identified orthologs in HepG2 and D17 or specific subfamilies of these RBP bearing distinctive RNA binding
domains, in both HepG2 (upper panel) and D17 (lower panel).
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domain (RBDs). To assess whether RBPs also exhibit conserved subcellular distribution fea-
tures between human and fly, we next evaluated the fractionation profiles of specific classes
of factors defined by the type of RBD they contain. Through orthology searches enabling
one-to-many or many-to-many relationships, we were able to define a conserved set 410 and
452 orthologous RBPs respectively represented in our D17 and HepG2 LC-MS/MS datasets.
As a whole, the pool of orthologous proteins displayed higher peptide abundance in the cy-
tosol, with a lower expression in the membrane, insoluble or nuclear fractions (Figure 3.7B,
left-most boxplot). This distribution was similar to that exhibited by the total pool of human
or fly proteins detected in our LC-MS/MS datasets (Figure 3.59). From the list of protein
orthologs, we then sub-classified proteins with known RBDs, as defined within the Pfam and
Interpro databases, and evaluated their distribution profiles in human or Drosophila cells
(Figure 3.7B). Interestingly, RBPs belonging to different families exhibited similar subcellu-
lar distribution profiles in the interrogated cellular models. Moreover, the profiles exhibited
by the different RBD families were distinctive. Indeed, several families of RBPs, including
those containing KH, RRM, DEAD and CCHC-zinc finger domains, were enriched within
the insoluble or nuclear fractions. In contrast, proteins bearing the La motifs, implicated in
transcription and cell proliferation, tend to localize in the insoluble fraction ; whereas proteins
bearing LSM domains were enriched in the cytosol and nucleus. As the distinctive asymme-
tric distribution patterns of RBP families appear to be generally conserved evolutionarily,

this may explain why transcriptome distribution properties are also generally conserved.

3. Discussion

In the last few decades, the subcellular localization of RNA molecules has emerged as
an important step in post-transcriptional gene regulation, impacting many biological pro-
cesses that rely on polarized intracellular activities. However, the general prevalence of RNA
asymmetry on a transcriptome-wide scale has remained unclear. To address this question,
we utilized herein a cell fractionation and RNA-sequencing strategy, termed CeFra-seq, to
probe the RNA content of subcellular compartments sequentially generated from starting
cellular populations of human and Drosophila cells. This comparative profiling approach
shows that isolated compartments exhibit distinctive profiles of RNA biotype composition

and that these asymmetries are both highly prevalent and evolutionarily conserved.
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Biochemical purification and high-throughput RNA expression analysis, either using mi-
croarray or RNA-seq as a read out, has been employed in several studies to identify specific
populations of RNAs associated with structures such as the nucleus [42, 5, 68, 1], cytoplasm
[5, 1, 10], cytosol [72, 68, 13, 69], the ER [38, 20, 45, 19, 77, 17|, mitochondria [48|,
microtubules |6, 65|, pseudopodia [53|, and neuronal projections |22, 36, 55, 58, 26, 37,
63, 67|. However, these efforts generally focused on defining enriched transcript populations
associated with single structures, without simultaneously probing RNA expression signatures
across other compartments derived from the same starting cellular specimens, thus limiting
the capacity to evaluate global RNA localization prevalence. By employing a comparative
multi-compartment profiling strategy, we demonstrate that the majority of cellular RNA
transcripts (> 80%) are asymmetrically distributed, whether considering mRNAs or nonco-
ding transcripts, patterns that appear conserved evolutionarily. While previous FISH-based
imaging screens in syncytial embryos of Drosophila revealed a high degree of localization
(~ 70%) among ~6000 interrogated mRNA species [41, 73], the present study offers one of
the most comprehensive surveys of transcriptome subcellular distribution to date, revealing
that this phenomenon is a basic feature of cellular organization that can be generalized to
standard cellular models.

We found that mRNAs targeted to different regions of the cytoplasm exhibit distinctive
features in terms of the overall length of their coding regions and 3’ UTRs ; with the cytosolic
fraction preferentially composed of shorter mRNAs with lower exon complexity and shorter
3’ UTR segments, while membrane and insoluble compartment mRNAs are longer and more
complex. Since RNA localization and stability control elements often reside in mRNA 3’
UTRs, this data suggests a model whereby targeting of mRNAs to membrane and insoluble
(cytoskeletal) compartments may involve more elaborate regulatory information. In contrast,
localization of RNAs to the cytosol, which can be achieved by simply exporting the mRNA
from the nucleus, likely requires simpler targeting information. For example, mRNAs enco-
ding histones and ribosomal proteins, which tend to be short and involve special regulatory
mechanisms, exhibit preferential cytosolic targeting. Simple cytosolic targeting may prove
beneficial for proteins that must reenter the nucleus to carry out their functions, as in the
case of histones, which are central to chromatin formation, or for ribosomal proteins that

are required in the nucleus for ribosome subunit assembly [39].
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Our results also extend the assessment of RNA localization prevalence to noncoding
components of the transcriptome, such as IncRNAs and circRNAs. The steady-state nuclear
versus cytoplasmic distribution features of IncRNAs has been an issue of debate, with early re-
ports suggesting an enrichment for these transcripts in the nucleus [56, 18], where they have
been implicated in the epigenetic regulation of gene expression; while more recent studies
documented significant IncRNA signatures within cytoplasmic compartments and in associa-
tion with ribosomes [10, 69, 30]. The CeFra-seq approach reveals higher representation of
IncRNA reads within the cytosolic and nuclear fractions, and a general under-representation
in membrane and insoluble compartments, signatures that were similar in human and fly
cells. These findings are consistent with the notion that subcellular fates of IncRNAs are
diverse [8, 12|, possibly enabling these transcripts to carry out distinct regulatory functions
in specific intracellular locales. In the case of circRNAs, early reports suggested that they
tended to be nuclear-enriched [76], although recent studies have shown that these transcripts
can associate with cytoplasmic ribosomes and undergo translation [57, 44]|. Our results, glea-
ned by analyzing read coverage at intronic locations known to produce circRNAs and using
a back-spliced junction read mapping algorithm, reveal a higher expression level of circR-
NAs within the cytosolic and membrane fractions, suggesting possible regulatory functions
outside the nucleus. Altogether, these results highlight the potential usefulness of CeFra-seq
methodology to segment noncoding RNAs into subgroups that may share common functional
properties or interact physically to modulate cellular function.

Previous studies comparing global mRNA and protein expression signatures have gene-
rally revealed moderate levels of expression correlation, suggesting that post-transcriptional
regulatory steps (e.g., translation rates, mRNA and protein decay) are a primary determi-
nant of proteomic output of the transcriptome [47, 70, 64]. In this study, we sought to
assess the potential relationship between mRNA and protein expression at the subcellular
level by jointly profiling their expression signatures across our fractionated compartments.
While the expression correlations within fractions for specific mRNA /protein pairs were ge-
nerally good, comparison of asymmetry measurements (i.e., their distribution profiles across
fractions) revealed a general absence of correlation, consistent with a previous study contras-
ting mRNA /protein profiles in cell bodies versus protrusions of migratory cells [49]. In light

of the data presented here, it is clear that these overall distribution correlations are likely to
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be heavily influenced by examples of mRNA /protein pairs with strong asymmetric distribu-
tion. This led us to analyse the distribution signatures of mRNAs encoding components of
well-defined protein complexes. A first striking characteristic to emerge is that functionally
related mRNA subsets tend to cluster together in these graphs, as do the protein modules
they specify, implying the existence of coherent sorting mechanisms. The second feature is
that there is broad variability in co-distribution profiles of mRNA /protein sets depending
on the protein modules under consideration, ranging from cases with more proximal targe-
ting of mRNA /protein pairs (e.g., Arp2/3, Vigilin) and others that were very distant (e.g.,
ribosome, proteasome). This suggests that protein modules exist on a gradual continuum
of codistribution with their encoding mRNAs, while also underlining the notion that re-
gulated mRNA localization may serve different purposes mechanistically. Cases in which
mRNA /protein pairs cofractionate are likely to represent instances in which localized trans-
lation contributes to the assembly of protein complexes, as has been shown for components of
the Arp2/3 complex [54]. In contrast, for mRNA /protein pairs exhibiting divergent fractio-
nation behavior, i.e., with apparent steady-state accumulation in distinct subcellular locales,
this may underlie cases where transcripts are subject a generalized storage mechanism or
to localized repression, which may be altered under specific contexts, such as cellular state
transitions, during the cell cycle or in response to environmental signaling cues [59, 29|.

In summary, the CeFra-seq methodology presented herein offers an efficient approach to
interrogate global subcellular transcriptome distribution features, as well as parallel analysis
of recovered protein samples. In addition to offering insights into subcellular transcriptome
targeting, the approach can allow detection of rare transcripts that display low overall cellular
abundance, but may become detectable when profiling specific subcellular compartments.
Indeed, we identified a significant number of transcripts that were fraction exclusive and
otherwise would have escaped detection if solely focusing on whole-cell profiling at similar
sequencing depth. In that sense, CeFra-seq may offer similar advantages to the capture-seq
methodologies developed to deeply survey RNA species synthesized from precise genomic loci
[51]. In light of the growing number of diseases in which RNA localization defects, CeFra-
seq methodology will prove extremely useful for dissecting the specific molecular alterations

associated with these disorders.
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4. Material and Methods

4.1. Cell culture and antibodies

The ML-D17c¢3 cell line, stock 107, was obtained from the Drosophila Genomics Re-
source Center cell line repository (http://dgrc.cgb.indiana.edu/). Cells were grown on
pre-treated tissue culture dishes with extracellular matrix as described [16] in M3 media
(S-8398, Sigma-Aldrich) containing 1mg/ml of yeast extracts (Y-1000, Sigma-Aldrich) and
2.5mg/ml of bactopeptone (211677, Difco), 10% FBS (SH30070.02, Hyclone) and 10mg/ml
of insulin (I0516-5ml Sigma). HepG2 cell line was kindly provided by B. Graveley (Institute
for Systems Genomics, UCONN Health Center, Farmington, CT, USA) and maintained in
Dulbecco’s modified Eagle’s medium (DMEM) (SH30022.01, Hyclone) supplemented with
10% FBS and 1% penicillin/streptavidin (15140-163, Invitrogen). Rabbit polyclonal anti-
Histone H3 (ab1791) and mouse monoclonal anti-o-tubulin (clone DM1A) were obtained
from Abcam and Sigma-aldrich respectively. Mouse monoclonal anti-KDel (ADI-SPA-827),
mouse monoclonal anti-Shot (mABRod1) and mouse monoclonal anti-ninein (clone F-5) were
purchased from Enzo Life Sciences, the Developmental Studies Hybridoma Bank and Santa

Cruz, respectively.

4.2. Cell fractionation procedure

D17 (3.5 x 107) and HepG2 (2.5 x 107) cells were used for the fractionation procedure, as
described in Lefebvre et al. [43]. Briefly, after PBS washes, 1/10™ of the cells are kept aside
as Total extract, and the remaining cells were resuspended and incubated in cold Hypotonic
Buffer (20 mM Tris HCI (pH=7.5),10 mM KCI, 1.5 mM MgCl2, 5 mM EGTA, 1 mM EDTA,
1 mM DTT, 1 mM PMSF, 0.15 U/mL Aprotinin, 20uM Leupeptin, 40 U/mL RNase Out
(Thermo Fisher Scientific) for 20 minutes. Swelled cells were transferred into a homogenizer
chamber and dounced for 15 strokes for D17 and 5 strokes for HepG2. After centrifugation
of the homogenate at 1200x g for 10 minutes at 4°C, the supernatant corresponding to the
cytosolic fraction was conserved apart while the pellet was rinsed with 100ul of hypotonic
buffer and mixed with 0.5ml of Sucrose Buffer 0.32M (0.32 M Sucrose, 3 mM CaCl2, 2 mM
MgOAc, 0.1 mM EDTA, 10 mM Tris-HCI (pH=8),1 mM DTT, 0.5% v/v NP-40, protease
inhibitors and RNase out) and 0.5ml of Sucrose Buffer 2.0M (2.0M Sucrose, 5 mM MgOAc,
0.1 mM EDTA, 10 mM Tris-HCI (pH=8), 1 mM DTT, protease inhibitors and RNase out).
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The sucrose homogenate was loaded on top of 0.5ml of sucrose 2.0M in a polyallomer tube
and centrifuged at 30,000 x g for 30 minutes at 4°C in a Sorvall RPS55 rotor to collect a pellet
corresponding to the nuclear fraction. The cytosolic, membrane and Insoluble fractions were
prepared from the cytosolic homogenate by centrifugation at 100,000 xg for 1 hour at 4°C in
a Sorvall RP100 AT4 rotor. The supernatant was collected as the cytoplasmic fraction while
the pellet was resuspended in 1ml of Hypotonic Lysis Buffer containing 1% Triton X-100,
dounced for 40 times on ice and incubated in ice for 1 hour. After centrifugation at 100,000x g
for 30 minutes at 4°C in the Sorvall RP100 AT4 rotor, the supernatant was collected as the

membrane fraction and the pellet was rinsed and used as the insoluble fraction.

4.3. RNA and protein extractions

At each steps of the cell fractionation, the collected supernatants and pellets were imme-
diately resuspended in 1ml of TRIzol-LS or TRIzol respectively. RN As were isolated following
TRIzol extraction procedure from the aqueous phase and resuspended in water, while pro-
teins were extracted from the organic phase. For the proteins extraction, 0.3ml of ethanol
was added to 0.6ml of organic phase and incubated 5 minutes at 25°C. After centrifugation
at 3000xg for 5 minutes at 4°C, the supernatant was mixed with 0.750 ml of isopropanol,
incubated for 10 minutes at 25°C and centrifuged at 13,000xg for 10 minutes at 4°C. The
pellet was washed 3 times for 20 minutes at 25°C with 1 ml of 0.4M Guanidine hydrochloride
in 95% isopropanol and once with 1 ml of ethanol 75%. The pellet was finally resuspended
in 0.5M unbuffered Tris containing 5% SDS.

4.4. RT-qPCR and Western blot validations

RNA extracts from each fraction were subjected to reverse transcription using random
hexamers and RT-MMLV (Invitrogen) followed by real-time (RT) quantitative PCR (qPCR)
analyses using gene-specific primer pairs for : SNORD17 - Fw :5-CTG CCA ACA CAC AAG
CAG TT-3’; Rv :5-CTT GCA GCC TTG TGA AAT GA-3' RN7SK - Fw :5-CCA TTT
GTA GGA GAA CGT AGG-3’; Rv :5- CCT CAT TTG GAT GTG TCT GG-3° MT-CO1
- Fw :5-CAA ACC ACA AAG ACA TTG GAA; Rv :5-GCA CCG ATT ATT AGG GGA
AC-3’ TJP1 - Fw :5-GCT TAC CAC ACT GTG ATC CT; Rv :5-CAC AGT TTG CTC
CAA CGA G-3’ hsr-omega- Fw :5-CCA CAA CAA AAT GAA CCA CAA; Rv :5-CAA
TTT TGA ATT GGG GCA GT-3’ Rpl23a- Fw :5-GTG AAG CCC GTG ACC AAG;
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Rv :5-AGG CGC CCT TGA TGA TCT-3' mt-NDF6 - Fw :5-TCA TCC ATT AGC TTT
AGG ATT AAC TTT-3"; Rv : 5-TTT CAT TAG AGG CTA AAG ATG TTA CG-3’ dlg-1
- Fw :5-CTG GAT AAG CAA TCG ACA TTG G-3’; Rv : 5- CAT TCT TCT CAT CGC
GAC TC-3

Quantitative PCR analyses were performed using PowerUp SYBR Green Master Mix kit
(Applied Biosystem, Thermo Fisher Scientific) on Viia7 Real-Time PCR system (Applied
Biosystem, Thermo Fisher Scientific). For the Western Blot, protein extracts from each frac-
tion were loaded on a 11% SDS-PAGE gel and transferred onto nitrocellulose membranes.
Following incubation (16 hours, 4°C) with primary antibodies corresponding to fraction spe-
cific markers, blots were washed and incubated with appropriate HRP-conjugated secondary

antibodies for 1 hour. Signals were detected by enhanced luminescence (Clarity Western ECL

Substrate, BIO-RAD) with the Gel Doc XR+ imaging system (BIO-RAD).

4.5. Library generation and RNA sequencing

Before library generation, the quality of the RNAs extracted from each sample was va-
lidated using the Agilent 2100 Bioanalyzer device and the RNA 6000 Pico Chip. RNA-seq
libraries were prepared with Illumina TruSeq mRNA Stranded kit from rRNA depleted RNA
samples (Ribo-Zero™ Magnetic Gold Kit for Human and Drosophila kit, Epicentre) or from
poly-A enriched RNA samples (NEBNext poly(A) mRNA, New England Biolabs). Deep

sequencing was performed using the [llumina HiSeq2000 sequencer (paired-end 50 cycles).

4.6. In silico analysis of RNA sequencing and proteomics data

Read quality was assessed using FastQC v0.11.5. No trimming was deemed necessary.
Read alignment was executed using TopHat v2.1.0 on the human GRCh37/hgl9 and the
Drosophila BDGP5.78/dm3 genomes respectively. Read count was obtained with feature-
Counts v1.5.0-pl. Normalized FPKM values and differential expression was computed with
DESeq2 v1.10.1. Metrics about the alignment were obtained with picard CollectRnaSeq-
Metrics program. We only considered transcripts with fragments per kilobase per million
mapped reads (FPKM) > 1. Percent FPKM (pFPKM; = FPKM;/ Zke{C,M,I,N} FPKMy,)
where 7 is a given gene in a given fraction) was calculated as the relative distribution unit.
Transcript per million (T'PM, = (FPKM,/ Y, FPKM,) x 10°), where z is a given gene in

a given fraction and y represent all the genes observed in this fraction) was calculated as the
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relative abundance unit. We grouped as “other” all biotypes where the highest TPM in any
given fraction was below 1%.

Attributes such as biotypes and longest isoform length was obtained via the R biomaRt
package [21]. Expected gene length was obtained by calculating the normalized weighted
average of each gene. For each individual fraction, this is Zg TPM; x L;/ Zf TPM; Where
TPM,; is the expression value of a given gene ¢, L is its length and j the total number of
gene of a given biotype. All calculations and correlations where performed using R.

For proteomics data, spectrum count and probability was calculated with scaffold v4.4.8.
We only conserve protein with a minimum number of 2 peptides and a peptide threshold
and a protein probability of 95%. Gene ontology term statistical overrepresentation test
was performed using Panther v11 [52]. Protein complex were obtained from the CORUM
databases release 30-10-2016 [62].

4.7. Orthologs associations

We retrieved orthologous genes between fly and human via the R biomaRt package se-
lecting those with high confidence [21]. We then filtered this list to keep only the genes with
at least 1 FPKM in at least one fraction for both species.

4.8. Circular intronic RNNA analysis

We downloaded the list of 103 circular intronic RNA identified and characterized by Zang
et al. as a bed file from circbase and reported the counts of alignment in our bam files with

bedtools multicov [76, 25, 61].

4.9. Regular 3-simplex (tetrahedron) representation of cellular compartments

Gene asymmetry within a 3-simplex space was obtained by computing a vector resulting
from the relative distribution of a given gene from each fraction projected into each com-
partment represented by the 3-simplex. Assuming a 3-simplex centered at the origin with
coordinates V1 = (=1 -2 — /2y yo = (-1 2 /2y y3 = (-1 8 0) V4 = (1,0,0),

in Cartesian space, this is defined as X = pF'PK M.y, X (—%) + pEFPK M, empr X (—%) +

PEPK Mo % (—1) + pFPK Myyq % (1),Y = pFPK Moy X (—%2) + pFPK My X

(—2) + pFPK Mooy % (*2), Z = pFPK My <_\/§> + pFPK Mty % (3qrt2)

105



4.10. Prediction back-spliced junctions for circular RN As

Previously unmapped reads were re-aligned with tophat-fusion (—fusion-search —keep-
fasta-order —bowtiel-no-coverage-search) and then we applied the circExplorer algorithm to

identify putative circRNA [76].

4.11. Accession numbers

Raw sequencing data are available on the ENCODE portal (https://www.
encodeproject.org/) under the experiment ID numbers : ENCSRI3IWGT (HepG2-
cytosolic-PA);  ENCSR541TIG  (HepG2-membrane-PA); ENCSR019MXZ  (Hepg2-
insoluble-PA);  ENCSR0580SL  (HepG2-nuclear-PA);  ENCSR862HPO  (Hepg2-
cytosolic-RD); ENCSR887ZSY (HepG2-membrane-RD); ENCSR813BDU (HepG2-
insoluble-RD); ENCSRO061SFU (HePG2-nuclear-RD); ENCSR283YJX (D17-cytosolic-
PA); ENCSR053CWY (D17-membrane-PA); ENCSR622ROA  (D17-insoluble-PA);
ENCSRA473SBP (D17-nuclear-PA); ENCSR432GTP (D17-cytosolic-RD); ENCSR302HSE
(D17-membrane-RD); ENCSR772QDO  (D17-insoluble-RD); ENCSR197ZHM (D17-
nuclear-RD).
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TABLE 3.S2. Cell component gene ontology (GO) enrichments of HepG2 cell fraction-

specific proteins.

Cytosolic Membrane
Gene Category p-value Gene Category p-value
cytosol 3.37E-81 endomembrane system 3.34E-47
cytoplasm 6.01E-57 bounding membrane of organelle 3.43E-39
extracellular vesicle 2.48E-50 endoplasmic reticulum 4.40E-37
membrane-bounded vesicle 3.94E-36 vesicle 1.70E-23
cytoplasmic part 1.05E-34 extracellular exosome 2.18E-22
vesicle 8.38E-34 extracellular membrane-bounded organelle  2.24E-22
extracellular region 3.46E-22 extracellular vesicle 3.06E-22
nucleus 1.64E-11 extracellular organelle 3.14E-22
nucleoplasm 1.65E-05 cytoplasm 5.34E-18
nuclear lumen 6.17E-05 membrane-bounded organelle 2.34E-17
nuclear part 7.35E-05 extracellular region part 2.77E-16
intracellular membrane-bounded organelle 4.80E-04 Golgi apparatus 3.99E-14
mitochondrion 6.90E-04 integral component of membrane 6.22E-14
intracellular organelle 1.64E-03 intrinsic component of membrane 2.55E-13
intracellular organelle lumen 2.52E-03 endosome 2.02E-08
cytoplasmic vesicle 5.05E-08
vacuole 6.52E-07
vacuole part 1.14E-05
lysosome 4.41E-05
lytic vacuole 4.71E-05
whole membrane 5.83E-05
Insoluble Nucleus
Gene Category p-value Gene Category p-value
macromolecular complex 1.89E-08 membrane-enclosed lumen 3.48E-97
cytoplasmic part 4.84E-08 nuclear part 3.74E-92
ribonucleoprotein complex 4.86E-08 nucleus 8.07E-66
intracellular ribonucleoprotein complex 4.86E-08 membrane-bounded organelle 9.55E-64
intracellular organelle part 6.79E-06 nucleoplasm 5.96E-44
organelle part 2.38E-05 nucleolus 1.34E-42
cytoplasm 2.59E-05 chromosome 4.33E-36
intracellular non-membrane-bounded organelle 1.76E-04 organelle envelope 4.86E-34
cytosol 1.87E-04 envelope 1.51E-33
non-membrane-bounded organelle 1.92E-04 chromosomal part 9.82E-32
intracellular part 1.95E-04 protein complex 1.11E-27
organelle 2.77E-04 mitochondrial part 4.09E-26
membrane-bounded organelle 4.48E-04 preribosome 1.86E-25
RNAI effector complex 4.94E-04 chromatin 1.36E-20
cytoplasmic ribonucleoprotein granule 5.25E-04 chromosomal region 1.39E-19
intracellular membrane-bounded organelle 6.33E-04 nuclear chromosome 2.14E-19
ribonucleoprotein granule 7.52E-04 ribonucleoprotein complex 2.88E-15
polysome 1.98E-03 intracellular ribonucleoprotein complex 2.88E-15
protein complex 2.71E-03 chromosome, centromeric region 5.05E-15
nuclear pore 3.38E-14
SWI/SNF superfamily-type complex 4.31E-14
condensed chromosome 2.23E-08
kenetochore 2.64E-08
nuclear envelope 2.71E-07
histone methyltransferase complex 3.18E-07
nuclear pore outer ring 5.18E-07
chromosome, telomeric region 2.11E-06
PcG protein complex 4.45E-06
transcriptional repressor complex 5.11E-06
methyltransferase complex 5.11E-06
transferase complex 7.19E-06




TABLE 3.S3. Cell component gene ontology (GO) enrichments of HepG2 cell fraction-

specific mRNAs.

Cytosolic Membrane
Gene Category p-value Gene Category p-value
ribosome 3.50E-50 cytosolic ribosome 3.90E-31
cytosolic part 3.20E-46 ribosomal subunit 3.00E-22
ribonucleoprotein complex 5.80E-35 cytosolic part 7.20E-22
small ribosomal subunit 2.10E-28 ribosome 1.40E-18
large ribosomal subunit 5.70E-27 cytosol 3.50E-13
cytosol 6.10E-19 large ribosomal subunit 5.00E-13
mitodhondrion 5.30E-15 small ribosomal subunit 2.30E-09
mitochondrial part 3.90E-11 ribonucleoprotein complex 5.50E-09
mitochondrial membrane 4.90E-10 endoplasmic reticulum 3.40E-05
mitochondrial envelope 1.10E-09 endosome 8.10E-05
mitochondrial ribosome 3.80E-05 transcription factor complex 4.30E-04
non-membrane-bounded organelle 1.00E-04 nucleoplasm part 8.70E-04
respiratory chain 4.10E-04 extrinsic to membrane 1.10E-03
Golgi apparatus part 7.10E-03
organelle subcompartment 7.10E-03
Insoluble Nucleus
Gene Category p-value Gene Category p-value
nucleoplasm 1.20E-43 extracellular matrix part 5.45E-06
nucleolus 1.00E-31 nuclear lumen 6.60E-06
chromosome 3.00E-24 membrane-enclosed lumen 1.40E-05
microtubule cytoskeleton 2.50E-22 basemen membrane 2.20E-05
nucleoplasm part 2.10E-20 nuclear speck 2.70E-05
nuclear body 3.00E-20 nucleoplasm 6.50E-05
spliceosome 1.10E-19 emdomembrane system 8.40E-05
spindle 3.70E-19 endoplasmic reticulum part 9.30E-05
chromosomal part 6.50E-18 collagen 1.00E-04
condensed chromosome 1.10-E-17 nucleoplasm part 2.90E-04
ribonucleoprotein complex 9.10E-16 anchoring collagen 2.30E-03
cytoskeleton 1.20E-15 cell-cell adherens junction 2.40E-03
kinetochore 7.10E-14 nuclear body 3.40E-03
nuclear speck 1.70E-12 anchoring juntion 4.50E-03
nuclear chromosome 2.60E-12 microtubule cytoskeleton 4.60E-03
nuclear pore 3.00E-10 nuclear envelope 4.80E-03
microtubule organizing center 6.20E-10 cell-cell junctions 7.30E-03
centrosome 9.30E-10
nuclear envelope 1.90E-08
proteasome complex 5.50E-08
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FIGURE 3.S1. Fractionation validation and inter-replicate correlations.

(A) RT-qPCR of RNAs sample controls show fractionation efficiency. The accumulation of the indicated
RNA fraction-specific markers was assessed in HepG2 and D17 cells. (B) Summary table of inter-replicates
Pearson correlations of transcript per million (TPM) values within each fractions for HepG2 and D17 cell
RNA-seq samples. RD= rRNA-depletion, PA= poly-A+.
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FIGURE 3.S2. Distinctive transcript composition of subcellular fractions in poly-
A+ dataset. (A) Histograms depicting the RNA biotype content, in TPM, detected via PA sequencing
of cytosolic (C), membrane (M), insoluble (I), and Nuclear (N) fractions or whole-cell RNA (T=total) from
HepG2 (upper panel) and D17 cells (lower panel). (B) Histograms of the RNA biotype content of HepG2 and
D17 cell fractions, binned according to the length of the longest annotated isoform of detected RNA species,
following a loglO scale from 1.5-5 (i.e. ranging from 31-100,000 nt). The expected lengths for mRNA and
total RNA populations are indicated for each fraction. For A and B, biotypes accounting for less than 1% of
the overall TPMs were grouped as “other”. (C) Boxplots showing the fraction distribution profiles of different
RNA biotypes in percent FPKM (pFPKM) for HepG2 (upper plots) and D17 (lower plots) cells. The number
(n) of transcripts analyzed for each biotype is indicated. TPM : Transcripts Per Millions ; FPKM : Fragment
per kilobase per million ; IncRNA : long noncoding RNA ; mRNA : messenger RNA ; miRNA : microRNA ;
miscRNA : miscellaneous other noncoding RNA ; snoRNA : small nucleolar RNA ; snRNA : small nuclear
RNA ; rRNA : ribosomal RNA.
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FIGURE 3.S3. RNA-seq read distribution profiles varies between fractions.
Fraction of the total number fo aligned bases that mapped to either the protein coding region of genes,
untranslated regions (UTR) of genes, gene introns, or intergenic regions of genomic DNA in HepG2 and D17

cells either assessed from poly(A)-enriched (PA) or rRNA-depleted (RD) sequencing datasets. C=Cytosolic,
M=Membrane, I=Insoluble, N=Nuclear.
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FIGURE 3.S4. pFPKM values are strongly correlated with the results of RT-
qPCR. Scatter plot of RT-qPCR cycle threshold (CT) values and pFPKM from fraction-specific RNA
markers demonstrate that CT values are strongly correlated with pFPKM values. Similar results were ob-
tained with rRNA-depletion and poly(A) sequencing datasets. Pearson correlations are indicated on each

graph.
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FI1GURE 3.S5. Distribution profile of mRNAs in rRNA-depleted sequencing da-
tasets. (A-B) Histogram showing the percent of asymmetrically distributed and fraction-specific mRNAs
in HepG2 (A) and D17 (B) cells. (C-D) Simplex graphs (left panels) and pie charts (right panels) depic-
ting the relative distribution and proportion of fraction-specific mRNAs, coloured according to the fraction
they are enriched in, relative to the total mRNA population in HepG2 (C) or D17 (D) cells. C=Cytosolic,

M=Membrane, I=Insoluble, N=Nuclear.
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FIGURE 3.S7. LncRNAs from rRNA-depleted sequencing datasets are asym-
metrically distributed and exhibit preferential polarization towards the nucleus
and cytosol. (A-B) Histogram showing the percent of asymmetrically distributed and fraction-specific
IncRNAs obtained fro mRD-sequencing, expressed in HepG2 (A) and D17 (B) cells, either using a standard
expression threshold (> 1 FPKM) or focusing on highly expressed transcripts (> 10 FPKM). (C-D) Simplex
graph (C) and pie chars (D) depicting the relative distribution and proportion of fraction-specific IncRNAs,
coloured according to the fraction they are enriched in, relative to the total IncRNA population detected in
HepG2 or D17 cells at the expression threshold indicated in (A-B).
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annotated by Ensembl in HepG2 cells. (B) Zoomed view of the boxplot described in (A). (C) The relative
localization distance between a circRNA and a mRNA encompassing a putative circRNA for both back-
spliced and intronic circRNA in both human and fly cells.
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FIGURE 3.S9. Proteome distribution of each fraction. (A) Venn diagram depicting the
relative distribution of proteins in HepG2 (upper panel) and D17 (lower panel) cell fractions following tandem
mass spectrometry (LC-MS/MS), assessed by measuring their total spectrum count. (B) Boxplot showing
the relative distribution, in percent spectrum count, of all proteins identified in our LC-MS/MS datasets

for HepG2 (upper panel) and D17 (lower panel) cell fractions. C=Cytosolic, M=Membrane, I=Insoluble,
N=Nuclear.
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FIGURE 3.S10. mRNA bearing various motifs exhibits asymmetric distributions.
(A) Boxplots showing the fraction distribution profiles of mRNAs bearing a signal peptide cleavage sites, in
pFPKM, for HepG2 (upper plots) and D17 (lower plots) cells. (B) Boxplots showing the fractions distribution
profiles of mRNA canonical histones, in pFPKM, for HepG2 (upper plots) and D17 (lower plots) cells. The
number (n) of transcripts analyzed and Kruskal-Wallis p-value is indicated for each motifs.
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Préface et contributions

Ce chapitre est présenté sous la forme d’un article de recherche et a aussi été publié dans
le journal Nucleic Acid Research.

L’article présente oORNAment (o RNA motifs enrichment in transcriptomes), une base
de données qui répertorie pour la premiére fois les sites de liaison présumés de 223 protéines
liant I’ARN (RBP), englobant 453 motifs, et ce, a 1’échelle transcriptomique (excluant les
introns) pour 5 espéces. Ces motifs ont été obtenus a partir de technologies de sélection in
vitro, telles que RNAcompete [18] et RNA Bind-n-Seq (RBNS) [3]. Gréace a 'utilisation d’un
algorithme établi [7], mais modernisé, notamment avec des ajustements a la méthodologie
définissant une instance de motif et grace a ’accés a une puissance de calcul supplémentaire
fournie par Calcul Canada, j’ai pu identifier des instances de motifs & une échelle largement
supérieure a celle qui a été obtenue par le biais d’autres ressources. De méme, ma méthode
prédit avec précision les sites de liaison RBP observés par eCLIP dans les cellules humaines.
La base de données couvre actuellement 525 718 ARN codants et non codants & travers les
transcriptomes humains et de quatre organismes modéles importants : C. elegans, D. rerio,
D. melanogaster et M. musculus.

La ressource oRNAment a été développée pour afficher les résultats issus de la carto-
graphie des motifs RBP, en utilisant un systéme de gestion de base de données (SGBD)
de pointe et un cadre web moderne, permettant la récupération et le traitement efficace de
grandes quantités de données. L’interface conviviale de oRNAment prend en entrée la sélec-
tion d’une espéce, d’'un géne ou des noms/ID de transcrits, d'un nom d’une RBP et d'un
seuil de score de similitude défini par l'utilisateur, ou d’un attribut spécifique [par exemple,
la région non traduite en 3’ (3’ UTR) d’'un ARNm|. Pour chaque type de recherche, plusieurs
graphiques interactifs sont générés permettant la visualisation personnalisée de données ré-
sumant les résultats de la requéte de 1'utilisateur. Un tableau détaillé et des graphiques
distincts définissant la position de toutes les instances de motif et leurs similitudes avec les
motifs consensus d'une RBP dans chaque transcrit sont également produits. L’utilisateur
peut paralléelement rechercher de maniére interactive des instances de motif d’'une RBP via
un navigateur de génome intégré. Toutes les informations peuvent étre facilement téléchar-
gées sous forme de fichiers Excel, csv ou bed et la base de données contient une section

proposant un tutoriel détaillée aidant 1'utilisateur a naviguer a travers la ressource.
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J’ai effectué les analyses bio-informatiques, développé 'algorithme de recherche de motifs,
construit la base de données, créé l'interface web et instauré et configuré le serveur web
(développement full stack). J'ai aussi créé l'ensemble des figures et écrit l'intégralité du
manuscrit. Samantha Bovaird a effectué la validation systématique de la base de données et
de l'interface web. Eric Lécuyer et Mathieu Blanchette ont supervisé les travaux et 1’écriture
du manuscrit et ont suggéré des modifications concernant, principalement et respectivement,
les aspects biologique et informatique. Tous les co-auteurs ont approuvé le manuscrit avant
sa soumission a ’éditeur de Nucleic Acid Research, qui I'a fait évaluer par des paires avant

de le publier.
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ABSTRACT. Protein-RNA interactions are essential for controlling most aspects of RNA
metabolism, including synthesis, processing, trafficking, stability and degradation. In wvitro
selection methods, such as RNAcompete and RNA Bind-n-Seq, have defined the consensus
target motifs of hundreds of RNA-binding proteins (RBPs). However, readily available infor-
mation about the distribution features of these motifs across full transcriptomes was hitherto
lacking. Here, we introduce oRNAment (o0 RNA motifs enrichment in transcriptomes), a
database that catalogues the putative motif instances of 223 RBPs, encompassing 453 mo-
tifs, in a transcriptome-wide fashion. The database covers 525,718 complete coding and
noncoding RNA species across the transcriptomes of human and four prominent model or-
ganisms : Caenorhabditis elegans, Danio rerio, Drosophila melanogaster, and Mus musculus.
The unique features of oRNAment include : (i) hosting of the most comprehensive mapping
of RBP motif instances to date, with 421,133,612 putative binding sites described across five
species; (ii) options for the user to filter the data according to a specific threshold ; (iii) a
user-friendly interface and efficient back-end allowing the rapid querying of the data through
multiple angles (i.e. transcript, RBP, or sequence attributes) and (iv) generation of several
interactive data visualization charts describing the results of user queries. oRNAment is
freely available at http://rnabiology.ircm.qc.ca/oRNAment/.

Keywords: RNA-binding proteins, motifs, messenger RNA, noncoding RNA,

transcriptome-wide, model species

1. Introduction

Throughout their life-cycle, RNA molecules undergo a variety of co- and post-
transcriptional regulatory events that control their maturation, function and fate [4, 6, 10|.
By modulating the assembly and function of ribonucleoprotein machineries, protein-RNA
interactions play critical roles in virtually all facets of RNA metabolism. Indeed, RNA-
binding proteins (RBPs) form an essential class of regulatory factors, which encompass
among the most deeply evolutionarily conserved protein families [4, 13|. These proteins are
primarily classified by the type of RNA-binding domain (RBD) they contain, which confers
to them the capacity to interact with RNA molecules through binding sites defined by their
sequence and/or structural properties [4, 13]. Recent studies, combining RNA-capture and
mass spectrometry profiling, have characterized ~1500 RBPs in human cells, hinting at the
staggering complexity of post-transcriptional regulation [1, 2|.

To characterize the binding specificities of candidate RBPs, binding site selection ap-

proaches, in particular RNAcompete and RNA Bind-n-Seq (RBNS) methodologies, have been
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systematically applied to a growing proportion of eukaryotic RBPs [3, 8, 17, 18]. Both of
these methods involve in vitro binding assays combining a recombinantly purified RBP (or
its RBD) and a randomized pool of RNA| followed by the biochemical purification of bound
RNA molecules and their identification via microarray or RNA-sequencing [3, 8, 17, 18].
These approaches have enabled the identification of primary sequence consensus binding site
motifs for a few hundred RBPs.

Several tools exist to scan user-provided RNA sequences for matches to these in wvitro
motifs, including servers such as CISBP-RNA, RBPmap, ATtRACT, and MotifMap-RNA
[18, 5, 15, 11]. However, to date, no resources have been developed for identifying and
cataloguing putative RBP motif instances in complete transcriptomes. Herein, we describe
the oRNAment (o RNA motifs enrichment in transcriptomes) database, which catalogues
the motif instances of 223 RBPs previously defined via the RNAcompete and RBNS plat-
forms, across the coding and noncoding transcriptomes (excluding introns) of humans and
four major model organisms. oRNAment is accessible at http://rnabiology.ircm.qc.ca/

oRNAment/.

2. oRNAment analysis pipeline

2.1. Pre-processing of the oRNAment input data

oRNAment was created to characterize the distribution properties of potential RBP tar-
get sites across model organism transcriptomes from the most up-to-date RBP motif data
available (Figure 4.1).

We acquired the data for 223 unique RBPs, totalling 453 consensus motifs in the form of
position weight matrices (PWMs) obtained by either RNAcompete or RBNS (Figure 4.1i)
[3, 8, 17, 18, 14, 9|. More precisely, we obtained 218 RNAcompete PWMs (172 RBPs),
from the CISBP-RNA resource [18]. In parallel, we derived an additional 235 PWMs (78
RBPs) by executing the RBNS computational analysis pipeline for 7-mer enrichment on the
RBNS data available from the ENCODE resource |3, 8, 14, 9]. Therefore, all motifs in the
database are 7 nucleotides in length and are, as such, comparable. Overall, only 27 RBPs
were profiled by both methods (Figure 4.1i, light grey lines). RBPs and their motifs were
flagged for their species-specificities as defined by Ray et al. (Figure 4.1ii) [18]. Scans were

performed for each PWM individually, regardless of similarities or discrepancies between
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RNAcompete and RBNS PWMs of the same RBP. Furthermore, motif scans were executed
for motifs assigned to each RBP across all five species, regardless of the species representation
of a given RBP. However, since RBP orthologs are expected to exhibit similar binding motif
specificities if their RBD show >70% identity in amino acid sequence [18], we have flagged
the species specificity of each factor so the user can take this information into consideration.

oRNAment is based upon a custom pipeline to perform efficient transcriptome-wide scans
for instances of all 453 RBP motifs collected above (Figure 4.2). We based our pipeline on
the previously published and widely used MATCH algorithm developed to scan for putative
transcription factor binding sites across DNA sequences |7, 16|. This tool takes as input a
motif, in the form of a PWM, and returns the position of the subsequences above a given
score (Figure 4.2i-iii) |7, 16]. This is conceptually similar to scanning for RBP target motif
instances, also taking a PWM as input, across RNA transcripts. Through the use of high-
performance python 3.7 libraries (i.e., NumPy, Pandas) and data structures (pre-constructed
hash tables of all heptanucleotides and score pairs), we developed a scanning algorithm that
allows great efficiency, in terms of memory and speed, permitting timely execution across
entire transcriptomes.

The search algorithm is based on the matrix similarity score (MSS), which measures the
correspondence of a transcript region to a given RBP motif of the same length. This is defined
as MSS = (current_score - minimum _score) / (maximum _score - minimum _score), where
current _score is the product of each nucleotide probability at its respective position in the
PWM, and the maximum score and minimum _score are the product of each maximum or
minimum probability value, respectively, in the PWM at each position. This provides a value
between 0 and 1, where 1 is a perfect match to the top canonical binding motif of a given
RBP (Figure 4.2).

In order to identify putative RBP motif instances, it is necessary to select an appropriate
threshold for the MSS, which can vary depending on the user’s objectives. This threshold
allows the user to include motifs with varying degrees of similarity to the most probable in
vitro defined consensus motif. For a given percentile P (e.g., P = 50%) and a given PWM,
the threshold T'p is chosen so that the probability that a 7-mer randomly generated based on
the probabilities specified by the PWM obtains an MSS greater or equal to Tp is P. In other

words, the fraction of sensitivity (or recall) of the search is P. In practice, Tp is obtained by
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FIGURE 4.2. The oRNAment computational pipeline. (i) For a given transcript, the
algorithm linearly scans for subsequences of length 7 and (ii) reports only those that have an MSS higher
than the threshold, represented by the dashed line (table look-up, exemplified by the arrows, only shown for
the second and fourth sequentially scanned 7-mers ; sum of MSS’ used as denominator for MSS’% computation
in bold). (iii) oRNAment reports all motif instances in all transcripts across five species. (iv) oRNAment
reasonably predicts RBP binding sites observed by eCLIP in human K562 and HepG2 cells (blue bars in
histogram), as shown for the five motifs bound by the HNRNPK RBP, in comparison to the same number
of random sequences (orange bars).

calculating the MSS score of each of the 16,384 possible heptanucleotides, sorting them in
decreasing order of MSS, and going down the sorted list until the sum of MSS of the selected

137



heptanucleotides reaches P% of the total (Figure 4.2ii dash line). oRNAment contains motif
matches for 10 different thresholds, for P ranging from 50% to 95% in increment of 5%, as
well as for the special threshold MSS=1 (canonical motif) (Figure 4.2).

We observed that the analysis pipeline reasonably predicts RBP binding sites observed
by eCLIP in human cells |14, 21]. We used as a validation set the group of 24 RBPs where
eCLIP data was also available and compared the genomic coordinates of oRNAment motif
instances, at a 50% threshold, to eCLIP peaks, at a > 3 fold change and a p-value < 0.001.
For this, we first downloaded the bed narrowPeak files from ENCODE for both HepG2 and
K562 cell lines and filtered them in order to only keep peaks in an annotated exon. This
allowed a one-to-one comparison with the dataset scanned by oRNAment. We then collapsed
peak regions from replicates when they showed any overlap. As the peak region rarely had
the exact same coordinates, we kept as one region the coordinates englobing the shortest
region between the two replicates (i.e. if replicate 1 had a peak between nucleotides 100-109
and replicate 2 a peak between 102-110, we kept as a peak a region between 102-109).
We only kept peak regions of at least seven nucleotides. As eCLIP results tend to be cell
dependent and we aimed to have a global dataset, we, on one hand, pooled all the data,
replicated or not, from both cell lines and, on another hand, pooled only the data that was
replicated within a cell line. We considered an oRNAment motif instance as matching an
eCLIP peak when there was any type of overlap between the two coordinates. This revealed
a good correspondence, as defined by the ratio of motif instances identified by oRNAment
that are in an eCLIP peak. Furthermore, motif instances defined by oRNAment are always
better enriched in eCLIP peaks compared to an equal number of random coordinates taken
from the same transcriptomic space that was scanned by oRNAment. As an example, the
five motifs recognized by HNRNPK are more highly enriched in HNRNPK eCLIP peaks
compared to random coordinates (Figure 4.2iv), while additional examples are shown in
Supplemental Figure 4.Sla, b and Supplemental Table S1 [21]. Furthermore, oRNAment
displays reasonable false negative rates and precision (Supplemental Figure 4.S1¢, d, e, f and
Table S1).

The pipeline was executed on all coding (¢cDNA) and noncoding (ncRNA) transcripts

obtained from the FASTA sequences of Ensembl genes release 97, for Homo sapiens
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(GRCh38), Caenorhabditis elegans (WBcel235), Danio rerio (GRCz11), Drosophila mela-
nogaster (BDGP6), and Mus musculus (GRCm38) [22].

2.2. Database implementation

oRNAment is built upon the column-oriented DBMS yandex ClickHouse version 19.5.3.1.
The server-side back end of the web application makes use of Django version 2.1.9 and is
written in Python 3.7.0. The client interface is implemented in Django’s HTML template
language with the inclusion, for a greater interactive experience, of several JavaScript libra-
ries, including jquery version 3.3.1, datatables version 1.10.19, charts.js version 2.0, Vien-
naRNA /fornac.js version 1.1.8, and IGV.js version 2.2.13. The layout styling was created

with Bootstrap 4 and Bootstrap-material-design version 4.1.1.

3. Primary features of oRNAment

3.1. Overall functionality

oRNAment contains the position of all motif matches for all PWMs defined by
RNAcompete or RBNS, across the transcriptomes (excluding introns) of all five interrogated
species. The user can narrow their search to only motifs for which RBPs are represented in
a specific species or group of species.

For each type of search, the database outputs distinct figures summarizing the abun-
dance and distribution of motifs across queried transcripts, subregion types (e.g., coding
sequence, UTRs), or RNA biotypes (Figure 4.3i-v). It also outputs individual graphs sho-
wing the position of all motif instances and their MSS within each transcript for the selected
species (Figure 4.3x). Moreover, a detailed table lists all motif instances along with their
associated gene name, transcript ID, biotype, position along the transcript, MSS, genomic
coordinates, and probability for the 7-mer region to be structurally unpaired, as assessed
by RNAplfold predictions|12|. Further detailed information, including the predicted RNA
secondary structure (Figure 4.3xi, as assessed by RNAfold, can be accessed for a specific
transcript from the table [12]. For a multifaceted overview of multiple motifs, o0RNAment
also features an embedded Integrated Genome Browser (IGV) (Figure 4.4). All the above

information can readily be downloaded as an Excel, CSV, or bed file. This can be achieved
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either by downloading a subset of the database from the detailed table stemming from a
query or by downloading the entire database content.

The database contains a detailed tutorial page to help the user navigate the resource. This
section documents the algorithm implemented and the RBP motif data used in oRNAment.
Furthermore, it provides comprehensive instructions on how to use each functionality through

step-by-step demonstrations using real examples.

3.2. Search by transcripts

This functionality allows the user to query the database for a specific gene, transcript,
or group of genes or transcripts, in a specified species, and returns all their putative RBP
binding sites. The results are visualized with interactive summarizing charts/histograms
(Figure 4.3i—v) and a detailed table. First, a treemap, or histogram, shows the total number
of putative instances associated with each RBP. Second, a polar plot, or histogram, illustrates
the subregions where these motif instances are observed. Third, a box plot describes the
distribution of motif instances within all transcripts searched within oRNAment. This is

especially useful when searching for multiple transcripts to determine if they have a common

RBP binding site.

3.3. Search by RBP

This functionality allows a user to query the database for a specific RBP, in a specified
species, and returns all its putative binding sites in all coding and noncoding transcripts.
The user can restrict or expand their query results by specifying the PWM’s sensitivity
threshold. The results of this query are visualized with interactive summarizing charts and
a detailed table (Figure 4.3vi-ix). A doughnut plot, or histogram, shows the total number
of putative motif instances identified for the queried RBP grouped by gene biotype allowing
a user to, for example, predict protein-noncoding RNA interactions. Finally, a radar plot, or

histogram, shows the subregions where these putative motif instances are observed.
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FIGURE 4.3. Examples of the figures generated by oRNAment when searching
for motifs in specific RNAs or RBPs. Upon a user’s query, either by transcript (i—v) or by
RBP (vi-ix), multiple figures summarizing the results are provided. (i—v) When searching by transcripts
(here the cen mRNA in Drosophila), oRNAment provides : (i) a treemap of the most abundant RBP motif
instances (likewise shown when searching by attributes); or (ii) a histogram of the same results; (iii) a
polar plot showing in which subregion of the transcript RBP motif instances are observed (here in cen);
or (iv) a histogram of the same results; (v) a box plot of the distribution of RBP motif instances in all
transcripts queried (here, the boxplot shows the distribution of the number of motif instances among the
two isoforms of cen). (vi—ix) When searching by RBP, oRNAment provides : (vi) a doughnut plot showing
in which gene biotypes putative binding sites for the queried RBP are observed (here for SRSF9) ; or (vii) a
histogram of the same results ; and (viii) a radar plot showing in what transcript subregion putative binding
sites for the queried RBP are observed ; or (ix) a histogram of the same results. All search functionalities
provide a table from which the user can access gene-level or transcript-level details. (x—xi) By selecting a
gene/transcript and RBP pair, oRNAment will provide : (x) a scatter plot showing the position of each
putative RBP binding site and corresponding MSS scores, here above the 50% MSS’ threshold respectively
for each motif of the shep RBP on the cen mRNA. The transcript positions, on the x-axis, end at the last
motif instance + 10 nucleotides; and (xi) a predicted 2D structure of the cen transcript as established by
RNAfold with default parameters.
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3.4. Search by attributes

This functionality allows the user to query the database for a specific combination of
transcript attributes |e.g., 3’ untranslated region (UTRs) of mRNA, rRNA] in a given spe-
cies and returns all associated putative RBP binding sites. When an attribute is incompa-
tible with other selections, it is shown as a blocked option (unclickable and greyed out text
displaying "NA”). Contrastingly, when selecting the protein coding biotype, the region NA
corresponds to the Ensembl annotation for unavailable information and it is selectable. The
results are visualized with a treemap, or histogram, showing the total number of putative

instances identified for each RBP and a detailed table.

3.5. Interactively visualize motif instances

oRNAment offers the possibility for a user to browse the genome of a given species
and interactively visualize putative motif instances of up to three RBPs in an embedded
Integrated Genomic Viewer (IGV) browser (Figure 4.4) [19, 20|. Unlike a detailed transcript
query, which is designed to describe binding sites for specific and individual RBPs, this
functionality allows the users to mine the data in a broader exploratory manner. The user
can search for one or multiple loci, querying by genomic positions, and visualizing the RBP

binding sites along each annotated exon.

4. Conclusion

oRNAment is a modern platform that offers access to a nucleotide-resolution mapping
of putative RBP biding sites in the transcriptomes of human and four important model or-
ganisms, namely C. elegans, D. rerio, D. melanogaster, and M. musculus. The methodology
and thresholds employed results in a computationally expensive analysis that produces a
large quantity of data. oRNAment palliates this issue by having pre-computed all possible
instances through high performance computing resources and by storing the data in a state-
of-the-art column-oriented DBMS, which enables efficient retrieval and processing of large
quantities of data up to 1000 times faster than traditional data management methods. Alto-
gether, we propose a tool from which the searches and resulting figures are fully interactive

and responsive on both desktops and tablets. oRNAment is the first database detailing the
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FIGURE 4.4. Combined visualization of putative binding sites for three RBPs in
two genes through a standard scatter plot and an embedded Integrative Genome
Browser. (i) Example of oRNAment transcript-level view scatter plot of three RBPs (ANKHD1, FUS,
and lark) for two mRNAs (SMAD2 and SMAD/) and (ii) Integrative Genome Browser view incorporating
the same results when searching for their loci [IGV Locus search input in the form : 18 :47783250-47964001
18 :51000898-51113761 (i.e., with a space separating the coordinates)]. Two examples of corresponding motif
instances (lark in SMAD2 and FUS in SMADJ/) between the two types of analysis are shown.

transcriptome-wide distribution features of putative RBP target motifs across multiple spe-
cies. As such, it should prove very useful for users aiming to address hypotheses and to design
experiments to study post-transcriptional gene regulation. Future versions will include the
complete transcriptome of more species and the addition of other RBPs as their motifs are

experimentally defined.
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. Random

. oRNAment

. Random

oRNAment reasonably predicts RBP binding sites observed by
eCLIP in HepG2 and K562 cell lines. a) Recall (fraction of eCLIP sites that contain a motif hit)
for oRNAment predictions (blue) and an equal number of randomly selected regions (5 replicates) (orange)
for 24 RBPs. b) Same as (a) but with replicated eCLIP hits only. ¢) False-negative rate (fraction of eCLIP
binding sites that do not contain a predicted motif hit) for oRNAment predictions (blue) and randomly
chosen regions (orange). d) Same as in (c) but with replicated eCLIP hits only. e) Precision (fraction of
motif instances that intersect a eCLIP hit) for oRNAment predictions (blue) and randomly chosen regions.
f) Same as in (e) but with replicated eCLIP hits only. For all plots, the height of random columns is the
median of 5 replicates, with error bars of one standard deviation. Number on x axis represents the various
PWMs of each RBP. oRNAment threshold 50% MSS, eCLIP peak calling threshold > 3 fold change, p-value
< 0.001.
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Broad multi-species survey of
RNA-binding protein target
motifs reveals conserved motif
environments in coding and
noncoding transcriptomes
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Préface et contributions

Ce chapitre est présenté sous la forme d’un article de recherche que nous visons & sou-
mettre au journal RNA.

L’article présente la suite de 'article précédant, décrivant la base de données oRNAment,
et fournit la premiére étude comparative multiespéces pantranscriptomique cartographiant
la position et la conservation des sites potentiels de liaisons RBP-ARN. Je me suis servie de
cette ressource unique afin de caractériser précisément le contexte positionnel et environne-
mental de 223 protéines liant 'ARN chez cing espéces, soit Homo sapiens, Caenorhabditis
elegans, Danio rerio, Drosophila melanogaster, et Mus musculus. Ceci m’a permis de profiler
globalement la distribution des sites de liaison des protéines pour chaque transcrit codant
et non codant et d’évaluer leurs corrélations interespéces. Cette comparaison a démontré un
large éventail de caractéristiques d’enrichissement régional de chaque protéine et a révélé des
points communs entre des sous-groupes de protéines reliant préférentiellement des biotypes
distincts ou des régions d’ARN spécifiques. De plus, je démontre que ces sous-groupes de
protéines présentent de fortes corrélations et anti-corrélations entre espéces. L’analyse d’ins-
tances de motifs entre des régions transcriptomiques comparables chez les vertébrés suggeére
des conservations synténiques avec jusqu’a 59 % de sites dans les transcriptions codantes
et 86 % dans les biotypes de transcrits non codants démontrant un site de liaison potentiel
pour le méme motif entre deux espéces. Mes résultats ont également permis d’analyser les
propriétés topologiques des sites de liaison RBP. La topologie régionale de certains motifs en
tant qu’instances répétées a intervalle égal semble également étre conservée évolutivement
comme pour la protéine RC3HI liant le transcrit INSM1-201 et ses orthologues. De plus,
nous décrivons un nouveau role potentiel pour le long ARN non codant HELLPAR comme
une éponge de protéines liant 'ARN. Ce travail illustre la puissance de la cartographie a
grande échelle de plusieurs protéines liant I’ARN avec des fonctions distinctes permettant de
révéler des notions inédites de la biologie des ARN.

J’ai conceptualisé 1’étude, énoncé les hypotheéses, développé les scripts et effectué les ana-
lyses bio-informatiques. J’ai aussi créé I’ensemble des figures et écrit l'intégralité du manus-
crit. Eric Lécuyer et Mathieu Blanchette ont supervisé les travaux et I’écriture du manuscrit
et ont suggéré des modifications concernant, principalement et respectivement, les aspects

biologique et informatique.
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ABSTRACT. Protein-RNA interactions carry fundamental roles in nearly every facet of RNA
metabolism encompassing everything from synthesis, trafficking, stability to degradation. A
critical step in understanding post-transcriptional gene regulation is to analyze the topolo-
gical features of RNA-binding protein binding sites at a transcriptome-wide level and assess
their broad evolutionary conservation between species. The consensus motif of a wide range
of RBPs has been defined through in vitro selection methods which established significant
datasets permitting for large-scale motif scanning. The previous development of an efficient
computational scanning algorithm enabled us to comprehensively catalogue RNA motif in-
stances in both coding and noncoding transcripts, creating a unique resource of RBP-RNA
interactomes. This allowed us to characterize the situational context of 223 RBPs in five
species (Homo sapiens, Caenorhabditis elegans, Danio rerio, Drosophila melanogaster, and
Mus musculus), displaying a broad range of abundance features. The comparison of motif in-
stances enrichment revealed commonalities between subgroups of proteins preferentially link-
ing distinct biotypes or specific RNA regions with strong correlations and anti-correlations
between species. Analysis of motif instances between comparable transcriptomic regions in
vertebrates suggests syntenic conservation with up to 59% of sites in coding transcripts and
between 30% and 86% in noncoding transcript biotypes bearing the same motif between two
species. The regional topology of certain motifs, like INSM1-201 and its orthologs, as re-
peated instances also appear to be evolutionarily conserved. Further, we describe a potential
new role for the long noncoding RNA HELLPAR as an RNA-binding protein sponge. This
work illustrates the power of large-scale scanning of multiple RBPs with distinct functions
to reveal novel RNA biology.

Keywords: RNA-binding protein, motif, transcriptome-wide, evolutionary conservation,

mRNA, noncoding RNA

1. Introduction

Protein-RNA interactions execute important roles in several biological functions.
RNA-binding proteins (RBPs) can regulate a wide variety of cellular processes and
post-transcriptional gene expression, such as RNA replication, repair, splicing, polyadeny-
lation, capping, export, localization, stability and degradation [41, 32, 4]. It is currently
hypothesized that the human genome encodes more than 1500 RBPs [13, 15, 26|. Most
of these RBPs possess well defined RNA binding domains (RBDs) that bind RNA through
a sequence- and/or structure-specific motif |13, 26, 35, 44, 40|. Although there is a high
number of RBPs with established RBDs, the specific transcript subsequences bound by
most RBPs are still incompletely mapped. It is suggested that gene expression is greatly

153



influenced by post-transcriptional regulation and an increasing number of RBPs are being
associated with diseases [4, 6, 54, 53, 5, 43, 28|. Therefore, a better characterization of
transcriptome-wide and interspecies RNA motif instances is critically needed to improve
our understanding of post-transcriptional gene regulation.

To this aim, several in vitro methods were developed to identify the transcript’s motifs
bound by RBPs. One such approach, named RNAcompete, involves a high-throughput in
vitro selection strategy to assess the binding sequence preferences of select RBPs. For this,
thousands of designed RNA oligonucleotides are used to assess the sequence binding motifs
of different RBPs by microarray [40, 39]. Recently, an RNA-seq approach, named RNA
Bind-n-Seq (RBNS), was developed [10, 22]. This method, where different concentrations
of a recombinant RBP is incubated with a random pool of RNA oligonucleotides of a fixed
concentration, allows for the estimation of bound RNA molecules compared to an input.
While these methods allow for identification of motifs at a nucleotide resolution, they lack
situational context. Indeed, despite these recent advances, the repertoires of transcript motif
instances bound by different RBPs, along with their environment and their inter-species
conservation remain mostly unknown.

The challenge of predicting cis-regulatory elements computationally has been widely stu-
died and the combination of in wvitro data and in silico algorithms has been proven useful
in a plethora of conditions |20, 30, 33, 19, 9, 2, 29]. To this end, we recently intro-
duced oRNAment, a computational tool and database that robustly and comprehensively
catalogues RBP binding motif instances in the complete non-intronic coding and noncoding
transcriptomes of human and 4 model species (C. elegans, D. rerio, D. melanogaster, M.
musculus) [3]. As we were not invested on any specific RBP, but rather on portraying a
systematic map of binding instances in multiple transcriptomes, we exploited the publicly
available motifs for 223 RBPs described by RNAcompete and RBNS.

To gain insights into the RBP-mediated post-transcriptional regulatory logic, here we
performed an in-depth characterization of RBP motif distribution properties across species.
Our results reveal both general features of the RBP motif environment within specific RNA
biotypes, as well as their conservation between species, while also providing specific mecha-

nistic insights for individual RBPs and transcripts.
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2. Transcriptome-wide profiling of putative RBP target sites across

five species

We previously developed a computational pipeline that allows for the identification of
putative RBP binding sites in a transcript (i.e., an observation of a transcript region that is
sufficiently similar to an RBP binding motif to be considered a putative binding site). We refer
to these regions as “predicted RBP cis-regulatory motif instances” or pCRMI. Our method
was proven reasonably efficient, both in running time and memory usage, to scan the entire
non-intronic transcriptome and correctly identify proper binding sites [3]. More specifically,
we applied our scanning algorithm to 453 motifs for 223 RBPs derived from their in vitro
characterization by either RNAcompete and/or RNA Bind-n-Seq (RBNS) experiments. This
mapping was performed on the complete set of non-intronic coding and noncoding transcripts
for both human and four model organisms : Caenorhabditis elegans, Danio rerio, Drosophila
melanogaster, and Mus musculus (Figure 5.1A). As potential motif instances display varying
degrees of similarity to the most probable in wvitro defined consensus motif, we compiled
each RBP motif independently according to individual thresholds (see methods). We hence
built a database containing a comprehensive description of all pPCRMI which covers 525,718
transcripts across five species (Figure 5.1A).

The dataset of 223 RBPs studied here covers a wide range of biological processes that
most commonly have functions pertaining to gene expression, RNA splicing, and stability
(Supplemental Figure 5.51). While not all RBPs are expressed in all studied species, we
nonetheless scanned each transcriptome for all RBPs in order to better capture potential
evolutionary events, such as motif instance conservation. Consequentially, we have annotated
each RBP with regards to their species specificity. That is, as RBP orthologs are expected
to exhibit similar binding properties, we have grouped these RBPs together if their RNA-
binding domains have amino acid sequences that are 70% or more similar as defined by Ray
et al. [40, 39].

We first sought to establish a general and broad overview of the RBP repertoire. Standard
motif instances cataloguing revealed a wide variety of binding modes to noncoding RNA and
mRNAs. Importantly, our prediction method adjusts the threshold so as to yield the same
FDR for every RBPs, therefore these observations are unlikely to be due to an FDR that

would be more elevated in some pCRMI than others (see methods). Overall, we observed
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FIGURE 5.1. Overview of the oRNAment pipeline and data. A) Schematic of the motif
search algorithm and database populating, executed on 5 species for both coding and noncoding transcripts.
Transcripts 7-mers regions (dashed arrows) are compared to each known RBP motifs (left) where those
above an individual RBP score threshold (coloured dash lines) populate a database describing all transcripts
and their motifs instances (right). B) Heatmap showing the fraction of coding and noncoding transcripts
exhibiting at least one motif instance for each RBP. RBP are grouped by their species specificity according
to Ray et al. [40, 39]. C) Box plot showing the predicted percent of unpaired probability, determined by
RNADplfold, of the 7-mer region bearing an RBP motif instance, ordered by their median. Coloured circles
represent nucleotide content of each RBP motif (one circle of one colour if motif is >6 of one base, two
half circles of different colours if motif is >3 of two distinct bases, half circle if motif is >3 of 1 base) for
the canonical motif logo for each protein. Coloured squares represent RBD domain (2 tones half coloured
when protein has 2 described RBD). HS : Homo sapiens, CE : Caenorhabditis elegans, DM : Drosophila
melanogaster, DR : Danio rerio, MM : Mus Musculus.
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that the pCRMI of PCBP2 was the most common in human mRNA. RALYL, despite only
being characterized here as H. sapiens- and M. musculus-specific with regards to amino-acid
similarity, has the most pCRMI observed in C. elegans (where its closest homolog is named
2tf-4), D. rerio and M. musculus mRNA, where both species have known orthologs (Figure
5.1B) [45]. NUPLZ2 is the most observed RBP in D. melanogaster mRNA, where its ortholog
is named CG18789 |47|. In contrast, the pCRMI of RBM22, a protein with a known role
in cell division and splicing, was the least observed RBP in the mRNA of all five species
(Figure 5.1B). RALYL and RBMZ22 were also the most and least observed pCRMI in the
ncRNA of all five species. Manifestly, a non-negligible number of pCRMI are likely to be
false positives but there are no a prior: reasons to expect enrichments in particular regions
of the transcriptomes which would offset interspecies comparisons. Furthermore, while the
number of instances can greatly vary for each RBP pCRMI, we previously observed a good
correspondence between human eCLIP data, and the ordered results of raw observations are
comparable to previous such characterization efforts in human |3, 50].

We then established, for each RBP, the percent of transcripts exhibiting at least one
instance of its motif (Figure 5.1B). Interestingly, we observed a broad range of RBP motif
abundance features with some showing promiscuousness and others being much more selec-
tive. Expectedly, the most predominant pCRMI observed overall is also among the pCRMI
observed in the greatest number of transcripts, regardless of length. Indeed, although the
pCRMI of SRSF9 was the most observed, identified at least once in 99% of coding transcript
of all five species, the pCRMI of PCBP2 and RALYL are observed at least once in 82% to
98% of all coding transcripts. Contrastingly, the pCRMI of RBM22 is observed in 4% to 5%
of transcripts. Notably, the median of coding transcripts containing at least one pCRMI for
each RBP is roughly twice as much as for noncoding transcripts with a median between 64%
(C. elegans) and 82% (H. sapiens) coding transcripts and a median between 10% (C. elgans)
and 39% (M. musculus) of noncoding transcripts with at least one pCRMI. Interestingly,
while the distribution of pCRMI throughout the transcriptome can be clustered with the
three vertebrates together and the worm and fly together, these overall ratios are similar
across all species studied (Supplemental table 5.51).

We further characterized the context in which each RBP motif instance was observed by

assessing the probability that its whole binding region is paired (structured) or unpaired. For
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this, we executed RNAfold on every transcript for each species. By ordering the predicted
unpaired probability distribution of each pCRMI by their median, we observed them to be
on a gradient (Figure 5.1C, Supplemental figure 5.52). Interestingly, RBP motifs that are
more G-rich tend to be mainly observed in structured regions. RBP motifs that are more A-
and T-rich are more enriched in single strand regions. Notably, RBP motifs that are largely
observed in paired regions tend to have much narrower distribution (22 of the 59 motifs with
>3 Gs have a maximum unpaired probability less than 10%) while the A- or T-rich motifs
are observed in a wider range of secondary structure.

We complemented the contextual characterization of each RBP by analyzing their struc-
tural binding preference with regards to their RNA-binding domain (RBD). For each RBP
we gathered their known RBD from three sources : RBPDB, pfam, and the NCBI Conserved
Domain Database |7, 11, 27]. Only four RBPs, namely RBM4B, LIN28A, RBM5 and CPO,
exhibited more than one type of RBD (Figure 5.1C). No correlation between an RBP motif
and an RBD was found. Most RBPs have an RRM RBD and are evenly distributed over
the variation of secondary structures with 95 RBPs below the median and 84 above (Figure
5.1C). Contrastingly, RBPs with a KH domain tends to have a pCRMI in structured regions
with only 5 RBPs below the median while 18 are above (Figure 5.1C).

We conclude that, generally, most known RBP motifs are observed in a similar fashion
across species, where highly, or lowly, abundant motifs are present in a corresponding propor-
tion of transcripts. Additionally, most known RBP motifs are observed in a greater number of
mRNAs than in all other noncoding biotypes combined. Furthermore, GC-rich motifs show a
greater structured signature than AT rich motifs while RBPs with a KH domain bind regions
that are less structured. Finally, this appears to hold true for all species studied regardless

of the species specificity of the RBP.

3. Motifs instances within transcript biotypes and regions exhibit

general apparent correlations

To gain global insights into the relative position of motif instances of RBPs within dif-
ferent biotypes and then within different regions (5’'UTR, coding, 3'UTR) of mRNAs, we
overlapped motif instances with the genome annotation of each species. As annotations can

exhibit variations between sources, possibly leaving behind some transcripts even with a
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corresponding fasta sequence, we combined the annotations from Ensembl GTF, Ensembl
GFF files and the ensembldb bioconductor R library (each with the version GRCh38.98,
WBcel235.98, BDGP6.22.98, GRCz11.98, GRCm38.98 for human, worm, fly, zebrafish, and
mouse respectively) [21, 56]. When a transcript or exon was documented differently in an
annotation, the longest one was kept. In order to compare and establish motif instance en-
richment correlations between species, we normalized the number of instances by kilobase of
region (i.e., sum of all transcript exons annotated as a given region), for coding transcripts,
or by kilobase of the sum of transcript length by biotype (i.e., all IncRNA, snoRNA, etc.
lengths independently). For coding transcripts, we further established the ratio, for each
RBP, as its percent distribution in each region. Overall, for human, we observed that RBP
motif instances overlapping specific regions were generally consistent with previous findings.
Specifically, when comparing with the distribution of eCLIP peak results within coding
transcripts, we observed overall Pearson correlations of 0.48, 0.59, 0.63 for 5’'UTR, CDS and
3’UTR respectively for the 27 RBPs comparable with HepG2 cells (all p-values < 0.01) and
0.66, 0.5, and 0.52 respectively for the 29 RBPs comparable with K562 cells (all p-values <
0.006) (Supplemental figures 5.53 and 5.54) [50]. We conclude that our method reasonably
predicts the distributions and enrichments of motif instances within a transcript region.

Based on the relative abundance of transcript biotype or region type containing a motif
instance for each RBP for each species, we performed a t-SNE clustering analysis (Figure
5.2A). Interestingly, for coding transcripts, each region and species clustered strongly toge-
ther suggesting a wide conservation of binding sites. By contrast, noncoding RNA biotypes
exhibited more diverse patterns of clustering (Figure 5.2A). Nevertheless, many biotypes,
such as snRNA, rRNA, Mt rRNA and Mt tRNA, showed clustering between species. These
clusterings often exhibit distinct groupings with the vertebrates as one cluster and worm and
fly as another, likely an attribute of their divergent evolution. Contrastingly, IncRNA did
not display any grouping between species, consistent with their known diverse nature and
expression even between cell types in the same species [36, 42|.

To further evaluate the individual correspondence of each RBP motif instance distribution
among biotypes between species, we calculated every possible pairwise Pearson correlation
of their distribution (Figure 5.2B). Consistent with the t-SNE clustering, coding transcripts

exhibited overall stronger correlations than noncoding transcripts. However, multiple RBPs
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FIGURE 5.2. RBP binding site instances enrichment within mRNA regions or
noncoding RNA biotypes exhibits overall prominent level of correlation. A) t-
SNE plot showing the clustering of the relative instance positions, normalized in instances per KB, in each
region (5’UTR, coding, 3'UTR) of all 223 RBPs in all mRNA (left) and the relative enrichment, normalized
in instances per KB, of all RBPs in noncoding RNA (right) for 5 species. B) Heatmap showing the 10
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in all mRNA (left) and the 10 pairwise
correlations of the enrichment of all RBPs in noncoding RNA, normalized in instances per KB (right). Right
side colour legend represents species specificity of each RBP according to Ray et al. [40, 39]. C) Hive plot
showing the top 10 RBPs with the highest average correlation between the 5 species and the last 10 RBPs
with the lowest average correlation between the 5 species for mRNA (top) and noncoding RNA (bottom).
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showed high correlation between at least a subset of species. For example, human and mouse
show the overall better correlation for most RBPs for both coding and noncoding transcripts.
Interestingly, species specificities of the protein or its RBD does not appear to have an in-
fluence on the presence of motif instances for them in the interspecies correlations (Figure
5.2B). Our data does not permit to identify which RBPs have been gained or lost between
each species during evolution. Nonetheless, this suggests that the transcript sequence among
these closely related, and especially its RBP-binding region, has not been significantly mu-
tated and is still similar to the canonical motif at our given threshold.

We next sought to assess the functionalities of RBPs that appear to have more, or less,
evolutionarily conserved motif instances. For this we calculated the average correlation bet-
ween all pairwise comparisons and established the 10 RBPs with the highest overall cor-
relations and the 10 RBPs with the lowest correlations or that revealed anti-correlations
(Figure 5.2C). We then performed statistical overrepresentation tests of GO terms on these
RBPs. Strikingly, the RBP with the highest correlations, whether from coding or noncoding
transcripts, are involved in important functions such as splicing and transport while RBPs
with the lowest correlations have the same top-level GO terms (Figure 5.2D).

Overall, these results suggest binding site commonalities between each subset of RBPs
binding specific biotypes and regions between species wherein extensive related patterns are
likely associated with similar major functions. We hypothesize that the RBPs and genes
involved in these mechanisms may require precise regulations, which, in turn, necessitate an

exquisite set of cis-regulatory motif instances.

4. Conservation and divergence of RBP binding site instances

The extent of RBPs and transcripts catalogued provides to us a unique possibility to
explore their conservation between species. We asked if an RBP pCRMI at a given genomic
coordinate was also observed in the syntenic region of another species. Therefore, we trans-
lated every transcript coordinate with a pCRMI to its genomic coordinate with an in-house
script and further converted it to the genomic coordinate of another species using the liftover
tool from UCSC, which uses whole-genome pairwise alignments [18]. For this, we only consi-
dered the three vertebrates, because the transcriptomes of worm and fly are too divergent for

robust genomic coordinate translation. We concentrated our effort on exact syntenic regions,
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excluding from our analysis everything off by even a single nucleotide. Moreover, to disen-
tangle the data and remove ambiguities, when a position had pCRMI for multiple RBPs,
often due to an RBP having many similar motifs, we only considered the one showing better
similarity with the canonical motif.

We then aimed to determine the extent to which pCRMI predicted in one species were
conserved at orthologous positions in other species. For this, we first evaluated the ratio of
transcript positions between two species exhibiting a pCRMI for the same RBP. Expectedly,
the comparison of human and mouse yielded the greatest number of common regions with
the same motif instance for both coding and noncoding transcripts (Figure 5.3A). The count
of comparable shared coordinates with a pCRMI for the same RBP was followed by the
human and zebrafish pair, and, finally, the mouse and zebrafish pair. Moreover, there was
296 118 regions observed in all three species with a pCRMI for the same RBP (Figure 5.3A).
Interestingly, when we established the ratio of these values compared to the total number of
comparable genomic coordinates with a pCRMI but regardless of the type of equivalence (i.e.,
same RBP, different RBP, or no RBP), we observed that between 34 and 59% of the regions
in coding transcript had a pCRMI for the same RBP (Figure 5.3B, solid columns). Notably,
despite the contrasting number of shared coordinates between human and mouse and the
other pairing of species, we observed similar conservation of pCRMI in all species compared.
Furthermore, the region of the coding transcript (i.e., CDS or UTR) does not appear to have
an impact on the conservation of putative RBP-binding sites. We observed a similar trend
when analyzing noncoding RNA, where miRNA, scaRNA, and sRNA each exhibited ratios of
inter-species conservation above 50% in all three pairwise species comparisons (Figure 5.3B).
These ratios, both for coding and noncoding transcripts, are significantly higher than what
we would expect at random (Figure 5.3B, unfilled columns). Overall, this suggests that the
location of an RBP binding site within a transcript is important and well conserved.

We then evaluated the ratio of regions exhibiting a pCRMI for two different RBPs. The
number of regions in pairwise species comparisons and their order were similar to what was
observed for coding transcripts with human and mouse sharing the most common coordinates
bearing different motif instances (Figure 5.3C). Most of these RBPs interchanges are likely
explained by either false positives or motif resemblances. For example, the SRSF9 to SRSF1

exchange most observed in all pairwise species comparisons for coding transcripts can likely
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FIGURE 5.3. Interspecies comparable genomic coordinates often exhibit the
conservation of the same RBP motif instance. A) Histogram showing the total number
of comparable genomic coordinates with the same instance of a given RBP motif between all three species or
pairwise by species for coding transcripts (left panel) and noncoding transcripts (right panel). B) Histogram
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be explained by the AA to GG nucleotide substitution at the beginning of the canonical
motif that ends in GGAG for both RBPs (Figure 5.3D). Indeed, a comparison with Tomtom
results in a similarity probability with a p-value of 0.00965 [16]. However, the RBP Fusip1,
labeled as H. sapiens only, is often interchanged with SRSF9 in D. rerio and M. musculus,
in coding transcripts, even though their motifs are appreciably different (Tomtom p-value =
0.25) (Figure 5.3D). Interestingly, both RBPs are members of the serine/arginine (SR)-rich
family and have role as pre-mRNA splicing factors where they both, uncharacteristically of
the SR family of protein, act as repressors |1, 12]|. This suggests that one RBP can take over

the role of another by binding to the same transcript location and preserve its function.

5. The regional topology of a motif is generally limited to a few

instances with some IncRNA exceptions

To further characterize the distribution and interspecies relation of RBP motif pCRMI
we calculated the ratio of transcripts that bear a binding site for each RBP within distinct
regions or biotypes. Predictably, distinct mRNA and noncoding RNA biotypes do not carry
a binding site for every given RBP (Figure 5.4A, 5.5A). Interestingly, for protein coding
transcripts, once a biding site appears to be present in the 3’UTR or the CDS, it is most
often present in 2 to 10 copies, with on average 21.7% and 27.7% of transcripts, respectively
(Figure 5.4A). In comparison, 14.1% and 17.6% of transcripts only have 1 instance of a given
motif, for 3’'UTR and CDS respectively, and 7.5% and 4.5% of transcripts have more than 10
motifs. Inversely, the 5’UTR not only exhibits less transcripts with an RBP binding site, but
when a transcript bears a binding site, it rarely contains more than one. Indeed, possibly due
to their average shorter length, 10.7% of transcripts have a single instance in their 5’UTR
while 9% have 2 to 10 copies and 1% have more than 10.

Likewise, we aimed to assess if some RBPs exhibit a more refined pCRMI topology.
Therefore, we scanned our repertoire of pCRMI by windows of 100 nucleotides and tabulated
the count of different groupings of pCRMI for the same RBP (i.e., considering all possible
motifs for a given RBP). Importantly, to avoid finding multiple hits in the same sequence,
especially in the case of motifs with a small repeat element, we only counted pairs of sites
that are at a start position of more than seven nucleotides. Therefore, two motif instances

cannot be overlapping. As a comparison, we repeated the exercise ten times with the same
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FIGURE 5.4. Coding transcripts often exhibit multiple instances of the same
motif. A) Histogram showing the combined average percent of coding transcripts bearing RBP motif
instances binned by the number of instances they contain (displayed top of each panel) separated by the
region in which they are observed (coding or UTR). B) Histogram showing the percent of motif instances
observed according to different topologies in a window of 100 nucleotides and compared with the average
of 10 random permutations of motifs instances. Error bar indicates standard deviation between the 10
replicates. Repeated motifs within a window are denoted in a 5’-3’ order with a semicolon separating the
motif codes, a unique motif code indicating a single instance of the motif observed in the window. Motif code
nomenclature defined as in Benoit Bouvrette et al. [3] with corresponding motif shown on top. C) Integrated
genome browser screenshot showing the binding sites of each motif for the RBP RC3H1 in the 5 orthologs
of the human transcript INSM1-201. HS : Homo sapiens, CE : Caenorhabditis elegans, DM : Drosophila
melanogaster, DR : Danio rerio, MM : Mus Musculus.
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set of genomic coordinates but with permuted motifs, hence keeping the same ratios and
distances. Several RBPs displayed an enrichment of specific combinations (Figure 5.4B). For
example, the pCRMI derived from the UG-rich motif of the RBP aret appears in pairs up to
5-fold more often than it would be expected stochastically (Figure 5.4B). This enrichment
is observed in 4 out of 5 species studied, albeit to different ratios, and is only excluded from
C. elegans (Figure 5.4B). Moreover, some pCRMI exhibit even more complex topology. The
pCRMI of the A-rich motif of the RBP PABPNIL is arranged in triads in 5% of all their
observations, while such a topology is expected to only be present less in than 0.3% of their
instances.

Interestingly, the paired spatiality of the AU-rich motif of RC3H1 is observed to be
enriched by a 2-fold factor over what would be expected randomly (Figure 5.4B). Indeed,
between 5.1% (M. musculus) and 7.5% (D. rerio) of RC3H1 instances are observed in pairs
in a 100-nucleotide window, compared with 2.5% and 4.2% stochastically (Figure 5.4B).
The RBP RC3H1 is known to bind a constitutive decay element (CDE) which folds in a
short 17-nucleotide stem-loop and is present in the 3’'UTR, leading to their degradation [24].
Notably, we observed that the pCRMI of RC3H1 were present in pairs in the 3'UTR of the
H. sapiens gene INSM1-201, a transcription factor involved in early embryonic neurogenesis,
and all of its four orthologs, Insm1, insmla, nerfin-1, and egl-46, as established by ensembl,
in the studied species (Figure 5.4C) [56, 55, 23]. Furthermore, all five orthologs displayed
one instance where the two pCRMI are always distanced exactly 13 nucleotides apart (Figure
5.4C). This suggests that in addition to the secondary structure necessary for the binding
of RC3H1, primary sequence might play a role in RBP recognition and that this topology
appears evolutionarily conserved between these orthologs.

Similar patterns of pCRMI content is observed for noncoding RNA where very few trans-
cripts, with the notable exception of IncRNA and pseudogenes, bear more than 2 to 10
pCRMI, likely due to their average shorter length (Figure 5.5A, Supplemental figure 5.55).
Interestingly, in H. sapiens, one IncRNA, named HELLPAR (length of 205 KB), bears more
than 1000 pCRMI for 42 RBPs (37 of which are species-specific) (Figure 5.5B, 5.5C). When
comparing the pCRMI density observed for each RBP in HELLPAR with the ratio observed
in the complete transcriptome, in motif instances per KB of transcript, we observed that

these highly abundant RBPs are enriched on average 10-fold in HELLPAR (Figure 5.5B).
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HELLPAR is a IncRNA associated with the Hellp syndrome, a rare haematological disease
involving elevated liver enzymes and low platelets in pregnancy [49, 37]. The knockdown of
HELLPAR has been associated with the upregulation of over 1000 genes [49]. Interestingly,
the biological function GO term associated with the 42 RBPs with pCRMI in HELLPAR are
3-UTR-mediated mRNA stabilization and 3’-UTR-mediated mRNA destabilization (FDR
2.76-07 and 2.15-05 respectively). While there is a possibility that most of these pCRMI are
false positives, the abundance of pCRMI of RBPs with similar function suggests a potential
role as an RBP sponge for this IncRNA.
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FIGURE 5.5. LncRNA HELLPAR is highly enriched for multiple motif instances.
A) Histogram showing the combined average percent of IncRNA bearing RBP motif instances binned by
the number of instances they contain (displayed top of each panel). B) Scatter plot showing the number of
instances observed for each RBP, in count per KB, in the IncRNA HELLPAR compared with the number of
instances, in count per KB, observed in the complete transcriptome. RBP with over 1000 motifs instances
observed in HELLPAR are labelled. C) Integrated genome browser screenshot showing the binding sites of
the 8 most abundant motifs human IncRNA HELLPAR. HS : Homo sapiens, CE : Caenorhabditis elegans,
DM : Drosophila melanogaster, DR : Danio rerio, MM : Mus Musculus.

6. Discussion

In the last few decades, RNA-protein interaction has emerged as an important mediator
in post-transcriptional gene regulation, impacting nearly all biological processes. However,

the broad scope of potential RNA targets and specific correlational features of binding sites
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for a wide array of RBPs at a multi-species transcriptome-wide scale remained unknown.
To address this question, we utilized herein a computational pipeline and database to probe
the putative binding position of 223 RBPs in the full set of non-intronic coding and non-
coding transcripts across five species. This global profiling approach, combined with precise
comparative analyses, shows that RBPs exhibit broad variabilities in raw number of puta-
tive instances, transcript distribution and preferred binding structure where each arises on a
gradual continuum and in patterns that appear, at diverse degrees, evolutionarily conserved
whether considering mRNAs or noncoding transcripts.

Profiling of RBPs associated with specific RNAs has been used in several studies, provi-
ding unique insights into their mutual specialization. Highly reliable methods for identifying
the positions of endogenous RNA-protein interactions such as RNP/RNA immunoprecipi-
tation (RIP), cross-linking and immunoprecipitation (CLIP) and their many variations have
recently been exploited to individually explore a wide range of proteins involved in a plethora
of processes |50, 25, 31, 48, 51, 52, 46|. Even with progress and optimization now allo-
wing for high-throughput studies, these are still painstaking and lengthy experiments often
limited by cell lines and tissue specificities or the lack of good antibodies. Other in vitro and
in silico studies have been designed to palliate these limits, however, this usually comes at
the expense of detailed resolution. For example, RNAcompete and RBNS, when taken alone,
are powerful methods to assess the precise binding motifs of an RBP, but does not conserve
environmental context [40, 39, 10, 22, 38|. On the other hand, sourcing from the public
databases of the results gathered from un vitro experiments, many computational frameworks
of all kinds have been developed with the aim of providing a better portrayal of the RBP
binding landscape |29, 17, 33, 34, 14]. However, the studies describing these computatio-
nal pipelines always appear to stop short of utilizing them to systematically describe the
transcriptome-wide features of every available RBP. Here, we harnessed the power of robust
computational prediction based on motifs data coming from in vitro biological experiments
and by further validating our results in human through comparisons with state-of-the-art in
vwo large-scale experimental methods. While previous large-scale profiling of RBP binding
sites has shown their individual landscape in one species, the present study offers one of the
most comprehensive surveys of putative RBP binding sites and revealed that many RBP mo-

tif instances, and their clusters, are likely distributed across species within conserved motif
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environments. Furthermore, the relatively function-unbiased selection of 223 RBPs jointly
profiled across all RNA biotypes demonstrated the power of our approach to expose potential
new functions for RBPs or transcripts of interest.

We found that putative RBP motif instances were vastly and unevenly distributed across
each transcript with some RBPs showing near-ubiquitous binding sites to some being scarcely
observed. Intriguingly, the presence of these binding sites did not readily reflect the actual
expression of its RBP in a given species, and while this may be a possible artefact of the
likely non-negligible false positives inherent to our approach, we hypothesize that it may
be an indicator of short evolutionary distances between the studied species. Moreover, we
noticed a relatively well conserved structural binding preference for motifs with specific
nucleotide enrichments, where G-rich motifs were observed more often in paired regions, while
A-rich motifs were observed more in single-stranded regions, albeit to a less stringent degree.
While this may simply be reflective of the fundamentals of RNA structure where GC-rich
regions have more stable secondary structure, this may also be an indicator of the role played
by structure in the binding recognition of these RBPs where the combination of sequence
and structure, or even structure alone, can be the determining binding recognition factor.
Interestingly, the RBD of the protein did not have an immediate correlation with neither
the sequence nor the structure of the putative binding site. It will be interesting to integrate
non-predictive structural data from novel in vitro binding assays, such as RNAcompete-S,
as they become more available, to further refine the true combination of sequence/structure
bound by each RBP [8].

Our results also provided significant insights relating to the topologies of RBP binding
sites. Indeed, when comparing corresponding mRNA genome coordinates between two species
we found that a large number, up to 59%, of these regions had the potential to be bound by
the same RBP. This was even more striking for noncoding RNA biotypes with up to 86% of
corresponding coordinates sharing a putative binding site for the same RBP. Interestingly,
when the motif instances observed at a given region was different to the syntenic region of
another species, the replacing RBP often has a similar role. This suggests that these regions
are of high importance in the proper function of RNA-RBP interactions. We hypothesized
that the presence, or absence, of such patterns between species is likely a reflection of the

importance of their function. The importance of the positioning of the binding sites is even
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better reflected when studying the presence of repeated motif instances, often separated by
equal intervals. We observed many occurrences where motif instances were positioned as
pairs or triplets, topologies that were usually reflected in orthologs. While there are only a
few orthologs shared between the five species studied, we were still capable of identifying
this feature for the RC3H1 RBP in the INSM1 gene which has orthologs expressed in all
species studied. Interestingly, the distance between two instances of RCSH1 is similar to the
size of the stem loop identified as the binding site. This suggests that a sequence/structure
combination is important for its correct binding. This could be due to this RBP having
multiple liaison sites or it may be combining with other RC3H1 proteins to form a binding
complex.

One important benefit of the unbiased approach, not concentrating on a specific RBP
or RNA biotype, presented here is that it enables the identification of novel potential sites
with hypothetical regulatory activity. As such our results also demonstrated that the IncRNA
HELLPAR, one of the longest noncoding RNAs known with an annotated length over 205 KB,
displays an enrichment, up to 10-fold over the expected ratio, for 42 RBPs. This intriguing
observation makes this IncRNA a prime candidate as an RBP sponge that may influence an
array of biological processes. As this IncRNA with perinuclear expression has been implicated
in a severe disease, it would be interesting to study the mechanistic implications associated
with the defect of this gene on an experimental level.

In conclusion, the computational methodology and derived analysis presented herein of-
fers an efficient approach to comprehensively describe the position of RBP binding sites and
their inherent distribution features. We provide examples on how cumulative analyses of
RBP binding profiles across multiple species can yield novel insights about their interactions
with both coding and noncoding transcripts, including the relative functional importance of
evolutionary conserved patterns of clusters of RBPs and the role of RBP interactions with di-
verse RNA biotypes. As we further profile additional RBPs and species, we suggest that these
emerging patterns and their relationships will allow for better functional and mechanistic
prediction at high resolution. Moreover, we expect that the increasing identification of RBP
features, at scale, will enable researchers to address hypotheses regarding post-transcriptional
gene regulation, RNA processing mechanisms, and even conserved functional roles of groups

of RBPs or transcripts.
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7. Material and Methods

7.1. RBP motif acquisition and motif-finding algorithm

RBP motif instances datasets used were obtained from our oRNAment resource (http:
//rnabiology.ircm.qc.ca/oRNAment/). For a more detailed description of the algorithm
for oRNAment see Benoit Bouvrette et al. [3]. Briefly, we retrieved the data for 223 unique
RBPs in the form of position weight matrices (PWMs) from both RNAcompete and RBNS.
Specifically, we downloaded 218, tallying 172 RBPs, RNAcompete PWMs, from CISBP-
RNA and we derived an additional 235 PWMs, tallying 78 RBPs, by executing the RBNS
computational analysis pipeline with parameters set for identifying 7-mer enrichment on the
RBNS sequencing data available from the ENCODE resource. Our python algorithm, which
establishes the correspondence of a transcript subsequence to a given RBP motif of the same
length, takes as input a motif, in the form of a PWM, and returns the position of the subse-
quences above a given score. Therefore, all motifs in the database are 7 nucleotides in length
and are, as such, comparable. Unless otherwise indicated, standardized motif instance calling
for each RBP was used throughout this study. As such, we defined a threshold independently

for each RBP with a rank score percentile of 50% over all possible scores.

7.2. Retrieving motif scores and transcriptomic position

All data was stored in a Yandex Clickhouse DBMS and all tallying of RBP and transcript

repertoires of motif instances were performed using standard SQL statements.

7.3. Motif instances comparisons and correlations

Annotation data were retrieved from the Ensembl resource. Specifically, Ensembl GTF,
Ensembl GFF files was downloaded from Ensembl and the ensembldb R library was down-
loaded from Bioconductor. Version GRCh38.98, WBcel235.98, BDGP6.22.98, GRCz11.98,
GRCm38.98 for human, worm, fly, zebrafish, and mouse were respectively used for all anno-
tations.

The combination of length annotations was compiled with R. All tSNE, pCRMI/eCLIP

peaks correlations and pCRMI correlations between species with R.
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7.4. GO terms statistical overrepresentation test

GO term enrichments for each set of clustered RBP were obtained with the gene ontology
panther classification system by selecting for biological process with the default relevant

species whole-genome reference lists as background.

7.5. Syntenic coordinates

Transcriptomic coordinated were translated to genomic coordinates with a python script
by first creating a reference file for each species detailing chromosome, exon rank, the exon
start base number and the exon end base number for each transcript isoform and converting
them to a base 1 concatenated list of positions covering the whole exonic transcript. Secondly,
each pCRMI transcript starting position was looked up into this table to establish its genomic
coordinates. Validation was performed by manually loading example data to the UCSC
genome browser and visually comparing each position.

Genomic coordinated between two species were established with the liftover tool
from UCSC. The files hg38ToMml0.over.chain, hg38ToDanRerll.over.chain, and
mml0ToDanRerll.over.chain were downloaded from UCSC. Coordinates were map-
ped for syntenic region by taking all genomic coordinates with a pCRMI from human
and searching for the equivalent position in mouse or zebrafish. The mouse to zebrafish
coordinated was established from the mouse pCRMI genomic coordinates. An R/SQL script
was implemented and executed on the resulting files of syntenic coordinated to retrace

species specific RBP pCRMI from the Clickhouse DBMS.

7.6. Motif PWM comparisons

Standard PWM files were manually converted to MEME Motif Format and motif were
compared individually using pairwise analysis of query motif and target motif with the online

version of the Tomtom motif comparison tool version 5.1.1.
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10. Supplemental Data

TABLE 5.S1. Summary of the overall distribution of transcripts bearing an RBP motif
instance.

H. sapiens C. elegans D. rerio D. melanogaster M. musculus

Coding RNA
Min 0.04539 0.04025 0.04752 0.05352 0.04104
1st Qu 0.68816 0.36300 0.57064 0.51896 0.66246
Median 0.82205 0.64811 0.74979 0.70529 0.81432
Mean 0.77635 0.60537 0.71182 0.68454 0.77199
3rd Qu 0.93493 0.84351 0.90164 0.90598 0.92886
Max 0.99114 0.98942 0.99083 0.99552 0.99086
Noncoding RN A
Min 0.006889 0.003817  0.009566 0.01394 0.006718
1st Qu 0.242290 0.048327  0.221075 0.23533 0.240121
Median  0.388485 0.108451  0.327052 0.37569 0.394261
Mean 0.421544 0.123469  0.342731 0.40500 0.420904
3rd Qu 0.595959 0.170522  0.482842 0.57630 0.607409
Max 0.873539 0.469080  0.812025 0.84951 0.878376
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FIGURE 5.S1. RBPs studied are implicated in a wide range of biological pro-
cesses. Binary heatmap of the biological process gene ontology annotation, with their evidence code, for
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FIGURE 5.S3. Distribution of motif instances for each RBPs within each region
of mRINAS. Circos plots of the relative distributions of RBP motif instances per 1 kilobase within each
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FIGURE 5.S6. RBPs conserved between syntenic regions of three vertebrates ex-
hibits more specific biological processes gene ontologies. Histogram showing 3 biological
process GO terms enrichment for the top 10 RBPs most conserved and 10 RBPs least conserved between
comparable genomic coordinates of coding and noncoding RNA when comparing all three vertebrates or by
pairwise comparison between each species. HS : H. sapiens, DR : D. rerio, MM : M. Musculus.
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Chapitre 6

Discussion générale

Durant les derniéres décennies, le trafic subcellulaire des ARN a été identifié et reconnu
comme une étape importante de la régulation post-transcriptionnelle des génes. Bien que la
localisation des ARN fasse partie intégrante d’une panoplie de processus biologiques et ait un
impact appréciable sur des activités cellulaires polarisées, la prévalence générale de ’asymé-
trie, & I’échelle transcriptomique, demeurait incertaine. De plus, en dépit des connaissances
au sujet de leurs mécanismes médiés par des protéines, les caractéristiques des ARN localisés
ainsi que la topologie de motifs de sites de liaison protéique a grande échelle et de leurs conser-
vations entre espéces étaient inconnues. Pour adresser ces questions, j'ai utilisé des approches
bio-informatiques pour tirer profit de données privées et publiques de fractionnement biochi-
mique et de motifs de protéines liant 'ARN (RBP). Les études antécédentes de localisation
des ARN chez la Drosophile ont établi qu'une majorité (>70 %) de quelque 3000 ARN messa-
gers démontraient des patrons de distribution subcellulaires qui corrélent en partie avec ceux
des protéines qu’ils encodent. De plus, plusieurs autres études in vivo et in vitro ont carto-
graphié les sites de liaison d’'une RBP a I’échelle transcriptomique. Cette thése adresse deux
hypothéses principales, soit qu’il y a une prévalence de différents biotypes d’ARN localisés
chez les cellules cultivées de mouche et d’humain et qu’il y a des topologies de sites de liaison
protéique conservées entre espéces. Les objectifs généraux furent d’identifier la prévalence
et les caractéristiques des ARN asymétriquement distribués en plus de définir des éléments
de séquences pouvant étre impliqués dans la régulation post-transcriptionnelle. En parti-
culier, j’ai premiérement assemblé des collections d’ARN et de protéines asymétriquement
distribuées pour évaluer 'ampleur de la localisation et, deuxiémement, j’ai cartographié 223

protéines liant I’ARN établissant 421 133 612 sites de liaison potentiels chez cing espéces. Mes



études ont ainsi permis, respectivement, de globalement conclure qu'une majorité (>80 %)
des transcrits chez I’humain et la Drosophile sont distribués asymétriquement et que les pro-
téines liant I’ARN montrent des variabilités étalées en gradients continus quant aux nombres
de sites de liaison et a leurs sites de distribution. Mes efforts cataloguant la distribution des
sites de RBP a I’échelle de transcriptome entier (excluant les introns), la premiére étude de la
sorte, ont permis d’observer des tendances distinctives entres biotypes d’ARN. Notamment,
I’ensemble de ces conclusions générales émergent autant lorsque 'on considére soit les ARN
codants soit les ARN non codants et les patrons qui les caractérisent semblent évolutivement
conservés. Tous ces projets ont été réalisés dans le but conjoint d’éclaircir les logiques de

régulation des ARN.

6.1. L’approche CeFra-seq est une méthode & haut débit permettant
d’identifier globalement la distribution subcellulaire des ARN

Nous avons développé 'approche CeFra-seq afin d’étendre la caractérisation des ARN
asymétriquement distribués pour inclure tous les transcrits quantifiables par séquencage a
haut débit. J’ai ainsi pu démontrer que la majorité des ARN ont une distribution asymétrique
et que cette prévalence est observable autant chez les ARN codants que non codants (Chapitre
3). De plus, les ARN hautement enrichis dans une fraction subcellulaire ont des attributs
distincts. Notamment, nous avons constaté que les ARN enrichis dans différentes régions
du cytoplasme présentent des caractéristiques distinctives en terme de longueur totale de
leurs régions codantes et 3’'UTR. Par exemple, la fraction cytosolique est composée plutot
d’ARN plus courts démontrant une complexité d’exons plus faible et des 3’'UTR plus courts,
tandis que les ARN enrichis dans les fractions membranaires et insolubles sont plus longs
et plus complexes. En outre, la présence de patrons de distribution localisées est corrélée
entre compartiments subcellulaires chez les orthologues de 'humain et de la Drosophile ce
qui suggéere que la localisation des ARN est évolutivement conservée. J’ai aussi observé un
étalement de sous-groupes ARNm-protéine montrant une colocalisation ou les modules de
complexes protéiques existent sur un continuum graduel de codistribution avec les ARNm
qui les encodent. Cette étude révele donc que la localisation de 'ARN est répandue et agit
a travers des contraintes discriminantes, identifiant ainsi des machineries protéiques dont le

ciblage intracellulaire est susceptibles d’étre modulé par la traduction localisée.
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Cette méthode a haut débit s’inclut parmi I’ensemble des protocoles permettant 1'iden-
tification de transcrits localisés. Les autres méthodes préalablement établies se basent prin-
cipalement sur l'imagerie. Par exemple, les méthodes d’hybridation in situ suivies de vi-
sualisations par microscopie offrent une résolution plus précise dans ’établissement de la
distribution subcellulaire d'un transcrit [18, 11, 43]. Par contre, ces techniques deviennent
rapidement laborieuses pour déterminer la distribution de plusieurs transcrits et seraient
inenvisageables pour étudier ’ensemble des ARN de plusieurs espéces. Notre méthode de
CeFra-seq présente donc un avantage clair pour estimer la distribution du transcriptome
complet. Par contre, ceci se fait au détriment d’une résolution détaillée. En effet, notre mé-
thode ne permet pour I'instant que le fractionnement cellulaire en quatre fractions, nucléaire,
cytosolique, membranaire, et insoluble. Ces fractions sont le reflet de coefficients de sédimen-
tation de diverses structures subcellulaires obtenues par centrifugations séquentielles. Elles
ne correspondent donc pas a des localités juxtaposées. Les ARN y étant recensés ne sont donc
pas nécessairement spatialement colocalisés, mais démontrent plutot des patrons rudimen-
taires de localisation similaire. Conservant cette approche, il serait intéressant de développer
le fractionnement pour inclure d’autres fractions. Par exemple, les mitochondries et autres
organelles pourraient étre séparées des fractions cytoplasmiques et le noyau pourrait étre
fractionné pour départager le nucléoplasme, ’euchromatine, les nucléoles, et 'hétérochroma-
tine (36, 22|.

Depuis le développement du CeFra-seq, d’autres techniques ne dépendant pas d’un frac-
tionnement cellulaire ont été mises au point dans le but de détecter des ARN localisés et
s’inscrivent dans les directions futures de la recherche transcriptomique. Parmi ces approches
paralléles, celle dite de I'étiquetage d’ARN de proximité (« Proximity RNA labelling ») par
APEX-seq est des plus prometteuse. Cette méthode permet, briévement, d’utiliser 1’ascor-
bate peroxydase APEX2 pour examiner ’organisation spatiale subcellulaire de transcriptome
avec une résolution plus précise [12, 8|. Il serait intéressant d’intersecter les résultats issus
des deux types d’analyses. Ceci permettrait de définir de facon plus robuste ’asymétrie du
transcriptome et du protéome et fournirait de nouvelles perspectives a propos de l'organi-
sation subcellulaire ARN-protéines. En outre, des techniques novatrices monomolécule ou
monocellulaire sont a 'avant plan des technologies futures qui devraient étre considérées

dans les études de régulation post-transcriptionnelle. Certaines de ces méthodes peuvent
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étre effectuées sur des échantillons fixés ou in vivo ce qui permet une visualisation en temps
réel du mouvementent des transcrits [10, 42, 1, 2].

D’autre part, les méthodes de séquengage et les chaines de processus des données utilisées
dans l'approche actuelle du CeFra-seq ont aussi plusieurs limitations. Par exemple, nous
avons séquencé nos échantillons avec le systéme HiSeq 2000 a une profondeur moyenne de
20 millions de « reads », ce qui est raisonnable pour effectuer une lecture simple du niveau
d’expression d’'un ARN moyen, mais qui peut s’avérer insuffisant pour détecter la présence
de transcrits plus faiblement exprimés ou les isoformes distincts de chaque géne. L utilisation
d’un séquenceur plus moderne comme le systéme NovaSeq 6000, pouvant produire jusqu’a 2,5
milliards de « reads », serait une modification simple, mais appréciable dans la quantification
de 'expression localisée de chaque transcrit |27, 34].

En ce qui a trait aux analyses bio-informatiques subséquentes, nous avons effectué 1’ali-
gnement sur un génome de référence avec TopHat et quantifié 'expression différentielle des
transcrits avec DESeq2, les standards établis lorsque ces analyses ont été effectuées, il y
a cinq ans [37, 38, 21|. Des outils d’alignement beaucoup plus précis et rapides, comme
STAR, ont depuis été publiés [5, 6]. D’autres algorithmes dits « alignment-free » ou « quasi-
mapping » comme salmon, sailfish, ou kallisto se sont rapidement montrés supérieures pour
quantifier précisément l’expression au niveau des transcrits, en normalisant pour certains
biais expérimentaux [23, 24, 3|. Par exemple, ces outils pourraient permettre de quantifier
la localisation différentielle d’isoformes d’ARN qui posséderaient des 3’'UTR alternatifs ou
la présence d’un intron retenu qui dicteraient leurs transports [35]. Ce type d’analyse s’est
avéré infructueux avec les jeux de données que nous avons créés et les outils originalement
disponibles tels que rMATS, car ils nécessitent une profondeur de séquencage d’au moins
60-80 millions de « reads » pour distinguer significativement les isoformes [33]. Globalement
intégré, I'ajout de fractions combinées aux nouvelles technologies permettrait certainement
une meilleure caractérisation des échantillons de fractionnement tels que présentés et serait
susceptible de révéler des patrons de distribution sur la composition transcriptomique des
corps cellulaires et sur la maturation des ARN épissés.

L’approche par CeFra-seq que nous avons développée apparait comme une étape préalable
déterminante, car elle permet de filtrer des groupes de transcrits présentant des tendances

de localisation spécifiques communes en les départageant des autres transcrits non localisés.
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De facon importante, les conclusions obtenues par CeFra-seq sont en accord avec les études
antécédentes et I'idée que la plupart des ARN ont un degré de localisation asymétrique. Une
analyse par CeFra-seq peut étre centrale a I’élaboration de listes qui dicteraient les meilleurs
candidats & analyser par différentes méthodes plus précises afin de consolider les conclusions

établies.

6.2. L’élaboration d’une base de données de sites potentiels de liai-
son de protéines liant ’ARN a permis de caractériser leurs pro-
priétés et organisations topologiques chez ’humain et chez des

organismes modéles

Lorsque le projet « oRNAment » fut conceptualisé, aucune ressource centralisée réper-
toriant les motifs de protéines liant 'ARN et leurs sites de liaison n’existait. Pourtant, a
travers les interactions avec la communauté scientifique s’intéressant au sujet, le besoin et
la demande étaient évidents. Depuis les derniéres décennies, une multitude d’informations
furent compilées a propos des protéines de liaison & I’ARN et de leurs cibles. Des efforts cher-
chant & compiler ces informations en une ressource facilement explorable par la communauté
devenaient nécessaires. D’ailleurs, d’autres groupes ont depuis publié des outils semblables,
sans toutefois proposer des solutions précalculées et facilement accessibles a la communauté
scientifique ni des résultats d’analyses a trés grande échelle couvrant des transcriptomes en-
tiers [25, 9, 19]. Durant le processus de recherche et développement de I’algorithme d’iden-
tification d’instance de motifs et de la mise en place de la base de données, I'importance
de l'intégration d’une multitude d’angles, comme la structure, 'annotation de coordonnées,
ou la topologie, se dessinait et plusieurs hypothéses et questions émergérent. Alors qu'un
des buts principaux habituels d'une création de bases de données est d’établir un moyen
pour communiquer la recherche, elle peut aussi servir d’outil de recherche en procurant un
point focal permettant d’établir des liens entre les données. C’est pourquoi, lorsque nous
avons montré efficacité de notre approche sur des données humaines, nous y avons intégré
d’autres espéces modeles. Ceci nous a permis de segmenter le projet pour offrir & la commu-
nauté scientifique, d'une part, une ressource robuste cataloguant les instances potentielles de

sites de liaison RBP dans ’ARN codant et non codant dans diverses espéces en plus d’offrir,
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d’autre part, un outil nous amenant a caractériser le contexte situationnel et les propriétés

de 223 RBP chez cinq espéces.

6.2.1. Fondements d’une base de données essentielle a I’exploration systématique

et a la dissémination de résultats

J’ai développé I'approche oRNAment afin de caractériser la distribution des sites de
liaison connus de protéines liant ’ARN & des transcriptomes complets, excluant les régions
introniques (Chapitre 4). La stratégie employée pour oRNAment repose sur une chaine de
processus en plusieurs étapes. Autant durant la création de l'algorithme de recherche de
motifs que dans ’établissement de la basse de données et de l'interface web, j’ai investigué
différentes approches dans le calcul de similarités entre un motif et une sous-séquence ARN
ainsi que dans les moyens de stocker et d’accéder efficacement a la quantité volumineuse de
données créées. Les recherches pionniéres en ce sens, bien qu’elles s’adressent uniquement
aux questions reliées aux facteurs de transcription, sont nombreuses et ont servi de source
d’inspiration pour le projet [13, 15, 16, 32]. Parmi la panoplie d’algorithmes publiés, une
adaptation de MATCH a été déterminée comme la plus appropriée pour effectuer la recherche
d’instances de motifs [13, 15, 16, 32]. Celui-ci, qui prend en entrée des données sous forme
de matrice poids-position (« position weight matrix » (PWM)), est un des fondements de
JASPAR, une base de données de facteurs de transcription parmi les plus importantes |15,
16, 32|. La question demeurait si des motifs de différents RBP pouvaient étre similairement
cartographiés a 1’échelle transcriptomique en un temps raisonnable.

Afin d’avoir des résultats fiables et représentatifs, il est évident que les données entrantes
doivent étre de haute qualité. Ce critére fut comblé grace a 'obtention de données issues
d’expériences biologiques de RNAcompete et plus récemment de RNA Bind-n-Seq (RBNS),
qui font appel a des approches de sélection de sites in wvitro pour identifier les motifs de
liaison prédominants de quelques centaines de RBP |29, 30, 7, 17|. Ces données molécu-
laires s’avérent précieuses pour la communauté, et plusieurs bases de données furent déve-
loppées pour les exploiter. Par exemple, les ressources CISBP-RNA, RBPmap, ATtRACT et
MotifMap-RNA permettent a un utilisateur d’analyser une séquence d’intérét afin d’identifier
des instances de motifs |25, 9, 19, 31]. Cependant, a ce jour, aucune ressource ne permettait

de visualiser la distribution de ces motifs dans un transcriptome entier. De plus, ces petites
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bases de données sont réguliérement le fruit de développement indépendant faisant en sorte
qu’ils n’adhérent pas nécessairement a des standards communs. Par exemple, les données de
RNAcompete sont publiques et facilement disponibles sous forme de PWM. D’ailleurs, les
ressources similaires & oORNAment reposent uniquement sur celles-ci. Les données provenant
de RBNS, bien que publiques, ne sont pas aussi facilement utilisables. En effet, les motifs
résultant de I'exécution de leurs scripts n’étaient que disponibles sous forme d’image PNG.
Il fut donc nécessaire d’adapter leur code pour qu’il puisse étre exécuté sur les grappes de
Calcul Canada. Ce point faible m’aura donné 'avantage de pouvoir formater les données
issues de I'exécution du script associé au RBNS pour qu’elles soient comparables a celles de
RNAcompete. La base de données oRNAment présente un exemple sur comment de telles
données peuvent étre gérées. La représentation uniforme sous plusieurs formats de toutes les
informations et données accessibles sur le portail oRNAment a été pensée afin d’étre utilisée
par tous les membres de la communauté selon leurs besoins. Par exemple, tous les motifs
sont disponibles pour téléchargement en format PWM et tous les résultats de recherches sont
accessibles non seulement en format Excel, pour une visualisation rapide, mais aussi en CSV
afin d’étre facilement intégrés a des chaines de traitement informatique subséquentes et dans
le format bed, qui permet une interopérabilité avec d’autres ressources telles que le « UCSC
genome browser » ou les outils d’analyses de bedtools [26, 14].

Un élément essentiel dans la production et la valorisation d’une base de données prédic-
tive comme oRNAment tient & sa comparaison et validation des résultats avec des données
issues d’expériences biologiques. Actuellement, oRNAment ne considére que la liaison aux
exons, car les ressources de calcul nécessaires pour analyser les motifs a travers l’espace
des séquences introniques étaient insuffisantes lors de sa création. Par conséquent, j’ai axé
les analyses comparatives entre les sites de liaison prédits par oRNAment et les signatures
exoniques observées par eCLIP [40, 41]. Autrement dit, toutes les validations ont été ef-
fectuées dans les mémes espaces transcriptomique. De fagon importante, j’ai aussi procédé
de la sorte pour les RBP liants préférablement les introns, comme hnRNPC. J’ai observé
dans les données d’eCLIP que prés de 11 % des sites de liaison cartographiés par ce facteur
étaient exoniques. En outre, j’ai observé que ces résultats corrélaient bien entre eux et que
les concordances générales entre oORNAment et eCLIP sont maintenues lorsqu’est considérée

une RBP démontrant une prédominance de liaison exonique ou intronique. Par contre, il est
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important de noter que les données comparatives biologiques obtenues par eCLIP, bien que
méthode étalon, ne sont pas absolues et ont leurs propres limitations majeures. Par exemple,
elles nécessitent des anticorps validés de haute qualité et sont dépendantes du type cellulaire
utilisé. De plus, les outils informatiques permettant l'identification de sites de liaison (« peak-
caller ») peuvent montrer des biais pour les séquences riches en GC. D’ailleurs, les taux de
reproductibilité sont estimés a 60 % [40, 41|. Un autre facteur important a considérer est
que les motifs décrits par les analyses biologiques distinctes comme RNAcompete, RBNS et
eCLIP ne concordent pas forcément et peuvent méme étre considérablement variables. En
outre, il est aussi important de souligner que les motifs de liaison identifiés par RNAcompete
et RBNS ne sont pas nécessairement ceux que la protéine manifeste dans tous les contextes
cellulaires. En effet, les sites de liaison réels peuvent étre influencés par le milieu cellulaire
de différentes facons. Par exemple les liaisons ARN-protéine peuvent étre modulées par des
modifications post-traductionnelles sur la protéine, la présence de partenaires synergiques, la
compétition pour les sites de liaison par d’autres protéines ou des caractéristiques des ARN
telles que leur structure secondaire ou la présence de sites édités. Finalement, toutes les
analyses comparatives ont été effectuées en conservant le motif prédit selon le seuil maximal
pour oRNAment et le seuil publié pour le eCLIP. Ces seuils étant inévitablement subjectifs,
I'utilisation de valeurs différentes se serait soldée par des estimations variables de la fiabilité
des prédictions. Il est manifestement impossible, dans un temps raisonnable, d’optimiser ces
valeurs pour chacun des RBP individuellement. Ces faiblesses devraient étre considérées lors
de l'interprétation de la validation de l'exactitude et de la précision des prédictions. Nous
postulons que dans certains cas, les prédictions fournies par oRNAment peuvent étre plus
fiables que les données eCLIP o plusieurs instances de motifs potentiels pourraient émerger
a la suite d’expériences effectuées dans d’autres modeéles cellulaires. Une intégration com-
parative et cohérente de toutes les méthodologies biologiques et informatiques définissant
des motifs de RBP constituerait une tache monumentale, mais s’avérerait certainement une
source d’information profitable pour la communauté.

La compilation des procédés formant oRNAment forme une ressource intégrée centrale
qui sert a la fois & stocker des données & propos des sites potentiels de liaison de protéines

liant ’ARN et a conserver de nombreux types d’informations différents caractérisant une
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panoplie de propriétés connexes. Je présente ainsi la premiére ressource de recherche d’ins-
tances de motifs non seulement basée sur des seuils individuels pour chaque protéine, mais
qui offre aussi la structure prédite, qui permet une recherche selon plusieurs facettes et qui est
complémentée par une analyse biologique comparative. De plus, la ressource oRNAment est
« transcrit-centrique » ce qui implique que deux transcrits, pouvant étre de biotype diftérent,
mais partageant les mémes coordonnées génomiques, seront clairement décris de facon dis-
tincte. Puisqu’il est envisageable qu’une protéine lie cette sous-séquence dans les différents
transcrits, ceci démontre bien l'utilité de la base de données pour un utilisateur désirant
étudier, par exemple, 'effet éponge de certains types d’ARN.

Il serait intéressant d’ajouter quelques fonctionnalités a une version prochaine de
oRNAment. Par exemple, RBNS fut congu & partir de séquences de 150 nucléotides afin
de conserver la structure locale & proximité du site de liaison. Lorsque j’ai exécuté le code
pour RBNS, je me suis assuré de produire systématiquement ces données. Les données
prédites structurales sont donc disponibles pour les 78 RBP provenant de RBNS. Il serait
certainement profitable d’en faire usage. De plus, une approche optimisée de RNAcompete,
nommée RNAcompete-S, qui intégre les informations structurales dans l'identification de
sites de liaison a été proposée depuis la création de oRNAment [4]|. La prochaine version
pourrait donc inclure non seulement une recherche de similarité entre un PWM et une
sous-séquence, mais aussi entre deux structures prédites. Pour I'instant seule RNAforester,
de la suite ViennaRNA, permet d’aligner ainsi deux structures [20]. Malheureusement, cet
algorithme ne semble pas pouvoir étre facilement mis a 1’échelle pour étre exécuté sur une
quantité aussi importante de données. Une telle adaptation est non triviale. Par contre,
développer un tel algorithme résulterait en une meilleure résolution de la prédiction des sites
de liaison, car elle permettrait d’éliminer plusieurs faux positifs et ajouterait une distinction
possible entre les RBP liant préférentiellement la séquence ou la structure d’un transcrit. Il
serait aussi digne d’intérét d’exécuter oRNAment sur le transcriptome d’autres espéces et
sur des génomes ancestraux prédits. Ceci permettrait d’établir I'histoire évolutive compléte
des gains et des pertes de motifs de RBP et apporterait un éclairage et un nouvel angle sur

leur importance.
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6.2.2. La cartographie a ’échelle transcriptomique d’un grand nombre de pro-
téines liant PARN chez plusieurs espéces permet de faire émerger des

notions déterminantes de la biologie des ARN

J’ai mis a profit les données cataloguées par oRNAment afin de caractériser les sites de
liaison potentiels d'un large éventail de RBP et établir leur conservation évolutive entre cingq
espéces (Chapitre 5). Grace a cette approche de profilage globale, combinée a des analyses
comparatives précises, j'ai démontré que les RBP présentent de grandes variabilités quant
a leur nombre de sites de liaison potentiels dans différentes régions d’'un ARN codants et
chez divers types d’ARN non codants. J’ai aussi démontré que certaines RBP ont des sites
de liaison dans des régions structurées ou non structurées de facon prédominante. L’analyse
effectuée chez cinq espéces a permis de démontrer que ces patrons de distribution y sont ob-
servés de fagon similaire. D’ailleurs, le nombre global de sites potentiels de liaison observés
pour chaque type d’ARN non codant ou pour chaque région d'un ARN codant montrent des
corrélations générales entre les espéces. De plus, des analyses approfondies de la conserva-
tion et de la divergence des motifs positionnés & des coordonnées génomiques comparables
entre espéces montrent que prés de 50 % des sites de liaison potentiels pour un RBP ont
une correspondance pour le méme RBP au site orthologue. Distinctement, certains sites de
liaison potentiels ont, au contraire, une divergence de RBP au site orthologue, suggérant une
compensation permettant une préservation de la fonction. En outre, plusieurs ARN codants
présentent des instances multiples de la méme RBP, instances qui peuvent étre espacées de
facon réguliére et qui peuvent étre conservées entre orthologues. Finalement, j’ai démontré
le potentiel de 'approche oRNAment pour identifier de nouvelles fonctions pour des RBP
ou des ARN d’intérét en démontrant que 'ARN non codant HELLPAR est fortement en-
richie en sites de liaison potentiels pour une panoplie de RBP, lui conférant une fonction
présumée d’éponge. L’ARN long non codant HELLPAR est associé au syndrome de Hellp,
une complication émergeant durant la grossesse et qui est caractérisée par une hémolyse, une
élévation des enzymes hépatiques et une faible numération plaquettaire [28, 39|. Puisque
HELLPAR contient un enrichissement de sites de liaison pour des RBP impliqués dans la
stabilisation des ARN, il serait intéressant d’étudier de fagon expérimentale les implications

mécanistiques associées a un défaut de ce géne. Cette étude révéle donc une approche efficace
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pour décrire de maniére compléte la position des sites de liaison potentiels de RBP ainsi que
leurs caractéristiques de distribution inhérentes.

La combinaison de chaines de processus et de bases de données pouvant gérer de large
quantité de données proposée par oRNAment s’inclut parmi ’ensemble des méthodes per-
mettant l'identification de sites potentiels de liaison ARN-protéine et leur diffusion. Ces
méthodes sont décrites en détail & la section 6.2.1. De facon surprenante, les études propo-
sant des approches bio-informatiques pour identifier des sites de liaison semblent toujours
omettre de les utiliser non seulement pour décrire systématiquement les sites de liaison poten-
tiels, mais aussi pour faire I’étude des interactions ARN-protéine chez une variété d’espéces.
L’approche oRNAment a donc I'avantage de s’inscrire plutdt parmi les études biologiques,
comme ’eCLIP, profilant & grande échelle des sites de liaison des RBP et décrivant leur
contexte individuel chez une espéce [40, 41|. L’étude comparative proposée a partir de la
base de données oORNAment est donc la premiére a offrir une analyse compléte a propos des
sites potentiels de liaison RBP entre espéces. Ceci m’a procuré ’avantage claire de pouvoir
effectuer une analyse de la conservation et de la divergence de la présence de sites de liaison
entre orthologues afin d’établir une certaine histoire évolutive. Par contre, cette étude se
base uniquement sur des données prédictives et a inévitablement un taux non négligeable
de faux positifs. J’ai cependant pu établir qu’il y a une correspondance adéquate avec des
données biologiques. Conservant cette approche, il serait intéressant de développer 1'étude
comparative en se basant, en plus des données oRNAment, sur des données d’autres types
de CLIP effectués chez ’humain et des espéces modéles pour inclure un plus grand ensemble

de données provenant d’expérimentations biologiques [44].
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Chapitre 7

Conclusion et perspectives

La recherche présentée dans cette thése relate le développement, a ’échelle transcrip-
tomique, d’approches novatrices dans la caractérisation systématique de, premiérement, la
distribution asymétrique des ARN par CeFra-seq et, deuxiémement, la distribution de sites
potentiels de liaison ARN-protéine par oRNAment. J’ai ainsi démontré comment des ap-
proches bio-informatiques originales permettent la synthése de données biologiques a grande
échelle et apporte de nouvelles perspectives sur la localisation des ARN. J’ai aussi démontré
comment des données de sites de liaison de protéines peuvent étre organisées et intégrées
pour accroitre notre compréhension a propos de notions déterminantes de la biologie des
ARN. Les approches développées et détaillées dans cette theése, soit une méthode d’analyse
d’estimation de la prévalence générale de 'asymétrie des ARN et une base de données de sites
potentiels de liaison de protéines liant I’ARN ont été mises a la disposition de la communauté
scientifique et seront sans doute utiles pour des études futures.

Il reste encore beaucoup de travail a faire et mes recherches ne représentent qu’une infime
partie des efforts nécessaires dans la compréhension de la régulation post-transcriptionnelle.
Parmi les directions futures que pourrait prendre la recherche transcriptomique, il serait inté-
ressant d’utiliser 'approche CeFra-seq dans des contextes de perturbation pour comprendre,
par exemple, I'impact d’un stress ou d’une déplétion de facteurs RBP sur la distribution du
transcriptome.

De plus, il serait certainement profitable d’améliorer oRN Ament en modifiant I’algorithme
afin qu’il soit assez efficace pour pouvoir inclure dans ’analyse toutes les séquences intro-
niques de chaque espéce. De plus, il sera important d’intégrer les nouveaux motifs de RBP

a mesure qu’ils seront identifiés ainsi que d’exécuter le script sur une plus grande variété



d’espéces. Ensuite, il serait intéressant de développer les analyses de topologies de motifs
afin d’y inclure plusieurs RBP et I’ensemble de leurs combinaisons possibles. En outre, il
serait incontournable d’ajouter un angle régulatoire qui évaluerait la distribution de motifs
de protéines avec des fonctions connues. Il serait possible de contraster les sites de liaison de
protéines avec des données publiques variées telles que des sites de liaison de miRNA ou des
analyses d’expression différentielle suite & une déplétion d’'une RBP par RNAi. Finalement,
la combinaison des données de CeFra-seq et de oORNAment pourrait permettre d’identifier des
ARN localisés possédant des enrichissements de sites de liaison pour un ou des sous-groupes

de RBP ce qui apporterait de nouvelles perspectives sur les logiques de régulation des ARN.
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